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1 INTRODUCTION

Imagine you want to start a burrito truck business. A survey of the city gives you an estimate of roughly
how much demand to expect from each neighborhood, and you know how much it costs you to produce one
burrito, for how much it sells, and how much it costs to buy one food truck. Each truck captures an amount of
demand which depends on its proximity to the respective neighborhoods. In order to maximize your profit,
you must strike some balance: if you buy more trucks, you capture more demand, but also incur more costs.
Of course, not just the number of trucks, but even more their placement matters. Moreover, the situation may
develop over time, and you may want to move your trucks (after all, they can drive) to respond to changes
in demand. (An interested reader may try their skill in the cute and educational Burrito Optimization Game
at https://www.gurobi.com/burrito-optimization-game/.)

This is one of a myriad of problems which broadly fall into an area called Operations Research!. Precisely
because there are so many optimization problems, each usually with several variants (e.g., if we were placing
factories instead of trucks, we would not be able to move them around easily as demand changes), attention
has historically focused on certain meta-problems or optimization paradigms which are capable of modeling
a wide range of real-world applications. One of the most important of these is the Integer Programming
problem, which is the main subject of this thesis.

In an integer program, a solution is described by a vector of variables, each of which can take only integer
values. For example, in our burrito truck problem, we may have a variable x,, for each possible location p
of a truck, and x;, would equal 1 if a truck is placed at location p and 0 otherwise. Which solution is or is
not feasible is described by a system of linear inequalities. In our example, allowing only the values 0 and
1 for the x, variables can be achieved by introducing the inequalities x, > 0 and x, < 1 for each p € P,
where P is the set of all possible locations. (If we allowed for fractional values of x,, we would be in the
realm of linear programming, which is a much more tractable problem.) Maybe we do not have the capacity
to manage more than 5 trucks; then we would enforce 3. ,cp xp < 5. Finally, the goal of the optimization (in
our case, maximizing profit) is described by an objective function which is to be minimized or maximized.
Expressing profit based on the selected truck locations is a bit more involved, but can be done using the
linear inequalities and additional variables.

Clearly, integer programming is a very general paradigm, capable of capturing many real-world problems.
There is thus great interest both in practically efficient algorithms as well as in getting a solid theoretical
understanding of the problem. Computational complexity theory is the branch of computer science which
studies the inherent difficulty of computational problems, and it is the lens which we will use. The most basic
distinction in computational complexity is between problems which can be solved in polynomial time and
those which likely cannot. (The “likely” part of the previous sentence is the heart of the famous P # NP
problem.) Already since the *70s, it is known that integer programming falls into the second group and a
universally effective algorithm for it is unlikely to exist.

As such, much effort has been dedicated to identifying conditions as broad as possible under which integer
programming can be solved efficiently. One group of conditions studied since the very beginning of computer
science are programs in which the matrix of coefficients of the inequalities has a block structure, for example,
where deleting a few rows or few columns results in a matrix which is block-diagonal. A stream of papers by
experts in Operations Research published between roughly 2000-2015 has shown increasingly general and
effective algorithms for block-structured integer programs.

This thesis is about how we have unified, further extended, generalized, and popularized this line of study
by connecting it to other areas of theoretical computer science (and the respective communities) such as
parameterized complexity and graph and matroid theory. The result of our work is not only in more effective
algorithms for much more general classes of integer programs, but also in a much clearer understanding of
the boundaries of efficiency, and the true underlying reasons for them.

1We omit references in this first page of the introduction to keep its flow natural and uninterrupted. The remainder of the thesis is fully
referenced, and all references that would have appeared in these first few paragraphs do appear in the later parts of the thesis.
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1.1 Integer Programming

Formally, the integer programming problem is
min{f(x) | Ax=b,1<x <y, x€ 2"}, (IP)

with A an integer m X n matrix, f : R® — R a separable convex function, b € Z™, and Lu € (Z U {£oo})™.
(IP) is well-known to be strongly NP-hard (shown by Karp [71]) already in the special case when f(x) = wx
is a linear objective function for some vector w € Z":

min{wx | Ax=b,1<x<u,xe€Z"}. (ILP)

Despite this, it can be often solved efficiently in practice and has become a central optimization paradigm
in many application domains, e.g., problems related to planning [106, 109], vehicle routing [104], process
scheduling [38], packing [84], and network hub location [1]. To get a feeling for the breadth of the applica-
bility of (IP), one can for example visit the Case Studies? page of the Gurobi solver.

Because of its importance, (IP) has been studied from many perspectives, including heuristics [47], or
practical methods such as cutting planes [86], branch-and-cut [112, Section 9.6], etc. We are interested in
identifying broad subclasses of (IP) which can be solved to exact optimality efficiently. To do so, we take
the perspective of parameterized complexity [20]: given an instance with encoding length L, we want to
understand how the running time of an algorithm scales with the size of the input L and with some additional
parameter k of the instance. An algorithm is said to be fixed-parameter tractable (FPT) if its running time
is bounded by g(k)poly(L) for some computable function g. A problem which is W{[1]-hard parameterized
by k is unlikely to admit an FPT algorithm, and in this case, one seeks the weaker notion of a slice-wise
polynomial (XP) algorithm, whose complexity is bounded by L), Note that the FPT vs. XP difference
provides a finer distinction between algorithms which are both “polynomial for fixed k”, a common claim
in the literature, and indeed an important part of our work (not covered here) has been deciphering which
algorithms in the literature are FPT, and which are (only) XP [44]. A problem is unlikely to admit an XP
algorithm if it is para-NP-hard, meaning that it is NP-hard already for some constant value of the parameter.
Another important notion is that of a strongly polynomial algorithm, which is an algorithm that makes a
number of arithmetic operations independent of the magnitude of numbers on input; in the case of (IP), this
means that the number of arithmetic operations is bounded by a function of n only.

Before moving on to the tractable classes of (IP) studied by us, let us briefly mention three other important
“islands of tractability” studied in the literature. Already in 1956, Hoffman and Kruskal [62] have shown that
if A is totally unimodular, that is, all of its subdeterminants are between —1 and 1, then (ILP) coincides with its
continuous relaxation. Combined with the polynomiality of linear programming, this implies that (ILP) can
be solved in polynomial time when A is totally unimodular. A natural generalization of totally unimodular
matrices are A-modular matrices, whose subdeterminants are between —A and A for some fixed A. Artmann
et al. [3] have shown that (ILP) is strongly polynomial when A is 2-modular, and other partial results are
known [37, 49, 89], but the question of whether (ILP) with a A-modular matrix is FPT parameterized by A
remains open.

A different tractable class of (IP) is formed by instances with a small number n of variables, as first shown
by Lenstra [83]. His algorithm was subsequently improved by Kannan [68] and generalized by Grétschel,
Lovéasz, and Schrijver [119] to optimize any convex function over the integers contained in any convex
set. The state-of-the-art is due to Reis and Rothvoss [98] who have shown that (ILP) can be solved in time
(log n) 2™ poly(L); the important question whether an algorithm with complexity 20 poly(L) exists re-
mains open.

About the same time as Lenstra’s result, Papadimitriou [94] has shown that the textbook dynamic pro-
gramming algorithm for KNAPSACK can be generalized to (ILP), achieving complexity (m||A||oo)0(m2)poly(L).
This is FPT parameterized by the combined parameter ||A||o + m, that is, when A has few rows and small
coefficients in absolute value.

2https://www.gurobi.com/case_studies/
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Fig. 1. On the left, a schematic multi-stage with three levels is presented. On the right, a schematic tree-fold with 4
layers is pictured. All entries within a rectangle can be non-zero, all entries outside of the rectangles must be zero.

1.2 Block-structured Integer Programs

Our main contribution is in a systematic and thorough study of algorithmic aspects of block-structured (IP).
We have unified a stream of research spanning over two decades and present here time complexity improve-
ments, gneralizations to wider classes, and complementary lower bound results. Besides the results contained
in this thesis, we have also shown how our improved algorithms can be used to obtain efficient algorithms
for problems in scheduling, stringology, graph theory, and computational social choice [34, 44, 74-79, 81].
The purpose of this section is to introduce the classes of block-structured IPs which we study in this thesis,
and briefly explain the motivation and history of their study. Our point of departure are two classes of block-
structured integer programs: n-fold and 2-stage stochastic IPs. A matrix A" is n-fold with blocks A;, A, if
it has the form
A A - A
A
Al — A, (1)

Ay

for A; € Z™" and A, € Z%*!. To be precise, the above may be called a “uniform” n-fold matrix, as opposed to
a “generalized” n-fold matrix in which the blocks may differ. We choose to deal with the uniform case here
because a) it simplifies exposition, b) all presented results developed for the uniform case can be carried over
to the generalized case (with one well-justified exception at the end), and, ¢) qualitatively and with respect
to the relevant parameterizations (again, with one exception), the uniform case is without loss of generality,
because the generalized case can be reduced to the uniform case by suitable encoding tricks. On the other
hand, we should note that the general case is more appropriate when dealing with applications.

A 2-stage matrix B™ is the transpose of an n-fold matrix, i.e.,
A Ay
B(n) = : ) , (2)
Ay A,

We will also consider generalizations of both classes, so called tree-fold and multi-stage stochastic IPs,
whose matrices have a recursive structure. For example, a tree-fold matrix has the form (1), except each
block Aj is itself a tree-fold matrix. For a schematic depiction, see Figure 1



1.3 N-fold Integer Programming

N-fold (IP) was introduced under this name by De Loera et al. [24] in 2008, but programs of this form have
appeared in the literature much earlier. The transportation problem, which asks for an optimal routing from
several sources to several destinations, has been defined by Hitchcock [58] in 1941 and independently studied
by Kantorovich [69] in 1942, and Dantzig [21] showed how the simplex method can be applied to it in 1951.
The transportation problem may be seen as a table problem where we are given m row-sums and n column-
sums and the task is to fill in non-negative integers into the table so as to satisfy these row- and column-
sums. A natural generalization to higher-dimensional tables, called multiway tables, has been studied already
in 1947 by Motzkin [88]. It also has applications in privacy in databases and confidential data disclosure of
statistical tables, see a survey by Fienberg and Rinaldo [36] and the references therein.

Specifically, the three-way table problem is to decide if there exists a non-negative integer [ X m X n
table satisfying given line-sums, and to find the table if there is one. Deciding the existence of such a table
is NP-complete already for I = 3 [25]. Moreover, every bounded integer program can be isomorphically
represented in polynomial time for some m and n as some 3 X m X n table problem [26]. The complexity
with [, m parameters and n variable thus became an interesting problem. Let the input line-sums be given by
vectors u € Z™, v € Z" and w € Z"". Observe that the problem can be formulated as an (IP) with variables
x;'.Jk fori € [n], j € [m] and k € [I], f = 0, and the following constraints:

n
Zx;skzuj,k Vje [m] ke [1],
i=1
m
PR Vi e [n],k € [1],
=1
1
ijl.’k =w; Vie [n],j e [m],
k=1
x>0
Written in matrix form, it becomes Ax = b, x > 0 with b = (u, v}, w!, v, w? ..., v", w"), I, the k x k, k € N,

identity matrix, 1 the all-ones vector of dimension k € N, and with

Iml Iml to Iml I o I
J 1,
A= J , where | = ) g grm)xml

J i
Here, J has m diagonal blocks 1; and A has n diagonal blocks J. Thus. A can be viewed either as an n-fold
matrix, or as a tree-fold matrix with 3 levels.

A different implicit appearance of the n-fold structure is in the famous® 1961 and 1963 papers by Gilmore
and Gomory [45, 46] on solving the CUTTING STOCK problem. Their work has been essential in regards to
fundamental notions like column generation, cutting planes, and the Configuration LP, whose depiction from
the 1963 paper [46] appears in Figure 2. It is clear that the presented matrix is n-fold, and we will return to
it in Section 3. In fact, the significance of the n-fold structure in packing and scheduling problems seems to
have been lost until a brief mention in the paper introducing n-fold IP [24], and has only been taken up in
earnest [13, 14, 51, 65, 66, 73, 75, 76] in the wake of our paper from 2018 [74]. Let us now briefly describe this
connection.

The problem of uniformly related machines makespan minimization, denoted Q||Cpax in the standard no-
tation, is the following. We are given m machines, each with speed 0 < s; < 1, and n jobs, where the j-th

30ver 2,800 and 1,700 citations, respectively, according to Google Scholar, at the time of submission.
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Fig. 2. A figure from “A Linear Programming Approach to the Cutting-Stock Problem—Part 11” by Gilmore and Go-
mory [46] depicting the Configuration LP (not yet under this name) of the “Machine Balance Problem”.

job has processing time p; € N and processing it on machine i takes time p;/s;. The task is to assign jobs
to machines such that the time when the last job finishes (the makespan) is minimal, i.e., if M; is the set of
jobs assigned to machine i, the task is to minimize max;em] 2. jepm, pj/Si- The decision version of the problem
asks whether there is a schedule of makespan Crax € R. We consider the scenario when pp. = max; p; is
bounded by a parameter and the input is represented succinctly by multiplicities ny, ..., n,,. of jobs of each
length, i.e., n, is the number of jobs with p; = ¢. Letting x; be a variable representing the number of jobs of
length j assigned to machine i, Knop and Koutecky [74] give the following n-fold formulation:

xj = nj V] € [Pmax]’ (3)

D% < Lsi - Conas] Vie [m] . )
=1
Constraints (3) ensure that each job is scheduled on some machine, and constraints (4) ensure that each
machine finishes before time Cpay. This corresponds to an n-fold formulation with A; = I, and A, =
(1,2,..., pmax) and with [[A™ || = prax.

Another scheduling problem is finding a schedule minimizing the sum of weighted completion times 3, w;C;.
Knop and Koutecky [74] show an n-fold formulation for this problem as well, in particular one which has a
separable quadratic objective. In the context of scheduling, what sets methods based on n-fold (IP) apart from
other results is that they allow the handling of many “types” of machines (such as above where machines
have different speeds) and also “non-linear” objectives (such as the quadratic objective in the formulation for
Z w jC j)'

Another field where n-fold (IP) has had an impact is computational social choice. The problem of BRIBERY
asks for a cheapest manipulation of voters which lets a particular candidate win an election. An FPT algo-
rithm was known for BRIBERY parameterized by the number of candidates which relied on Lenstra’s algo-
rithm. However, this approach has two downsides, namely a time complexity which is doubly-exponential in
the parameter, and the fact that voters have to be “uniform” and cannot each have an individual cost function.
Knop et al. [79] resolved this problem using n-fold (IP) by showing a single-exponential algorithm for many
BRIBERY-type problems, even in the case when each voter has a different cost function.

Lastly, the Dantzig-Wolfe decomposition [22] is an algorithm for solving linear programs with an n-fold
structure which decomposes the problem into a master problem and a series of subproblems corresponding



to the individual blocks. One important example of a problem which can be solved by this method is the
MurTticommoDpITY FLow problem, where the matrix A; of each block corresponds to the incidence matrix of
an input graph G, and the matrix A; is the identity matrix. In this way, the “coupling constraints” defined by
the blocks A; ensure that the total flow, summed up across all commodities, does not exceed the capacity of
any edge.

1.4 2-stage Stochastic Integer Programming

The motivation for the study of 2-stage stochastic matrices comes from decision making under uncertainty.
Here, one is asked to make a partial decision in a “first stage”, and after realization of some random data, one
has to complete their decision in a “second stage”. The goal is minimizing the “direct” cost of the first-stage
decision plus the expected cost of the second-stage decision. Random data are often modeled by a finite set
of n scenarios, each with a given probability. Assume that the scenarios are represented by integer vectors
bl,...,b" € Z, their probabilities by py,...,p, € (0,1], the first-stage decision is encoded by a variable
vector x° € Z", and the second-stage decision for scenario j € [n] is encoded by a variable vector x/ € Z°.

Setting x := (x%,x},...,x") and b := (b',...,b") then makes it possible to write this problem as
n Al AZ
min WOXO + Z /). RNy — r+ns (n) _| - .
pjw'x): BWx=b,1<x<u xe€Z™, where B =] : . , (5)
= Aq Az

with A; € Z", Ay, € Z', and L,u € Z™" some lower and upper bounds. Problem (5) is called 2-stage
stochastic (IP) and finds many applications in various areas, see [9, 57, 67, 96, 99] and references therein.

Similarly to the Dantzig-Wolfe decomposition method for problems with an n-fold structure, a decompo-
sitional method for problems with a 2-stage structure has been introduced by Benders [6] in 1962. Where
Dantzig-Wolfe introduces new columns in each iteration (leading to “column generation”), Benders intro-
duces new rows (leading to “row generation”). We should note that both decompositional methods have
been originally introduced for continuous problems. Still, for both Dantzig-Wolfe [107] and Benders [103] a
generalization to the (mixed) integer cases have been studied.

Integer programs with block structure have also been the subject of at least two habilitations, that of
Martin [87] and Nowak [91], which contain many other interesting and relevant references. This thesis differs
by taking a more theoretical perspective, in particular through the lens of parameterized complexity.






2 (STRONGLY) FIXED-PARAMETER TRACTABLE ALGORITHMS FOR (ILP) AND (IP)

This section is based on the papers [H1] and [H2]. Note that even though [H1] has been published in
2018 and [H2] only in 2024, all the results have been obtained in 2017-2018 and both logically as well as
chronologically precede the papers [H3]-[H8].

2.1 State of the Art in 2018

The developments regarding parameterized complexity of block-structured IPs until 2018 were as follows.
Whenever we talk about FPT algorithms in this section, the parameter is the largest coefficient in absolute
value ||A||l, and the sizes of the blocks composing the block-structured matrix at hand. The key notion
behind most of the results reviewed here is the Graver basis of the matrix A, G(A), which is the set of non-
zero integer vectors g satisfying Ag = 0 that cannot be decomposed into two non-zero integer vectors with
the same sign-pattern (i.e., belonging to the same orthant) satisfying the same equation. These Graver basis
elements are thus called indecomposable, irreducible, or conformal-minimal. The Graver basis allows a simple
iterative augmentation procedure: given a feasible solution x, either x + g for some g € G(A) is feasible and
improves the objective function, or x is already optimal.

2-stage and multi-stage stochastic (IP). Already in 2003, Hemmecke and Schultz have shown that 2-stage
stochastic (IP) is FPT [56], although this FPT bound was not explicit. At the heart of their algorithm is
the following finiteness result about G(A). For a number n, 2-stage stochastic matrix B and a vector
x = (x%x1,...,x"), call the subvector x° the global brick, and the subvectors x?, ..., x" the local bricks. Then,
there exists a number n, such that for every n > ny, the set of possible global and local bricks that appear in
any g € G(B™) is fixed and independent of n. Moreover, they provide an algorithm to compute this finite
set of bricks. A simple branching algorithm then allows one to “guess” the global brick, compute, for each
block, the optimal “matching” local brick, and in this way find an optimal Graver basis element. Combining
this with the iterative augmentation procedure then yields an FPT algorithm. (This algorithm may take a
long time to converge, but improving convergence is a separate and independent topic which we leave aside
for now.) Since the aforementioned finiteness result is obtained by a saturation argument [85] and does not
provide an explicit upper bound, there was no explicit upper bound on the complexity of the algorithm.
This result, using an analogous technique, was extended to multi-stage stochastic (IP) by Aschenbrenner and
Hemmecke [4].

N-fold and tree-fold (IP). The story was more complicated for n-fold (IP). Call the subvectors x!, ..., x" of
an nt-dimensional vector x bricks. N-fold (IP) has been introduced by De Loera et al. [24] in 2008, and it is in
this paper where the fundamental structural result about G(A™) has been stated: the number of non-zero
bricks of any g € G(A™) is independent of n, and so are their values. The arguments needed for this claim
have been already developed in 2003 (by Santos and Sturmfels [100]) and 2007 (by Hosten and Sullivant [63]).
A particularly ingenious trick appears in the paper by Santos and Sturmfels [100], where they show that the
structure of the Graver basis of G(A™) can be understood through what is essentially the Graver basis of
the Graver basis of Az: G(A1G(Az)). Quoting from [100], “The phrase ‘the Graver basis of the Graver basis’ is
not a typo but it is the punchline”.

Still, the 2008 algorithm of [24] only had complexity n9(4142) poly(L), where g is some computable function,
so thisis an XP, not FPT, algorithm. A breakthrough was achieved by Hemmecke, Onn, and Romanchuk [55]
in 2013, where they combined the ideas from [24] with a KNApsAck-like dynamic programming algorithm (in
the spirit of Papadimitriou [94]) to obtain a first FPT algorithm for n-fold (IP). This algorithm was highlighted
in the textbook of Downey and Fellows [28], and it attracted much attention after we have shown its wide
applicability in scheduling [74], computational social choice [79], and other areas [78]. Spurred by these
results, Chen and Marx [13] have introduced tree-fold (IP) in early 2018, and have shown that it is FPT as
well.

Graph Parameters. The notion of sparsity has enjoyed tremendous success in graph theory [90, 95], and it
is natural to ask about its applicability to (IP). We focus on two graphs which can be associated with A:



o the primal graph Gp(A), which has a vertex for each column and two vertices are connected if there
exists a row such that both columns are non-zero, and,
e the dual graph Gp(A) = Gp(AT), which is the above with rows and columns swapped.

Two standard parameters of structural sparsity are the treewidth (measuring the “tree-likeness” of a graph)
and the more restrictive treedepth (measuring its “star-likeness”). We focus on the latter here: the treedepth of
a graph G denoted td(G) is the smallest height of a rooted forest F such that each edge of G is between vertices
which are in a descendant-ancestor relationship in F. The primal treedepth of A is tdp(A) = td(Gp(A)), and
analogously the dual treedepth of A is tdp(A) := td(Gp(A)). We will not define treewidth, but we shall denote
the treewidth of Gp(A) and Gp (A) by twp(A) and twp (A), respectively, and we note that bounded treedepth
implies bounded treewidth but not vice versa.

It follows from Freuder’s algorithm [40] and was reproven by Jansen and Kratsch [64] that (IP) is FPT
parameterized by the primal treewidth twp(A) and the largest variable domain ||u —1||. Regarding the dual
graph Gp (A), the parameters tdp (A) and twp(A) were only recently considered by Ganian et al. [43]. They
show that even deciding feasibility of (IP) is NP-hard on instances with tw;(A) = 3 (tw;(A) denotes the
treewidth of the incidence graph; twi(A) < twp(A) + 1 always holds). Furthermore, they show that (IP) is
FPT parameterized by tw;(A) and parameter I', which is an upper bound on any prefix sum of Ax for any
feasible solution x. Dvofak et al. [29] introduce the parameter fracture number. Having a bounded variable
fracture number p¥ (A) implies that deleting a few columns of A breaks it into independent blocks of small size,
similarly for constraint fracture number p€ (A) and deleting a few rows. Having a bounded p" (A) is essentially
equivalent to having a generalized n-fold structure, and similarly having a bounded p©(A) corresponds to A
being a generalized 2-stage stochastic. Indeed, the algorithms presented by [29] are based on reducing the
problem to the n-fold and 2-stage cases and applying the algorithms reviewed above.

2.2 Unified Approach and Treedepth

Denote by (A, f,b,1,u) the binary encoding length of an (IP) instance. (We define the encoding length of
f to be the length of fs,,, which is the difference between the maximum and minimum values of f on the
domain.) The function f is given by an oracle. A glaring question left open by Ganian and Ordyniak [42] is
that of the complexity of (IP) parameterized by ||Al|« and tdp(A) or tdp(A). In [H1], we have fully settled
this with the following result:

THEOREM 1. There exists a computable function g such that problem (IP) can be solved in time
g(||A|lc, d)poly(n, L), where d := min{tdp(A),tdp(A)} and L := (A, f,b,L,u) .

Note that for our algorithm to be fast it suffices if at least one of tdp(A) and tdp(A) is small. Also, all the
presented results hold for (IP) whose constraints are given in the inequality form Ax < b: introducing slack
variables leads to (IP) in standard form with a constraint matrix A; := (A I), with min{tdp(Aj), tdp(A;)} <
min{tdp(A) + 1, tdp (4)}.

Our result is qualitatively optimal in the following sense. Already for ||Al|« =1 or d = 1 (ILP) is NP-hard:
by the natural reduction from SAT in the former case, and similarly by the natural modeling of KNAPSACK
in the latter. Moreover, the two arguably most important tractable classes of (IP) are formed by instances
whose constraint matrix is either totally unimodular or has small number n of columns, yet our results are
incomparable with either: the class of totally unimodular matrices might have large d, but has ||A]lc = 1,
and the matrices considered here have variable n.

Furthermore, treedepth cannot be replaced with the more permissive notion of treewidth, since (IP) is
NP-hard already when min{twp(A),twp(A)} = 2 and a = 2 [32]. Second, the parameterization cannot be
relaxed by removing the parameter ||Al|o: (IP) is para-NP-hard parameterized by tdp(A) [29, Thm 21] and
strongly W[1]-hard parameterized by tdp(A) [79, Thm 5] alone. Third, the requirement that f is separable
convex cannot be relaxed since (IP) with a non-separable convex or a separable concave function are NP-hard
even for small values of our parameters [32]. Let us now sketch our approach towards proving Theorem 1.



Treedepth is Equivalent to Block Structure. The first important ingredient is showing that, assuming small
[[A]|co, matrices with small primal treedepth are essentially equivalent to multi-stage stochastic matrices,
and similarly that matrices with small dual treedepth are essentially equivalent to tree-fold matrices. Thus,
in a certain sense, it suffices to restrict our attention to the (more rigidly structured) classes of multi-stage
stochastic and tree-fold matrices.

Graver-best Augmentation. The second ingredient is an abstraction of an iterative augmentation procedure
used in [55] and elsewhere: a Graver-best oracle for a matrix A is one which, when queried on an (IP) instance
(A, f,b,L,u) and a feasible solution x, returns a feasible step h which is at least as good as any feasible step
Ag where g € G(A) and A € N. Given such an oracle, we can solve (IP) quickly by iteratively querying it on
the current solution and adding the returned step to the solution. Thus, constructing efficient Graver-best
oracles is a key to obtaining efficient algorithms for (IP).

Norm Bounds and Local Search. We identify that constructing efficient Graver-best oracles requires two
components. The first are bounds on the norms of Graver basis elements. Denote by ge, (A) = maxgeg(a) lIgllco>
and similarly g;(A) = maxgeg(a) llgll:- We show that the structural result of Aschenbrenner and Hem-
mecke [4] can be interpreted as saying that go, (A) is bounded by a function of || A||« and tdp(A), and similarly
that the work of Chen and Marx [13] implies that g; (A) is bounded by a function of ||Al| and tdp(A).

Given these norm bounds, it becomes apparent that computing Graver-best steps boils down to solving a
local search problem. This second component can be obtained by a relatively simple branching algorithm in
the case of tdp(A), and by a more involved dynamic programming algorithm in the case of tdp(A).

2.3 Strongly Polynomial Framework

A fundamental question regarding problems involving large numbers is whether there exists an algorithm
whose number of arithmetic operations does not depend on the length of the numbers involved; recall that
if this number is polynomial, this is a strongly polynomial algorithm [102]. For example, the ellipsoid method
or the interior-point method which solve LP take time which does depend on the encoding length, and the
existence of a strongly polynomial algorithm for LP remains a major open problem. Until 2018, the only
strongly polynomial (ILP) algorithms existed for totally unimodular (ILP) [61], bimodular (ILP) [3], so-called
binet (ILP) [2], and n-fold (ILP) with constant block dimensions [23]. All remaining results, such as Lenstra’s
famous algorithm or the FPT algorithm for n-fold of Hemmecke et al. [55], are not strongly polynomial.

A second major contribution of [H1] besides Theorem 1 is the development of an algorithmic framework
among others suitable for obtaining strongly polynomial algorithms, and as a consequence of Theorem 1 we
show a strongly polynomial algorithm for (ILP) in the same parameter regime:

THEOREM 2. There exists a computable function g such that problem (ILP) can be solved with an algorithm
whose number of arithmetic operations is bounded by

g(||Alle, d)poly(n), where d := min{tdp(A),tdp(A)} .

The proof of Theorem 2 proceeds in four steps:

1. LP relaxation: the LP relaxation can be solved in time poly(n-(A)) by Tardos’ algorithm [102], obtaining
a fractional optimum x*.

2. Proximity: the integer optimum z* which we seek is at an f,,-distance at most O(go (A)n) from x*, thus
we may reduce the lower and upper bounds 1, u to some I, u” which are bounded by O(ge(A)n), and
subsequently also reduce the right hand side b to some b” which is bounded by g (A)poly(n).

3. Objective reduction: since we now know that the integer optimum z* lies in a “small” box [1’, u’], we can
apply the coefficient reduction technique of Frank and Tardos [39] to obtain an equivalent objective
w’ with log ||W’||e = poly(ge (A)n).

4. Convergence: because the length of all numbers on input is now polynomial in n, the algorithm of The-
orem 1 runs in strongly polynomial time.



A nice and somewhat surprising property of this approach is that, since f is given by an oracle and since
step 3 reduces it to an equivalent function, this step is actually irrelevant and we may proceed to step 4
directly. Thus, the algorithm boils down to solving the LP relaxation, reducing the lower and upper bounds
and right hand side in a straightforward manner, and running the algorithm of Theorem 1. The fact that step
3 is unnecessary is in fact substantial, because while the algorithm of Frank and Tardos [39] is polynomial,
the degree of this polynomial is quite large and would dominate the complexity of the algorithm overall. We
have expanded on these ideas in [31] by showing that if the equivalent objective need not be computed, then
stronger bounds on ||w’||. can be obtained, leading to better bounds on the algorithm itself. Furthermore,
we have shown reducibility upper bounds on not just linear but also separable convex functions, and also
almost matching lower bounds.

2.4 Simplified and Self-contained

The main contribution of [H2] over [H1] is that it presents a streamlined and self-contained version of
the proof of Theorem 1. With the benefit of hindsight, we have replaced Graver-best augmentation with a
cheaper so-called halfling augmentation, and we have derived all results (norm bounds, local search pro-
grams) directly in the most general setting of bounded treedepth. The whole paper is only 16 pages long
including references, and is an ideal entry point into the area for any newcomer, including graduate and
even undergraduate students.



3 HIGH-MULTIPLICITY n-FOLD (IP)

Much research following [H1] has focused on reducing the run-time dependency on the number of bricks
n, making it almost linear in the case of optimizing a linear objective [18, 19]. Our interest in this section
is on n-fold (IP) models of applications where many bricks are of the same type, that is, they share the
same bounds, right-hand side, and objective function. For those applications, it is natural to encode an n-
fold (IP) instance succinctly by describing each brick type by its constraint matrix, bounds, right-hand side,
and objective function, and giving a vector of brick multiplicities. When the number of brick types 7 is much
smaller than the number n of bricks, e.g., if n &~ 27, this succinct instance is (much) smaller than the “explicit”
encoding of n-fold (IP), and an algorithm running in time polynomial in the size of the succinct instance may
be (much) faster than current algorithms. We call the n-fold (IP) where the instance is given succinctly the
huge (or high multiplicity) n-fold (IP) problem, and in [H3] we present a fast algorithm for it:

THEOREM 3. Huge n-fold (IP) with any separable convex objective can be solved in time
(14lleors)®*7 poly (z, £, log [|L w.b. 1. fysplles).
where r, s are the numbers of rows of the blocks A;, A,, respectively, and t is the number of columns of A;.

A natural application of Theorem 3 are scheduling problems. In many scheduling problems, the number
N of jobs that must be assigned to machines, as well as the number m of machines, are very large, whereas
the number of types of jobs and the number of kinds of machines are relatively small. An instance of such a
scheduling problem can thus be compactly encoded by simply stating, for each job type and machine kind,
the number of jobs with that type and machines with that kind together with their characteristics (like
processing time, weight, release time, due date, etc.), respectively. This key observation was made by several
researchers [17, 97], until Hochbaum and Shamir [60] coined the term high-multiplicity scheduling problem.
Clearly, many efficient algorithms for scheduling problems, where all jobs are assumed to be distinct, become
exponential-time algorithms for the corresponding high-multiplicity problem.

Let us shortly demonstrate how Theorem 3 allows designing algorithms which are efficient for the succinct
high-multiplicity encoding of the input. In modern computational clusters, it is common to have several kinds
of machines differing by processing unit type (high single- or multi-core performance CPUs, GPUs), storage
type (HDD, SSD, etc.), network connectivity, etc. However, the number of machine kinds 7 is still much
smaller (perhaps 10) than the number of machines, which may be in the order of tens of thousands or more.
Many scheduling problems have n-fold (IP) models [76] where 7 is the number of machine kinds and n is the
number of machines. On these models, Theorem 3 would likely outperform the currently fastest n-fold (IP)
algorithms.

Proof Ideas. To solve a high-multiplicity problem, one needs a succinct way to argue about solutions. The
fundamental and widely influential notion of Configuration IP (ConfIP) introduced by Gilmore and Go-
mory [45] describes a solution (e.g., a schedule) by a list of pairs “(machine schedule s, multiplicity y of
machines with schedule s)”. The linear relaxation of ConfIP, called the Configuration LP (ConfLP), can often
be solved efficiently, and is known to provide solutions of strikingly high quality in practice [105]; for exam-
ple, the optimum of the ConfLP for BIN PACKING is conjectured to have value x such that an optimal integer
packing uses < [x] + 1 bins [101]. However, surprisingly little is known in general about the structure of
solutions of ConfIP and ConfLP, and how they relate to each other.

We define the Configuration IP and LP of an n-fold (IP) instance, and show how to solve the ConfLP quickly
using the property that the ConfLP and ConfIP have polynomial encoding length even for huge n-fold (IP).
Our main technical contribution is a novel proximity theorem about n-fold (IP), showing that a solution of its
relaxation corresponding to the ConfLP optimum is very close to the integer optimum. Thus, the algorithm
of Theorem 3 proceeds in three steps:

(1) It solves the ConfLP via the standard approach of considering the dual and its separation problem,
which in this case turns out to be an efficiently solvable (IP),



(2) It uses the novel proximity theorem to construct a “residual” n’-fold instance with n” upperbounded
by (||A]lers)©), and
(3) it solves the residual instance by an existing n-fold (IP) algorithm such as Theorem 1.

Precisely defining the Configuration LP of a huge n-fold (IP) is non-trivial and requires some care. How-
ever, the technical heavy lifting is done in the proof of the proximity theorem, and the theorem itself provides
insight into the fundamental notion of Configuration LP. Intuitively, it means the following: there is an inte-
ger optimum of the Configuration LP which agrees with the continuous optimum on “most” configurations,
and where it differs, it only deviates to configurations which are not “too far”. In other words, an optimum
of the Configuration LP which only uses few configurations implies the existence of an integer optimum
which puts “most” weight on these configurations, and puts the remaining weight in “small” balls around
these configurations. (Note that a continuous optimum using only few configurations can be found efficiently
whenever some optimum can be found at all.)

We highlight the proximity theorem also because the strongly near-linear algorithm of Cslovjecsek et
al. [18] uses a special case of our relaxation of an n-fold (IP) in order to obtain a similarly tight proximity
result as we do, however, their result only holds for linear objectives, and this seems inherent. Our proof
is longer (thought not necessarily more complex), but the result is more general in this way. Because our
proximity theorem holds also for separable convex objectives, it allowed us in a subsequent work [75] to
show efficient preprocessing algorithms (kernels) for certain scheduling problems, including those whose
models involve separable convex objectives.



4  MIXED (ILP) AND (IP)

Consider again the celebrated result of Lenstra [83] that (ILP) is FPT parameterized by the number of vari-
ables n. Lenstra’s brilliant (and short) paper also shows an extension of this result to Mixed ILP where both
integer and non-integer variables are allowed:

min{wx | Ax=b,1<x <u,xe€Z* xR}, (MILP)

with A € Zm*(z+0) | w w € Z**9 and b € Z™. Specifically, Lenstra showed that (MILP) is FPT parameterized
by the number of integer variables z, so the number of continuous variables g is allowed to be variable.
(MILP) is a prominent modelling tool widely used in practice. For example, Bixby [10] says in his famous
analysis of LP solver speed-ups, “[I[nteger programming, and most particularly the mixed-integer variant, is
the dominant application of linear programming in practice.” Given the fact that Lenstra’s result extends to
the mixed case, it is natural to ask whether the FPT algorithm of Theorem 1 about (IP) with small treedepth
and small coefficients can too be extended to the (MILP) case. This is the subject of [H4]. In [H5], we explore
the more general setting of Mixed IP with separable convex objectives.

4.1 Linear Optimization
The main result of [H4] is the following:

THEOREM 4. There exists a computable function g such that problem (MILP) can be solved in time
9(J|A]leo, d)poly(n, L), where d := min{tdp(A),tdp(A)}, and L := (A, f,b,Lu) .

We note that our result again extends to the inequality form of (MILP) with constraints of the form Ax < b
by the fact that introducing slack variables does not increase treedepth too much. Also, by the techniques of
Theorem 2, the algorithm of Theorem 4 can be made strongly FPT.

Proof Ideas. The proof goes by reducing an (MILP) instance to an (ILP) instance whose parameters do not
increase too much, and then applying the existing algorithms (e.g., Theorem 2) for (ILP). A key technical result
concerns the fractionality of an (MILP) instance, which is the minimum of the maxima of the denominators
in optimal solutions. For example, it is well-known that the natural LP for the VERTEX COVER problem has
half-integral optima, that is, there exists an optimum with all values in {0, 3, 1}.

Before we delve into the details, let us discuss alternative approaches to obtaining algorithms for (MILP).
Lenstra [83] showed how to solve (MILP) with few integer variables using the fact that a projection of a poly-
tope is again a polytope; applying this approach to our case would require us to show that if P is a polytope
described by inequalities with small treedepth, then a projection of P also has an inequality description of
small treedepth; this is unclear. Hemmecke [53] has studied already in 2003 a mixed-integer analogue of the
Graver basis. It is unclear how to apply his approach, however, because it requires bounding the norm of
elements of the mixed Graver basis, where the bound obtained by (a strengthening of) [53, Lemma 6.2],[52,
Lemma 2.7.2], is polynomial in n, too much to obtain an FPT algorithm. In fact, in [H5] we show stronger
upper bounds for the mixed Graver basis when m and ||Al|« are small, and for 2-stage matrices, but we also
specifically rule out that the mixed Graver basis could be used to prove Theorem 4.

The usual way to go about proving fractionality bounds is via Cramer’s rule and a sufficiently good bound
on the determinant. As witnessed by any proper integer multiple of the identity, determinants can grow
large even for matrices of very benign structure. (For example, the determinant of the n X n matrix 2I is 2".)
Kotnyek [80] characterised k-integral matrices, i.e., matrices whose solutions have fractionality bounded by
k, however it is unclear how his characterisation could be used to show the required bound, so we take a
different route. Instead, we analyse carefully the structure of the inverse of the appearing invertible sub-
matrices, allowing us to show that an (MILP) instance with a constraint matrix A has an optimal solution x
whose largest denominator is bounded by (||A||«)? (d!)#/2, where d = min{tdp(A), tdp (A)}. Intuitively, this
means that an LP or (MILP) with small treedepth and coefficients has vertices which are not “too fractional”,
that is, its vertices lie on the superlattice %Z”q (more precisely Z% x %Zq) with s not too large. We are not
aware of any prior work which lifts a positive result for (ILP) to a result for (MILP) in this way.



We also explore the limits of approaching the problem by bounding the fractionality of inverses: Other (ILP)
classes with parameterized algorithms involve constraint matrices with small primal treewidth [64], small
incidence treewidth [43], small signed clique-width [30] and 4-block n-fold matrices [54]. Here, we obtain
a negative answer: For each of these parameters, there exist families of (MILP) instances with constant pa-
rameters, but unbounded fractionality. The produced families also show that our fractionality upper bound
is almost optimal: there is an (MILP) instance with tdp(A),tdp(A) = d, ||All = 2, and fractionality 227,

. . d+log d+loglog d
Compare this with our upper bound 22 .

The fractionality technique behind Theorem 1 cannot be used to handle separable convex objectives in
general, but we show that for one important class of separable convex objectives, the fractionality does not
increase, specifically piece-wise linear functions with integer breakpoints. For this case we show an FPT
result analogous to Theorem 4.

Finally, a fascinating connection has emerged between fractionality bounds, and bounds on the norms of
the circuits of a matrix A, which are a subset of the Graver basis. Ekbatani et al. [33] show that if, for any
integral b, the polytope {x | Ax < b} is not too fractional, then the norm of the circuits of A is not too
large, and vice versa. Since the circuits are a subset of G(A), and we already have good bounds on G(A)
in the considered regime, the result of Ekbatani et al. implies a fractionality bound; however, our approach
yields a tighter bound. The connection can be viewed from the other side as well: our upper bound on the
fractionality can be used to show a circuit norm upper bound.

4.2 Separable Convex Optimization

Lenstra’s famous algorithm [83] can also be extended, e.g. using [119, Theorem 6.7.9], to the setting of arbi-
trary convex objective functions, and, by the same arguments as with the step from (ILP) to (MILP), it can
be shown that (MIP), which is the problem

min{f(x) | Ax=b,1<x <u,x€Z* xR}, (MIP)

with f convex is also FPT parameterized by z. Giving attention to objective functions beyond linear is well
justified: Bertsimas et al. note in their spectacular work [8] on the notorious subset selection problem in
statistical learning that, over the past decades, algorithmic and hardware advances have elevated convex
(and therefore, in particular, non-linear) mixed-integer optimization to a comparable level of relevance in
applications. Given the encouraging results of [H4], we ask whether the FPT algorithm of Theorem 1 can be
extended to the mixed-integer, separable convex case. The a priori intuition leans positive: in 1990, Hochbaum
and Shanthikumar [61] have published an influential paper titled “Convex separable optimization is not much
harder than linear optimization” which shows that this is true in the case of (IP) with a totally unimodular
A. Similarly, Chubanov’s algorithm [15] reduces (purely continuous) separable convex optimization to a
polynomial number of linear optimization problems.

In [H5], we go directly against this intuition, in fact, we show that the mixed integer separable convex
case exhibits unexpected behavior both when compared to the fully integer cases, and to the linear cases.
We begin by focusing on the regime of few rows and small coefficients, which was first solved in the purely-
integer case by Papadimitriou [94]. Our main positive result is an algorithm for (MIP) with few rows and
small coefficients:

THEOREM 5. The problem (MIP) can be solved in single-exponential time (mllAIlw)O("’z) - R, where R is the
time needed to solve the continuous relaxation of any (MIP) with the constraint matrix A.

This improves the current state-of-the-art, double-exponential bound for mixed-integer programs with few
rows and small coefficients to single-exponential, even when the target function is non-linear. Until now, the
best way to solve a (MIP) with few rows and small coefficients would be to remove duplicate columns from
A in a preprocessing step, and then use Lenstra’s algorithm [83]. Since there are 2||A||c + 1 numbers of
absolute value at most ||A||«, the preprocessing ensures that there are at most (2||Al|« + 1)™ columns in A.
This, however, leads to a double-exponential running time in terms of m.



The structural result behind Theorem 5 is an upper bound on the elements of the mixed Graver basis of
A. We show this bound using a “packing lemma”, powered by an old result from additive combinatorics [92]
recently highlighted by Paat et al. [93]. Our bound has the useful property that it leads to a proximity result
which intuitively says that, for any continuous or integer optimum, there is a mixed-integer optimum which
may require several mixed-integer Graver steps to get to, but only one of those steps will be non-zero in the
integer part. (Interestingly, this also means that the remaining steps will be circuits of the matrix A, but we
do not use this fact in any way.) Thus, an integer or continuous optimum is always “almost correct” in the
integer part. This is significant because once the integer part is correctly assigned, we get a purely continuous
residual problem, which is polynomial-time solvable.

Set X = Z7 x R?. We next use the algorithm of Theorem 5 as a starting point for developing a novel
algorithm for an intermediate problem. Namely, we now allow the bounds Lu € X and right-hand side
b € R™ to be fractional, that is, we consider the problem

min{wx : Ex=b,1<x <u, x € X}. (MILPg,)

Already deciding feasibility of this variant has been shown to be NP-hard for totally unimodular matrices
[16]. In a way, (MILPf,.) can be seen as a special case of (MIP) (even with integer b, 1, u), because a separable
convex objective f can be used to model non-integer lower bounds and right-hand sides.

We are interested in the case of small treedepth and coefficients, in particular in n-fold and 2-stage stochas-
tic matrices with small block sizes. For the case of 2-stage stochastic constraints, we give an XP algorithm:

THEOREM 6. The problem (MILPg,.) where A is a 2-stage stochastic matrix whose two blocks have r and s
columns, and both have t rows, can be solved in time g(r, s, ||Al|«) - n", for some computable function g.

This result turns out to be likely optimal, as we show that (MIP) with integral data is W[1]-hard when
A is a 2-stage stochastic matrix with blocks of size bounded by a parameter and ||A|l.c = 1 already for
linear objective functions. In particular, under the common parameterized complexity assumption that FPT
# W[1]-hard holds, this rules out algorithms for (MIP) with running times of the form ¢(||Al|«, d) - poly(n)
with d the larger of the number of columns of the two blocks. Such a (double exponential) algorithm does
exist for the pure integer case as implied by Theorem 1.

Moreover, we show that the algorithm from Theorem 6 cannot be extended to the related case of n-fold
constraint structure: (MILPg,.) with integral bounds but fractional right hand sides is NP-hard when A is an
n-fold matrix with blocks of constant dimensions and ||Al|c = 1.

Interestingly, the above hardness results demonstrate that the relationship between n-fold and 2-stage
stochastic programs in the mixed case is different from purely-integer case: In the purely integer case, n-
fold (IP) is solvable faster than 2-stage stochastic (IP) (single- vs. double-exponential time, respectively), while
in the mixed-integer case, the situation seems to be reversed (NP-hard vs W[1]-hard for n-fold and 2-stage
stochastic (MIP), respectively).

Results on Mixed Graver Bases. The mixed Graver basis was introduced by Hemmecke [53] already in 2003,
but not understood well enough to be used. On our way to showing Theorem 6, we prove several results
about the mixed Graver basis which are of independent interest, and disprove the typical intuitions gained
by studying the ordinary integral Graver basis. First, all elements of the integral Graver basis of an n-fold
matrix with bounded block-dimension also have entries of bounded absolute value, whence they derive their
algorithmic usefulness. We show that this is not true for the mixed Graver basis: there is an n-fold matrix A
with constant-sized blocks and ||A||cc = 1 such that the mixed Graver basis of A contains an element with
1-norm of size Q(n).

On the other hand, for 2-stage stochastic matrices, the co-norm of its elements can be bounded by a func-
tion of the block-dimensions and ||A||«. This bound also implies a proximity result: for any integer optimum
z*, there is a nearby mixed optimum x*. Thus, we can first find z* (which can be done efficiently), and then
only search in a small neighborhood around z*.

Until now, a bound g(A) on (some) norm of the Graver elements has always led to an algorithm with a
corresponding running time g’(A)poly(n). However, in the mixed case, such an algorithm is ruled out by
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the W[1]-hardness of 2-stage stochastic (MILPg,.). This shows that, in the mixed case, the common intuition
of good bounds on the Graver norm directly leading to fast algorithms fails.



5 SPARSITY BEYOND TREEDEPTH

All of the algorithms discussed so far assume that the input matrix is sparse in the traditional sense - it only
has few non-zero entries, and they are arranged in a particularly structured way. The motivation for [H6]
and [H7] is the simple observation that there are matrices which are not sparse, but can be transformed to
become sparse by row operations. For example, the matrix on the left below, whose dual tree-depth is 5, can
be transformed by row operations to the matrix with dual tree-depth 2 given on the right.

2 21 2 1 3 1 21 01 1 2 1
21 11 2 11 0 1.1 0 0 1 0
2 2 2 2 2 21 — 10 0 0 0 0 O
21 1 2 2 1 1 0 0 01 0 0 O
2 21 2 1 3 2 0 0 00 2 01

Could the positive results of the previous sections be extended to matrices which exhibit this kind of “hidden”
sparsity? Put differently, the transformation of an input matrix A is a matrix B which is a preconditioner as
it changes the input matrix A to an equivalent one A’ = BA that is computationally more tractable. The
usefulness of this is that instead of solving

min{wx | Ax =b,1 < x <u,x € Z"},

we can solve
min{wx | BAx =Bb,1 < x < u,x € Z"},

since Ax = b and BAx = Bb are satisfied by exactly the same vectors x, and A may be dense but BA be
sparse. Our question is: under what conditions does such a preconditioner to sparsity exist, and how can it
be computed efficiently? [H7] answers such questions to a significant degree. The results contained in [H7]
build on and subsume the results of [H6], so we will not refer to [H6] much further.

Preconditioning a matrix to make the problem computationally simpler is a ubiquitous preprocessing
step in mathematical programming solvers. In this section, we are concerned with the existence and efficient
computability of preconditioners to sparsity of matrices. Let us define the natural notions of optimal treedepth
of a matrix: the optimal primal treedepth td, (A) is the minimum primal tree-depth of a matrix A’ which can
be obtained from A by elementary row operations, and similarly for optimal dual treedepth td},(A) and
optimal incidence treedepth tdj (A).

It turns out that the “deeper” notions capable of capturing the “hidden” sparsity, or, equivalently, the
optimal treedepth parameters defined above, are structural parameters of the column matroid M(A) of the
matrix A. We deal with three parameters of M := M(A):

o The deletion-depth, dd(M), introduced by DeVos et al. [27],

o the contraction®-depth, CH(M), introduced by Kardos et al. [70] under the name branch-depth, however,
since there was a competing notion of branch-depth [27], we decided to use a different name for this
depth parameter to avoid confusion, and

e the contraction®-deletion-depth, cdd(M), introduced in [H7] itself.

The structural results of [H7] can be summarized as follows:

THEOREM 7. For every matrix A, it holds that
o tdp(A) = dd(M(A)),
e td},(A) = cd(M(A)), and
o tdj(A) = cdd(M(A)) + 1.

The first two (primal and dual) results can also be made efficient:

THEOREM 8. For every rational matrix A € Q™" and any integers d and a, there exists an algorithm which

o cither decides that A is not equivalent to any matrix A’ with primal or dual treedepth at most d and
|A |0 < a, or
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e computes a matrix A’ equivalent to A with primal or dual treedepth at most d and ||A’|| < g(a,d) for
some computable function g.

The proof idea behind Theorem 8 is to use monadic second-order logic to express the existence of a matrix
A’ with primal or dual treedepth at most d, and to apply the algorithm of Hlinény [59] to M(A) to decide
this sentence. However, this is not directly possible as Hlinény’s algorithm is for matroids representable over
finite fields, and its complexity requires the order of the field to be a parameter; however, M(A) is defined
via linear independence of the columns of A over the rationals. We overcome this by showing that M(A) is
isomorphic to a matroid representable over a finite field, and a key ingredient in this step are our fractionality
bounds from [H4].

The immediate consequence of Theorem 8 is that all the thus far developed algorithms for (ILP), (IP), (MILP),
and (MIP), namely Theorems 1-6, can be extended to the case where the input matrix is not necessarily of
small primal or dual treedepth nor has small coefficients, but is equivalent to one which is. To summarize
the most important corrolaries:

COROLLARY 9 (EFFICIENT OPTIMIZATION VIA MATROID SPARSITY). Let A be a matrix with d the smaller of
the optimal primal or dual treedepth, and let a be an upper bound on |A’ || of any row-equivalent matrix A’.
Then

o (ILP) and (MILP) can be solved in strongly-FPT time g(a, d)poly(n), and
o (IP) with a separable convex objective can be solved in FPT time g(a, d)poly(n, L),

for some computable function g, and with L = (A, f,b,L u).

Another important result which we show in [H7] is the relationship between td},(A), g1(A), and ¢;(A),
which is the largest £ -norm of any circuit of A. Informally speaking, we show that the following statements
are equivalent for every matrix A:

e The matrix A is equivalent to a matrix with bounded dual tree-depth and bounded entry complexity.

o The contraction*-depth of the matroid M(A) is bounded, and the matrix A is equivalent to a matrix

with bounded coefficients (with any dual tree-depth).

o The #-norm of every circuit of A is bounded.

e The #;-norm of every element of the Graver basis of A is bounded.
This affirmatively resolved a question posed during the Dagstuhl workshop 19041 “New Horizons in Param-
eterized Complexity”, about whether (IP) is FPT when parameterized by g; (A). Moreover, it shows that in
the case of the #-norm, the Graver elements cannot be much larger than the circuits, which is not known to
be true in general.

We also remark that while, in the case of dual treedepth, if a matrix A has small coefficients and is equiv-
alent to a matrix with dual tree-depth d, then there exists an equivalent matrix with dual treedepth d and
coefficients bounded by a function of d and ||A||, this is not true in the case of primal treedepth. The largest
coefficient of every matrix with primal treedepth equal to one that is equivalent to the following matrix A is
exponential in the number of rows of A, quite in a contrast to the case of dual treedepth.

120 0 --- 0 0 0 O
o12 0 -+ 0 00O
oo01 2 - 0 0O0O0
00 0 O 1 0 0
00 0 O 0 1 2 0
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6 BEYOND SMALL COEFFICIENTS AND GRAVER BASES — COMING FULL CIRCLE

The two most prominent classes of constraint matrices we have been considering are 2-stage stochastic and
n-fold matrices. Intuitively, 2-stage stochastic matrices have few “global” columns, and n-fold matrices have
few “global” rows, whose deletion makes the matrix block-diagonal, respectively. It is natural to consider
the combination of both: a matrix which has few rows and few columns which are “global” is called a 4-
block n-fold matrix. Hemmecke et al. [54] have introduced this class and shown an XP algorithm for (IP)
with such matrices, when parameterizing by the block dimensions and ||A||«. The arguably most important
open problem in the area of block-structured integer programming is whether this algorithm is qualitatively
optimal, that is, whether 4-block n-fold (IP) is W[1]-hard, or whether it can be solved in FPT time.

Let us point out that this open problem has an elegant phrasing from the perspective of the structural
parameter topological height introduced in [H2]: (IP) parameterized by the incidence treedepth td;(A) is
NP-hard in general, but FPT if the topological height is 1 (because it reduces to (IP) in fixed dimension), and
XP if the topological height is 2 — precisely because this corresponds to 4-block n-fold matrices.

It is not difficult to see that, by employing standard encoding tricks, any 2-stage stochastic (IP) and any
n-fold (IP) instance with small block sizes but containing entries bounded by poly(n) in its “global” parts
can be reduced to a 4-block n-fold (IP) instance with small coefficients and small block sizes. Thus, if 4-block
n-fold (IP) is FPT, then at least the aforementioned two generalizations of 2-stage stochastic and n-fold (IP)
are FPT as well. The goal of [H8] is to investigate this question.

Our Contribution. We prove that both the feasibility problem for 2-stage stochastic programs and the op-
timization problem for uniform n-fold programs (that is, where all the global blocks are the same) can be
solved in fixed-parameter time when parameterized by the dimensions of the blocks and the maximum ab-
solute value of any entry appearing in the diagonal blocks. That is, we allow the entries of the global blocks
to be arbitrarily large, and in the case of n-fold programs, we require that all global blocks are equal. The
statements below summarize our results. L is the bitsize of the input program, as usual.

THEOREM 10.

(1) The feasibility of a generalized (i.e., blocks may differ) 2-stage stochastic (ILP) can be solved in time
g(k, max; ||A}||e) - L for a computable function g, where k is the largest number of columns of any block,
andA;, i € [n], are the diagonal blocks.

(2) n-fold (ILP) with all global blocks identical can be solved in time g(k, max ||A}||s) - poly(.L) for a com-
putable function g, where k is the largest number of rows and columns of any block, and A}, i € [n], are
the diagonal blocks.

The uniformity condition (all global blocks identical) for n-fold (ILP) in Theorem 10 is necessary (unless P =
NP), as one can very easily reduce SUBSET SuM to the feasibility problem for n-fold (ILP) with k = 2 and the
diagonal blocks being {0, 1}-matrices. Indeed, given an instance of SUBSET SUM consisting of positive integers
ai, ..., an and a target integer ¢, we can write the following n-fold (ILP) on variables yy, . . ., yn, y;, Y, €™
yi+y;=1foralli=1,...,nand Y, a;y; = t.

Notice that in the algorithm for n-fold (ILP), the maximum number of columns of a block is required to be
a parameter, and this is heavily exploited, setting our approach apart from the previous work.

Further, observe that the algorithm for 2-stage stochastic (ILP) applies only to the feasibility problem. We
actually do not know whether this positive result can be extended to the linear or even separable-convex
optimization problem as well, and we consider determining this an outstanding open problem. Also, notice
that this algorithm seems to be the first one for feasibility of 2-stage stochastic (ILP) that achieves truly
linear dependence of the running time on the total input size; the earlier algorithm of [19] had at least some
additional polylogarithmic factors.

Finally, note that the algorithms of Theorem 10 are not strongly polynomial (i.e., the running time depends
on the total bitsize of the input, rather than is counted in the number of arithmetic operations), while the
previous algorithms of [H1] and [18, 19] for the stronger parameterization are. This is justified because no
strongly polynomial algorithm is known, and none is suspected to exist, for the greatest common divisor
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problem, which is an instance of (ILP) with two variables. Given integers a, b, computing ged(a, b) is equiva-
lent to finding integers p, g such that ap + bq is positive but as small as possible. This is an (ILP) min ap + bq
subject to ap+bq > 1, p, g € Z, which is a special case of the problem solved by the second part of Theorem 10.
Similarly, fixed-dimension (ILP) feasibility is not known to be strongly FPT, and suspected not to be, and
this is a special case of the problem solved by the first part of Theorem 10.

Proof Ideas. The two parts of Theorem 10 each rely on different techniques, and, not surprisingly, they
significantly depart from the by now standard approach through Graver bases. They are based on entirely
new ideas, with some key Graver-based insight needed in the case of the algorithm for n-fold (ILP). In both
cases, the problem is ultimately reduced to (mixed) integer programming with a bounded number of (integral)
variables, which we then solve using Lenstra’s algorithm [83] (or any of its newer strengthenings [68, 98]),
and this allows us to cope with large entries on input.

We find this connection to fixed-dimension (ILP) fascinating, and as if we have come full circle - from
the oldest tractable class of small dimension programs, through the newer and seemingly unrelated class
of block-structured programs, back to programs with small dimension. Still, while the present techniques
suffice for n-fold programs with linear objectives, they do not seem to extend to the case of separable convex
objectives. We suspect that there the analogy ends and such programs cannot reasonably be “embedded” in
fixed-dimension. We believe this is an important open problem.

The first part of Theorem 10 is based on a new structural result about integer cones, which eventually
allows us to mark all but a few blocks as “irrelevant” and remove them, leaving us with a fixed-dimension (ILP)
feasibility problem.

The second part of Theorem 10 uses a new insight that, for each brick i € [n], the right hand side b’ can
be decomposed into two vectors (b')” and (b')” such that b’ = (b’)" + (b')”, (b')’, (b')"” are in the same
orthant as b’ and below it, and, most importantly, they have the property that every solution x’ satisfying
Ax' = b’ can be decomposed into x' = (x*)’ + (x')" such that A(x")’ = (b')” and A(x")"" = (b")"’. Tteratively
applying this decomposition, we can reduce the problem to a high-multiplicity n-fold (ILP) with few brick
types, since eventually each right hand side becomes small. Note that because of the large coefficients in the
global constraints, this instance is not solvable by Theorem 3. Still, with a few more insights, this instance
can be massaged to a form solvable by Lenstra’s algorithm. An interesting subproblem we brushed over is
how to efficiently decompose each brick’s right hand side b’ into the, possibly many, smaller bricks. It turns
out that the desired property can be expressed in Presburger arithmetic, and the decomposition can be found
using Cooper’s algorithm, whose parameterized complexity we analyzed in another work [81].

Recall the n-fold model of the makespan minimization on uniformly related machines (Q||Cyax) problem
introduced in Section 1.3. This is a program with many bricks which only differ by their right hand sides.
Applying the decomposition technique can then be interpreted as replacing one fast machine with two slower
machines, and the result of iterating this process is that there are “few” different machines, and each has a
“small” capacity. This seems to be the gist of an argument carried out by Brinkop and Jansen [12], so their
result can be seen as a particular instance of the decomposition insight above. Also, the fact that Q||Cpax is
FPT parameterized by pmax can now either be shown by a direct application to n-fold (ILP) (as we have done
in [74]), or by the argument above and then solving the resulting fixed-dimension (ILP) instance using, e.g.,
the algorithm of Reis and Rothvoss [98]. This second approach gives a worse complexity bound, but provides
a useful new perspective.
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7 CONCLUSIONS AND OPEN PROBLEMS

We have taken a solid foundation of results built by researchers primarily from the mathematical program-
ming community between roughly 2000-2015, and connected it to the theories of parameterized complexity
and graph and matroid sparsity, together with the respective communities. Many interesting open problems
and research directions remain, and we list a few of those that seem the most important to us.

4-block n-fold (IP). The arguably most important open problem is the complexity of 4-block n-fold (IP). It
is known to be XP [54], but it is not known whether it is W[1]-hard or FPT. In [H8], we have shown that
completely new techniques are necessary, but also within reach, in order to make progress on this problem.
The nearest open question seems to be the complexity of 2-stage stochastic (ILP) with large coefficients in
the global blocks: recall that [H8] resolves the complexity of the feasibility problem, but the optimization
problem remains open. Intuitively, linear optimization corresponds to adding one global constraint, so it
constitutes a natural first step towards 4-block n-fold (ILP), which is equivalent to 2-stage stochastic (ILP)
with k additional linear constraints.

Another question related to 4-block n-fold (IP) stems from [H7]. What is the complexity of computing the
optimal incidence treedepth td; (A), or equivalently the matroid parameter cdd(M(A))? A similar problem
which is likely to be easier and is still open is the following: given a matrix A and an integer k, decide
whether A is row-equivalent to a 4-block n-fold matrix A’ with block sizes bounded by k. A “yes”-instance
of this problem is a matrix A with g, (A) < ndl4ll=) for some function g, which is a stronger bound on
geo(A) than available in general for matrices with small cdd(M(A)). Still, it is not strong enough, e.g., to
allow showing that M(A) is isomorphic to a matroid representable over a finite field of a small enough order
to efficiently run Hlinény’s algorithm.

Configuration (IP). The structural results of [H3] are related to the seminal work of Goemans and Rothvoss [48]
on the polynomiality of BIN PACKING with few item types. Their technique yields FPT algorithms for many
important scheduling problems, yet it is inherently limited to models with linear objectives, and thus, for
example, does not lead to efficient algorithms for £,-norm minimization or minimization of sum of weighted
completion times. Consequently, the complexity of problems like P||f, or P|| 3} w;C; parameterized by the
number of job types d remain open, even in the regime when the largest processing time pp,y is bounded
by a polynomial of the input length. Because the techniques of [H3] do apply to the non-linear, separable
convex setting, we believe that the complexity of the aforementioned scheduling problems may be tackled
using some novel approach building on [H3].

2-stage (MIP). In [H4], we have shown that 2-stage stochastic (MILP) with integral data is FPT, and
in [H5], we have shown that 2-stage stochastic (MILPg,.) is XP and W[1]-hard. This result crucially re-
lies on the linearity of the objective (namely the fact that an optimum is attained at a vertex of the mixed
integer hull), so it is unclear whether 2-stage stochastic (MIP) is also XP, and how to show this.

Practical Sparsity: Automatic Decomposition. The original work on block-structured (IP) assumes that the
block structure is given as part of the input. In [H2], we point out that the treedepth-decomposition of the
relevant graphs can be computed in FPT time, and the block structure can be obtained from it. This suggests
an automatic way to decompose a given matrix into a block-structured one, which is a problem that has long
been studied in practice [5, 7, 11, 35, 41, 72, 108, 110, 111]. It would be interesting to verify how practically
useful might treedepth-based decompositional methods be in practice. This seems within reach: thanks to
the PACE challenge [82], there are now efficient implementations of treedepth algorithms, and the block
structure can be obtained from the decomposition in linear time.

A much more challenging problem is employing the matroid-based methods of [H6] and [H7]. No prac-
tical methods for computing the relevant matroid parameters have been suggested, much less implemented.
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—— Abstract

The theory of n-fold integer programming has been recently emerging as an important tool in
parameterized complexity. The input to an n-fold integer program (IP) consists of parameter A,
dimension n, and numerical data of binary encoding length L. It was known for some time that

such programs can be solved in polynomial time using O(ng(A)L) arithmetic operations where
g is an exponential function of the parameter. In 2013 it was shown that it can be solved in
fixed-parameter tractable time using O(f(A)n®L) arithmetic operations for a single-exponential
function f. This, and a faster algorithm for a special case of combinatorial n-fold IP, have led to
several very recent breakthroughs in the parameterized complexity of scheduling, stringology, and
computational social choice. In 2015 it was shown that it can be solved in strongly polynomial
time using O(n94)) arithmetic operations.

Here we establish a result which subsumes all three of the above results by showing that n-
fold IP can be solved in strongly polynomial fixed-parameter tractable time using O(f(A4)n% logn)
arithmetic operations. In fact, our results are much more general, briefly outlined as follows.

There is a strongly polynomial algorithm for integer linear programming (ILP) whenever a

so-called Graver-best oracle is realizable for it.

Graver-best oracles for the large classes of multi-stage stochastic and tree-fold ILPs can be

realized in fixed-parameter tractable time. Together with the previous oracle algorithm, this

newly shows two large classes of ILP to be strongly polynomial; in contrast, only few classes
of ILP were previously known to be strongly polynomial.

We show that ILP is fixed-parameter tractable parameterized by the largest coefficient || Al

and the primal or dual treedepth of A, and that this parameterization cannot be relaxed,

signifying substantial progress in understanding the parameterized complexity of ILP.
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1 Introduction

In this article we consider the general linear integer programming (ILP) problem in standard
form,

min{wx | Ax=b, 1<x<u, xeZ"}. (ILP)

with A an integer m x n matrix, b € Z, w € Z", l,u € (ZU {£o0})". It is well known to
be strongly NP-hard, which motivates the search for tractable special cases.

The first important special case is ILP in fixed dimension. In the ’80s it was shown by
Lenstra and Kannan [17, 20] that (ILP) can be solved in time n®(™ L, where L is the length
of the binary encoding of the input. Secondly, it is known that if the matrix A is totally
unimodular (all subdeterminants between —1 and 1), all vertices of the feasible region are
integral and thus applying any polynomial algorithm for linear programming (LP) suffices.
Later, Veselov and Chirkov [25] have shown that the more general class of bimodular ILP is
also polynomial-time solvable. Other results exploit certain structural properties of A. These
include the large classes of n-fold [13], tree-fold [4], 2-stage and multi-stage stochastic [3],
and 4-block n-fold [12] ILPs, as well as algorithms for ILPs with bounded treewidth [11],
treedepth [10] and fracture number [7] of certain graphs related to the matrix A.

A fundamental question regarding problems involving large numbers is whether there
exists an algorithm whose number of arithmetic operations does not depend on the length of
the numbers involved; if this number is polynomial, this is a strongly polynomial algorithm [24].
For example, the ellipsoid method or the interior-point method which solve LP take time
which does depend on the encoding length, and the existence of a strongly polynomial
algorithm for LP remains a major open problem. So far, the only strongly polynomial ILP
algorithms we are aware of exist for totally unimodular ILP [14], bimodular ILP [2], so-called
binet ILP [1], and n-fold IP with constant block dimensions [6]. All remaining results, such
as Lenstra’s famous algorithm or the fixed-parameter tractable algorithm for n-fold IP which
has recently led to several breakthroughs [4, 16, 18, 19], are not strongly polynomial.

1.1 Qur Contributions

To clearly state our results we introduce the following terminology. The input to a problem
will be partitioned into three parts (a,f,v), where « is the parametric input, 8 is the
arithmetic input, and v is the numeric input. A strongly fized-parameter tractable (FPT)
algorithm for the problem is one that solves it using f(«)poly(83) arithmetic operations and
g(a)poly(3,7) time, where f, g are some computable functions. If such an algorithm exists,
we say that the problem is strongly fized-parameter tractable (FPT) parameterized by o. Thus,
such an algorithm both demonstrates that the problem is FPT parameterized by o because
it runs in FPT time g(a)poly(53,7), and provides a strongly polynomial algorithm for each
fixed . Having multiple parameters aq, ..., ay simultaneously is understood as taking the
aggregate parameter a = a1 + -+ + «ai. If the algorithm involves oracles then the oracle
queries are also counted as arithmetic operations and the answers to oracle queries should
be polynomial in (8,v). Each part of the input may have several entities, which may be
presented in unary or binary, where (e¢) denotes the encoding length of an entity e presented
in binary. For the parametric input the distinction between unary and binary is irrelevant.
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ILP abounds in natural parameters: the dimension n, number of inequalities m, largest
coefficient || Ao, largest right-hand side ||b|| o, various structural parameters of A, etc. Here,
we are interested in algorithms which are both strongly polynomial and FPT.

Recently it was shown that, if we have access to the so-called Graver basis of A, the
problem (ILP) is polynomial time solvable even for various nonlinear objective functions [5, 21].
We show that all of these results can be extended to be strongly polynomial with only (A)
as the arithmetic input.

» Theorem 1. The problem (ILP) with arithmetic input (A) and numeric input (w,b,1, u),
endowed with a Graver-best oracle for A, is solvable by a strongly polynomial oracle algorithm.

The existence of Graver-best oracles is thus of prime interest. We show such oracles for
the wide classes of multi-stage stochastic and tree-fold ILPs; for precise definitions of these
classes cf. Section 3.1.2. See Table 1 for a summary of improvements over the current state
of the art.

» Theorem 2. Multi-stage stochastic ILP with blocks By, ..., By, B; € ZM*™, is strongly
FPT parameterized by l +n1 + - -+ n, and ||A|| .

» Theorem 3. Tree-fold ILP with blocks Ay, ..., A., A; € Z"*t, is strongly FPT parame-
terized by r1 + -+ r; and || A||so-

This improves on the algorithm for tree-fold ILP [4] not only by making it strongly FPT, but
also by leaving the block length ¢ out of the parameter. Similarly, the following algorithm
for the special case of n-fold ILP greatly improves both on the previous results of Hemmecke
et al. [13] and Knop et al. [18] and is the currently fastest algorithm for this problem:

» Theorem 4. n-fold ILP with blocks Ay € Z™ ' and Ay € Z**t can be solved in time
aC?strs”) (nt)6 log(nt) + L((A)), where L((A)) is the runtime of a strongly polynomial LP
algorithm.

Next, we turn our attention to structural parameters of the constraint matrix A. We
focus on two graphs which can be associated with A:

the primal graph Gp(A), which has a vertex for each column and two vertices are

connected if there exists a row such that both columns are non-zero, and,

the dual graph Gp(A) = Gp(AT), which is the above with rows and columns swapped.
Two standard parameters of structural sparsity are the treewidth (measuring the “tree-likeness”
of a graph) and the more restrictive treedepth (measuring its “star-likeness”). We denote the
treewidth of Gp(A) and Gp(A) by twp(A) and twp(A); for treedepth we have tdp(A) and
tdp(A). Note that bounded treedepth implies bounded treewidth but not vice versa.

We show that ILP parameterized by tdp(A) + || Al and tdp(A) + || Al can be reduced
to the previously mentioned classes, respectively, implying (ILP) with these parameters is
strongly FPT.

» Theorem 5. (ILP) is strongly FPT parameterized by tdp(A) and || Al co-

This improves in two ways upon the result of Ganian and Ordyniak [10] who show that (ILP)
with w = 0 (i.e. deciding the feasibility) is FPT parameterized by tdp(A) + || 4, b|le [10].
First, we use the smaller parameter ||Al|s instead of ||A, b/, and second, we solve not
only the feasibility but also the optimization problem. An analogous result holds for the
parameter tdp(A), for which previously nothing was known at all.

» Theorem 6. (ILP) is strongly FPT parameterized by tdp(A) and || A||s-
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Table 1 Run time improvements implied by this paper. We denote by L the binary length of the
numeric input b,l,u, w, i.e., L = (b,1,u, w), and consider (A) to be part of the arithmetic input.
We denote by a = max{2, ||A||«}, by 7, s, ¢ the relevant block dimensions (cf. Section 3.1), and by
L({A)) the runtime of a strongly polynomial LP algorithm [24].

Type of instance Previous best run time Our result
refold ILP a®et 'L (13 aO*s+57%) ()0 log(nt) + L£((A)) Thm 4
n-fold ILP nf1(ars:t) (6]

n-fold ILP O (@) n3L if Ay = (11 --- 1) [18] a®™) (nt)S log(nt) + L((A)) Thm 4
tree-fold ILP fie(a,ma, .. e, )L 4] fee(a,na, .. nr)(nt)® + L((A)) Thm 3
Multi-stage stochastic ILP  fiss(a,n1, ..., n., )L [3] Fuss(a,n1, ... ,ne, )nd + L£((A)) Thm 2
Bounded dual treedepth Open whether fixed-parameter tractable fola,tdp(A)(nt)® + L((A)) Thm 6
Bounded primal treedepth  fp(a, ||blec, tdp(A))nL [10] fr(a,tdp(A))n® + L((A)) Thm 5

We emphasize that the parameterizations cannot be relaxed neither from treedepth to
treewidth, nor by removing the parameter ||Al|w: (ILP) is NP-hard already on instances
with twp(A) = 3 and [|A]le = 2 [10, Thm 12], and it is strongly W[1]-hard parameterized
by tdp(A) alone [10, Thm 11]; the fact that a problem is W[1]-hard is strong evidence that
it is not FPT. Similarly, deciding feasibility is NP-hard on instances with twp(A4) = 3 and
lA]|co = 2 (Lemma 18) and strongly W[1]-hard parameterized by tdp(A) alone [19, Thm 5].

1.2 Interpretation of Results

We believe our approach also leads to several novel insights. First, we make it clear that
the central question is finding Graver-best oracles; provided these oracles, Theorem 1 shows
that tasks such as optimization and finding initial solutions can be handled under very mild
assumptions. Even though we show these tasks are routine, they have been reimplemented
repeatedly [4, 12, 13, 18].

Second, we show that the special classes of highly uniform block structured ILPs, namely
multi-stage stochastic and tree-fold ILPs, are in some sense universal for all ILPs of bounded
primal or dual treedepth, respectively. Specifically, we show that any ILP with bounded
primal or dual treedepth can be embedded in an equivalent multi-stage stochastic or tree-fold
ILP, respectively (Lemmas 25 and 26).

Third, we show that, besides bounded primal or dual treedepth, the crucial property
for efficiency is the existence of augmenting steps with bounded /.- or ¢;-norms, respec-
tively (Lemmas 19 and 21). This suggests that for ILPs whose primal or dual graph is
somehow “sparse” and “shallow”, finding augmenting steps of bounded £.- or £1-norm might
be both sufficient for reaching the optimum and computationally efficient.

1.3 Related Work

We have already covered all relevant work regarding strongly polynomial algorithms for ILP.

Let us focus on structural parameterizations. It follows from Freuder’s algorithm [9] and
was reproven by Jansen and Kratsch [15] that (ILP) is FPT parameterized by twp(A4) and
the largest domain ||u —1]|o0. Regarding the dual graph Gp(A), the parameters tdp(A) and
twp(A) were only recently considered by Ganian et al. [11]. They show that even deciding
feasibility of (ILP) is NP-hard on instances with twy(A) = 3 (twy(A) denotes the treewidth
of the incidence graph; twr(A) < twp(A) + 1 always holds) and ||A||cc = 2 [11, Theorem 12].
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Furthermore, they show that (ILP) is FPT parameterized by tw;(A) and parameter T, which
is an upper bound on any prefix sum of Ax for any feasible solution x.

Dvordk et al [7] introduce the parameter fracture number; having a bounded variable
fracture number p¥ (A) implies that deleting a few columns of A breaks it into independent

blocks of small size; similarly for constraint fracture number p©(A) and deleting a few rows.

Because bounded p"'(A) implies bounded tdp(A) and bounded p®(A) implies bounded
tdp(A), our results generalize theirs. The remaining case of mized fracture number p(A),
where deleting both rows and columns is allowed, reduces to the 4-block n-fold ILP problem,
which is not known to be either FPT or W[1]-hard. Because bounded p(A) implies bounded
tdr(A), ILP parameterized by td;(A) + | Al is at least as hard as 4-block n-fold ILP,
highlighting its status as an important open problem.

Organization. The paper contains three main parts. In Section 2, we provide the proof of
Theorem 1, showing the existence of a strongly polynomial algorithm whenever a Graver-best
oracle is provided. Then, in Section 3, we provide Graver-best oracles for multi-stage stochastic
and tree-fold ILPs and discuss n-fold ILP, and prove Theorems 2, 3 and 4. Finally, in Section 4
we show how to embed any instance of bounded primal or dual treedepth into a multi-stage
stochastic or tree-fold ILP without increasing the relevant parameters, proving Theorems 5
and 6. Due to space restrictions the proofs of our technical statement and other supplementary
material are moved to the full version available at https://arxiv.org/abs/1802.05859;
the statements whose proofs are presented there are marked with (*) .

2 The Graver-best Oracle Algorithm

2.1 Preliminaries

For positive integers m,n, m < n, we set [m,n] = {m,...,n} and [n] = [1,n]. We write
vectors in boldface (e.g., x,y) and their entries in normal font (e.g., the i-th entry of x
is x;). If A is a matrix, A, denotes its r-th column. For an integer a € Z, we denote by
(a) =1+ log, a the binary encoding length of a; we extend this notation to vectors, matrices
and tuples of these objects. For example, (4,b) = (4) + (b), and (A4) = 3_, .(a;;). For a
graph G we denote by V(G) its set of vertices.

Graver bases and augmentation. Let us now introduce Graver bases and discuss how they
are used for optimization. We define a partial order C on R"™ as follows: for x,y € R™ we
write x C y and say that x is conformal to y if ;y; > 0 (that is, x and y lie in the same
orthant) and |x;| < |y;| for ¢ € [n]. It is well known that every subset of Z™ has finitely many
C-minimal elements.

» Definition 7 (Graver basis). The Graver basis of an integer m x n matrix A is the finite
set G(A) C Z™ of C-minimal elements in {x € Z™ : Ax =0, x # 0}.

We say that x is feasible for (ILP) if Ax = b and 1 < x < u. Let x be a feasible solution
for (ILP). We call g a feasible step if x + g is feasible for (ILP). Further, call a feasible
step g augmenting if w(x +g) < w(x). An augmenting step g and a step length o € Z
form an x-feasible step pair with respect to a feasible solution x if 1 < x+ ag < u. An
augmenting step h is a Graver-best step for x if w(x +h) < w(x + Ag) for all x-feasible
step pairs (g, \) € G(A) x Z. The Graver-best augmentation procedure for (ILP) with a given
feasible solution x¢ works as follows:

1. If there is no Graver-best step for xg, return it as optimal.
2. If a Graver-best step h for x¢ exists, set xg := xg + h and go to 1.
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» Proposition 8 ([21, Lemma 3.10]). Given a feasible solution xo for (ILP), the Graver-best
augmentation procedure finds an optimum of (ILP) in at most (2n — 2)log F steps, where
F =wxg — wx* and x* is any minimizer of wx.

» Definition 9 (Graver-best oracle). A Graver-best oracle for an integer matrix A is one that,
queried on w, b, 1, u and x feasible to (ILP), returns a Graver-best step h for x.

2.2 The Algorithm

It follows from Proposition 8 that given a Graver-best oracle, problem (ILP) can be solved in
time which is polynomial in the binary encoding length (A, w, b, 1, u) of the input. We now
show that, in fact, given such an oracle, the problem admits a strongly polynomial algorithm.
In the next theorem the input has only arithmetic and numeric parts and no parametric part.

» Theorem 1. The problem (ILP) with arithmetic input (A) and numeric input (w,b,1, u),
endowed with a Graver-best oracle for A, is solvable by a strongly polynomial oracle algorithm.

» Remark. The partition of the input to the arithmetic input (A) and the numeric input
(w, b, 1, u) is the same as in the classical results for linear programming [8, 24].

Proof. The algorithm which demonstrates the theorem consists of several steps as follows.

Step 1: Reducing b,l,u. Apply the strongly polynomial algorithm of Tardos [24] to
the linear programming relaxation min {wy |y € R"*, Ay = b, 1 <y < u}; the algorithm
performs L£({A)) = poly({A)) arithmetic operations. If the relaxation is infeasible then so is
(ILP) and we are done. If it is unbounded then (ILP) is either infeasible or unbounded too,
and in this case we set w := 0 so that all solutions are optimal, and we proceed as below and
terminate at the end of step 3. Suppose then that we obtain an optimal solution y* € R™
to the relaxation, with round down |y*| € Z". Let a := max{2, ||A||x}. Let C(A) C G(A)
be the set of circuits of A, which are those ¢ € G(A) with support which is a circuit of the
linear matroid of A. Let oo := maxcec(a) [|cfoo. We have oo <n%a" [21, Lemma 3.18].
We now use the proximity results of [12, 14] which assert that either (ILP) is infeasible or
it has an optimal solution x* with ||x* —y*||sc < ncse and hence ||x* — |y*][|oo < nZT1a™ +1.
Thus, making the variable transformation x = z + |y* |, problem (ILP) reduces to following,

min {w(z+ |y*]) [z€ Z", A(z+ |y*]) =b, 1<z+ |y*] <u, [|z]e <nZta" +1},
which is equivalent to the program
min {wz |z€Z", Az=b, 1<z <u} (1)
where
b:=b-Aly*|, l; ;== max{l;—|y}],—(n2 " a"+1)}, @ = minfu;—|y}],n2 " a"+1} .
If some [; > ; then (1) is infeasible and hence so is (ILP), so we may assume that
f(n%“a" +1) < Li<u; <n®t'a"+1, foralli .

This implies that if z is any feasible point in (1) then ||Az||s < na(n?*1a™ 4+ 1) and so
we may assume that [|b|le < na(n2*'a™ + 1) else there is no feasible solution. So we have

1B ocs [ 1flss [0]|so < 29 18™ a0 and hence (b,1, @) is polynomial in (A)
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Step 2: Solving the system of equations. We first search for an integer solution to the
system of equations Az = b. This can be done by computing the Hermite normal form of A,
see [23], using a number of arithmetic operations polynomial in (A) and time polynomial
in (A, b) which is polynomial in (A), and hence strongly polynomially in our original input.
Then either we conclude that there is no integer solution to Az = b and hence (1) is infeasible,
or we find a solution z € Z" with (z) polynomially bounded in (A, b) and hence also in (A).

Step 3: Finding a feasible point. Define relaxed bounds by
[; = min{l;, z;}, ;= max{u;, 2}, i€[n] .

Now for ¢ € [n] iterate the following. If l; < z < @; then simply increment ¢ and repeat. If
z; < l; (and hence [; = z; and 4; = u;) then consider the following auxiliary integer program,

} . 2)

Starting from the point z feasible in (2), and using the Graver-best oracle for A, we can
solve program (2) using Proposition 8 in polynomial time and in a number of arithmetic

max{xi\er”, Ax=b,1<x<

o>

operations and oracle queries which is polynomial in n and log F' (recall F' = z — z; for some
minimizer z}), which is bounded by log(@; — I;) = log(@; — z;), thus polynomial in (A).

Let x be an optimal solution of (2). If z; < I; then (1) is infeasible and we are done.
Otherwise (in which case I <a; < u;) we update ZZ =1, and z := X, increment ¢ and repeat.
The last case z; > u; is treated similarly where in (2) we minimize rather than maximize ;.

Thus, strongly polynomially we either conclude at some iteration ¢ that program (1) is

infeasible or complete all iterations and obtain 1= 1, &t = u, and a point z feasible in (1).

Step 4: Reducing w. Let N :=2n(n2*!a" + 1) + 1. Now apply the strongly polynomial
algorithm of Frank and Tardos [8], which on arithmetic input n, (N) and numeric input
(w), outputs w € Z" with |[W|s < 20" ) NO™*) such that sign(wx) = sign(wx) for all
x € Z™ with ||x]j; < N. Since (N) = O(log N) = O(nlogn + nloga) is polynomial in (4),
this algorithm is also strongly polynomial in our original input. Now, for every two points
x, 7 feasible in (1) we have ||x — z||; < 2n(n2*la™ + 1) + 1 = N, so that for any two such
points we have wx < wz if and only if wx < wz, and therefore we can replace (1) by the
equivalent program

min{Wz:zGZ”,Az:B,Igzgﬁ}, (3)

where

|lWlleo = 90(n1ogn) (0(n*) 414 hence (W, b, 1, ) is polynomial in (A)

Step 5: Finding an optimal solution. Starting from the point z which is feasible in (3),
and using the Graver-best oracle for A, we can solve program (3) using again Proposition 8
in polynomial time and in a number of arithmetic operations and oracle queries which is
polynomial in 2 and in log F', which is bounded by log (n||w||o [0 — I||Oo), which is polynomial
in (A), and hence strongly polynomially. <

» Remark. In fact, the reduced objective w in step 4 need not be constructed: already its
existence implies that (1) is solved in the same number of iterations as (3).
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3  Multi-stage Stochastic and Tree-fold ILP

In this section we prove Theorems 2 and 3. We first formalize a common construction for a
Graver-best oracle: one constructs a set of relevant step lenghts A and then for each A € A
finds a A-Graver-best step. A step with the best improvement among these is then guaranteed
to be a Graver-best step. Thus, we reduce our task to constructing a A-Graver-best oracle.

Both algorithms for multi-stage stochastic ILP and tree-fold ILP follow the same pattern:
1. show that all elements of G(A) have bounded norms (¢, and ¢, respectively),

N

. show that A has bounded treewidth (primal and dual, respectively),
3. apply existing algorithms for (ILP) which are FPT parameterized by || Ao, max ||X]| oo
and max ||x||1, and twp(A4) and twp(A), respectively.

3.1 Preliminaries

3.1.1 Relevant Step Lengths

We say that h € {x € Z" | Ax = 0} is a A\-Graver-best step if Ah is a feasible step and
Awh < Awg for any g € G(A) such that \g is a feasible step. We denote by ¢1(4) =
maXgeg(a) |8l and goo(A) = maxgeg(a) [|8lloc. The following lemma states that provided
a bound on g (A4), in order to find a Graver-best step, it is sufficient to find a A-Graver-best
step for all A € A for some not too large set A.

» Definition 10 (Graver-best step-lengths). Let x be a feasible solution to (ILP). We say
that A € N is a Graver-best step-length for x if there exists g € G(A) with x + \g feasible,
such that VA" € N and Vg’ € G(A4), x + A'g’ is either infeasible or w(x + Ag) < w(x + \'g’).
We denote by A(x) C N the set of Graver-best step-lengths for x.

» Lemma 11 (Polynomial A D A(x)). (*) Let x be a feasible solution to (ILP), let M € N be
such that goo(A) < M. Then it is possible to construct in time O(Mn) a set A C N of size
at most 2Mn such that A(x) C A.

With this A at hand, in order to realize a Graver-best oracle, it suffices to realize an
oracle which finds a A-Graver-best step for a given A:

» Definition 12 (A-Graver-best oracle). A A-Graver-best oracle for an integer matrix A is one
that, queried on w, b, 1, u, x feasible to (ILP), and an integer A € N, returns a A-Graver-best
step h for x.

» Lemma 13 (A-Graver-best oracle = Graver-best oracle). (*) Let A be an integer matrix
and let M € N satisfy goo(A) < M. Then a Graver-best oracle for A can be realized with
2Mmn calls to a A-Graver-best oracle for A.

3.1.2 Multi-stage Stochastic and Tree-fold Matrices

Let the height of a rooted tree or forest be the maximum root-to-leaf distance in it (i.e., the
number of edges along the root-to-leaf path). In the following we let T be a rooted tree of
height 7 — 1 € N whose all leaves are at depth 7 — 1, that is, the length of every root-leaf
path is exactly 7 — 1. For a vertex v € T, let T}, be the subtree of T rooted in v and let
£(v) denote the number of leaves of T' contained in T;,. Let By, B, ..., B; be a sequence of
integer matrices with each B, having [ € N rows and n, columns, where ny € N, ng > 1. We
shall define a multi-stage stochastic matrix T (By,. .., B;) inductively; the superscript P
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refers to the fact that T¥ (B, ..., B;) has bounded primal treedepth tdp, as we will later
see.

For a leaf v € T, TP (B,) := B,. Let d € N, 0 < d < 7 — 2, and assume that for all
vertices v € T at depth d + 1, matrices 7' (B, _q, ..., B;) have been defined. For s € N,
1<s<T, weset Tf(B[S:T]) =TFP(B,,...,B;). Let v € T be a vertex at depth d with §
children vq,...,vs. We set

B‘rfdfl,l('ul) Tf; (B[de:‘r]) to 0
Tf(B[deflz‘r]) = .
BT—d—l,Z(Ug) 0 v T£ (B[T—dIT])
Bs
where, for N €N, B; v = | consists of N copies of the matrix Bs.

The structure of a multi—s‘fafge stochastic matrix makes it natural to partition any solution
of a multi-stage stochastic ILP into bricks. Bricks are defined inductively: for T.X'(B;) there
is only one brick consisting of all coordinates; for T (Bis:r7) the set of bricks is composed of
all bricks for all descendants of v, plus the first ng coordinates form an additional brick.

» Example 14. For 7 = 3 and T with root r of degree 2 and its children uw and v of

Bs B
degree 2 and 3, we have T (Ba, B;) = (gz Ba Bs)’ TF(Bg, Bs) = (gi ° By 5 ), and
By By Bs ’ ’
Bi B  Bs
TP(Bl, BQ7 Bg) = T;{:)(Bl7 Bg, BQ) = B, B2 B3 N with a total of 8 bricks.
Bl BZ B3
B, B> B3

Tree-fold matrices are essentially transposes of multi-stage stochastic ILP matrices. Let
T be as before and Ay,..., A, be a sequence of integer matrices with each A, € Z"**, where
teN, ry €N, r, > 1. We shall define TP (Ay,..., A;) inductively; the superscript D refers
to the fact that 7°(Ay,..., A;) has bounded dual treedepth. The inductive definition is the

same as before except that, for a vertex v € T at depth d with § children vy, ..., vs, we set
Ar_g 1) Ar—d—10ws) 0 Ar—d—1.e(vs)
T} (Apr—a:x]) 0 e 0
ijD(A[T—d—lz‘r]) = 0 T£(A[T—d:7']) e 0
0 0 e T£ (A[de:'r])

where, for N € N, A; vy = (As- -+ As) consists of N copies of the matrix A;. A solution x of
a tree-fold ILP is partitioned into bricks (x!,...,x™) where n is the number of leaves of T,
and each x? is a t-dimensional vector.

3.1.3 Structural Parameters

We consider two graph parameters, namely treewidth tw(G) and treedepth td(G). We postpone
the definition of treewidth to the full version as it is not central for us.

» Definition 15 (Treedepth). The closure cl(F) of a rooted forest F' is the graph obtained
from F by making every vertex adjacent to all of its ancestors. The treedepth td(G) of a
graph G is one more than the minimum height of a forest F' such that G C cl(F).

It is known that tw(G) < td(G). The treedepth td(G) of a graph G with a witness forest
F can be computed in time fiq(td(G)) - |V(G)| for some computable function fiq [22].
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» Definition 16 (Primal and dual graph). Given a matrix A € Z™*" its primal graph
Gp(A) = (V,E) is defined as V = [n] and E = {{i,j} € ([g]) | 3k € [m] : A, Ag; #0}. In
other words, its vertices are the columns of A and two vertices are connected if there is a
row with non-zero entries at the corresponding columns. The dual graph of A is defined as
Gp(A) = Gp(AT), that is, the primal graph of the transpose of A.

» Definition 17 (Matrix treewidth). Given a matrix A, its primal treewidth twp(A) is defined
as the treewidth of its primal graph, i.e., tw(Gp(A)), and its dual treewidth twp(A) is
tw(Gp(A)). Similarly, we define the primal and dual treedepth as tdp(A) = td(Gp(A)) and
tdp(A) = td(Gp(A)), respectively.

Using a proof of Ganian et al. [11, Theorem 12] we show that we cannot hope to relax
the parameter tdp(A) to twp(A), even if ||A||o was a constant.

» Lemma 18. (*) (ILP) is NP-hard already when twp(A) =3, || Allco = 2, and w = 0.

3.2 Multi-stage Stochastic ILP is strongly FPT

To prove Theorem 2, we need two ingredients: a bound on g (A), and an algorithm for (ILP)
with bounded twp(A) and max ||X||co-

» Lemma 19 (Multi-stage stochastic = bounded g..(4)). (*) Let A=TF(By,...,B;). Then
Joo(A) < frmss-norm(a,n1, ..., n., 1) for some computable function fmss-norm.

» Lemma 20. (*) Let X € N. Problem (ILP) with the additional constraint ||x||eo < X can
be solved in time (X + 1)00tWe(A) . (n 4 m).

Proof of Theorem 2. Let A = TP(Bl,...,BT) be a multi-stage stochastic matrix. By
Lemma 19, g (A) is bounded by M = fissnorm (@, n1, ..., nr,1). We show how to construct
a A-Graver-best oracle. Given an integer A\ € N, use Lemma 20 to solve

min{Awh | Ah=0,1<x+ Ah < u, |h|lcc < M} .

This returns a A-Graver-best step, because any optimal solution satisfies Ah < Ag for all
g € G(A). Using a simple induction and the inductive construction of A, one gets that A has
twp(A) <tdp(A) <ny+---+n,+1 and thus the oracle is realized in FPT time. Lemma 13
then yields a Graver-best oracle, which, combined with Theorem 1, finishes the proof. <«

3.3 Tree-fold ILP is strongly FPT

As before, to prove Theorem 3, we need two ingredients: a bound on g1 (A), and an algorithm
for (ILP) with bounded twp(A4) and max ||x||;.

» Lemma 21 (Tree-fold = bounded g;(A)). (*) Let A; € Z"*! for i € [r] with a =
max{2, max;e[;) | Ailloc}, r = >1_ 5. Let A=TP(Ay,..., A;). There exists a computable
function fipnorm(a,r1,...,7:) such that g1(A) < fifmorm(a;7T1,...,77).

Proof sketch. Chen and Marx [4] prove a similar result under the assumption that ¢ is also
a parameter; thus, the remaining problem are essentially duplicitous columns. However, De
Loera et al. [5] show that repeating columns of any matrix A’ does not increase g1(A’), and
thus we can take A, delete duplicitous columns, apply the result of Chen and Marx, and our
Lemma follows.

» Lemma 22. (*) Let X € N. Problem (ILP) with the additional constraint ||x||; < X can
be solved in time (aX)PWWp () . where a = max{2, || Ao }-
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Proof sketch. Lemma 22 is proved by reformulating the nonlinear constraint ||x|; < X
, » imposing the
constraint Y 1, (z; + ;) < X, and showing that this does not increase twp(A) much; then,
a recent dynamic programming algorithm of Ganian et al. [11, Theorem 6] does the job.

by “splitting” each variable x; into two non-negative variables x; = xj —x

Proof of Theorem 3. Let A = TP(A;,..., A;) be a tree-fold matrix. By Lemma 21 we
have that g1(A) < fifnorm(a, 71, ...,7,) =1 M We show how to construct a A-Graver-best
oracle. Given an integer A € N, solve min{Awh | Ah=0,1<x+ Ah <u, |h|; < M}

using Lemma 22; clearly the result is a A-Graver-best step. Using a simple induction and the
inductive construction of A, one gets that A has twp(A) <tdp(A) <ry1+---+7r;+1and
thus the oracle is realized in FPT time. Lemma 13 then yields a Graver-best oracle, which,
combined with Theorem 1, finishes the proof. |

n-fold ILP. A special case of tree-fold ILP is n-fold ILP, obtained by taking T to be the
star with n leaves and A = TP (A, Ay), where A; € Z™** and Ay € Z5*1.

Proof of Theorem 4. Before we apply Lemma 22, we need to bound g;(A). It follows from
the proof of [13, Lemma 6.1] that there is a number g(A4) = maxyeg(a,6(4,)) [|VIl1 such that
91(4) < g(4) - g1(As).

Let da < (2a + 1)® be the number of distinct columns of As. De Loera et al. [5] give a
bound on g;1(A) in terms of the number of distinct columns of a matrix A:

» Lemma 23 ([5, Corollary 3.7.4]). Let A € Z™*™ be a matriz of rank r, let d be the number
of different columns in A, and let a = max{2, ||Al|co}. Then g1(A) < (d—7)(r+1)(y/ma)™ .

Thus, g1(Az2) < (d2 — s)(s + 1)(v/sa)® < (as)°®). Let G be a matrix whose columns are
elements of G(Az). We have that |A;Gallee < a - (as)?®) < (as)9®). Moreover, since
A1G4 has r rows, it has at most d; = ((as)o(s))r = (as)?(®) distinct columns. Again,
by Lemma 23 we have that g(A) = ¢1(A1G2) < (dy —7)(r + 1)(v/7as)°?)" < (ars)©0).
Combining, we get g1(A4) < (ars)?) - (as)°®) < (ars)Os) = M.

We have twp(A) < r+ s+ 1 and thus running the algorithm of Lemma 22 once takes
time ((ars)o(”))ﬂ_s nt < (ars)o(r2s+”2)nt and finds the A-Graver-best step. Lemma 13
then yields a Graver-best oracle. The reduced objective function w in Step 4 of the proof of
Theorem 1 satisfies ||W|oo < (ant)o((”t)3) and thus the number of calls to the Graver-best

oracle is bounded by (nt)?log(nt), concluding the proof. <

4  Primal and Dual Treedepth

We prove Theorems 5 and 6 by showing that an ILP with bounded primal (dual) treedepth can
be embedded into a multi-stage stochastic (tree-fold) ILP without increasing the parameters
too much. The precise notion of how one ILP is embedded in another is captured as follows.

» Definition 24 (Extended formulation). Let n’ > n, m' e Ny A € Z™*" b € Z™, LLu €
(Z U {+oo}® and A’ € Z™'*" b’ € ™, 1, u' € (ZU {£o0})". We say that A'(x,y) =
b',1' < (x,y) < U’ is an extended formulation of Ax =b,1<x <uif {x| Ax=b,1<x <
uf ={x|Jy: A(x,y)=b ' <(x,y) <u'}.

We note that from here on we always assume that if tdp(A4) = k or tdp(A) = k, then
there is a tree (not a forest) F of height k& — 1 such that Gp(A) C cl(F) or Gp(A) C cl(F),
respectively. Otherwise Gp(A) is not connected and each component corresponds to a subset
of variables which defines an ILP that can be solved independently; similarly for Gp(A).
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4.1 Primal Treedepth

» Lemma 25 (Bounded primal treedepth = multi-stage stochastic). Let A,b,1 and u as
in (ILP) be given, let a = max{2,||Alloc} and 7+1 = tdp(A). Then there exists C € Z™ *™'
b € Z™ and) v € (ZU{+oco})", v’ < nr, m’ < (2a—|—1)72, which define an integer program
C(x,y) = b\l < (x,y) < U, which is an extended formulation of Ax = b,1 < x < u.

T2 2 -2
Moreover, there exist matrices By, ..., B._1 € Z2etD" X7 4nd B, € AR (T+(2a+1) )
and a tree T such that C = TY (B, ..., B;) is a multi-stage stochastic constraint matriz, and
all can be computed in time fp-cmpea(a,tdp(A)) - n? for some computable function fp.cmped-

Proof. Let F' be a rooted tree of height 7 such that Gp(A) C cl(F) (recall that it can be
computed in time fiq(tdp(A)) - |[V(Gp(A))]).

Step 1: Dummy columns. We make F' structured by adding dummy columns. Observe
that every root-leaf path is of length at most 7 and thus contains at most 7 branching vertices.
Unless I is a path, obtain a matrix A’ from A by inserting zero columns into A in order
to make the path between any two branching vertices of length 7; a special case is the root
which we force to be in distance 7 — 1 from the closest branching vertex. Set lower and upper
bounds on the corresponding new variables to 0. A zero column is an isolated vertex in the
primal graph and thus can be inserted to an arbitrary path of the tree F. Moreover, if any
leaf is at depth less than 72 — 1, insert zero columns in the same way to make it be at depth
exacty 72 — 1. Now there exists a rooted tree F’ of height 72 — 1 such that Gp(A’) C cl(F),
all branching vertices are in distances 0,7 — 1,27 — 1,..., (7 — 1)7 — 1 from the root, and all
leaves are at depth exactly 72 — 1. We call all vertices at depth 0 or i7 — 1, for i € [7], frets,
including the root and leaves.

Step 2: Multi-stage stochastic extended formulation. Consider a root-leaf path P in F”:
its vertex set V(P) corresponds to a certain subset of the columns of A’, with |V (P)| < 72.
Furthermore, any row a of A’ with supp(a) C V(P) can be written as a vector (a',...,a”) €
77" with a' € Z7 for each i € [7], and with ||a||s < a. The bricks a’ correspond to segments
between frets (including the end fret, i.e., the fret farthest from the root; segments adjacent
to the root also contain the root). Also, for any row a of A’, there exists some root-leaf path
P such that supp(a) C V(P).

This inspires the following construction: let B € Z(
columns are all the possible vectors a € Z7 with ||a|s < [|Alo. Let B; € 7(2a+1)7" T for
i € [7], be the submatrix of B formed by rows (i — 1)7 + 1,...,47 and modify the last such
submatrix B, by putting B, := (B, | I) where I € 2t )T x(2at)™ g e identity matrix;
the variables corresponding to columns of I will play the role of slack variables. Let T be
the tree of height 7 obtained from F’ by contracting all paths between frets.

Now, let C = T¥(By, ..., B,). Obtain F from F' by appending a leaf to every leaf, and
observe that Gp(TF(By, ..., B;)) C cl(F); the new leaves correspond to the slack variables
in B;. Our goal now is to construct a right hand side vector b’ and lower and upper bounds
1',u’ to enforce exactly the constraints present in Ax = b. For every root-leaf path P in F’

2, 2 .
2a+1)" X7° he the matrix whose

there is a corresponding root-leaf path P in F such that P is P with an additional leaf. Fix
a root-leaf path P in F’. For every row a of A’ with supp(a) C V(P) and right hand side 3,
there exists a unique row ¢ of C' with supp(c) € V(P) such that ¢ = (a, 1), and we set the
right hand side of row ¢ to f3.

For every row ¢ of C' which was not considered in the previous paragraph, set the right
hand side to 0 and for the slack variable of this row set the lower bound to —co and the
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upper bound to co. Let us remark in passing that we are not limited by using the standard
equality form of ILP: transforming an instance Ax < b into the standard equality form by
adding slack variables only possibly increases the treedepth by 1. |

4.2 Dual Treedepth

» Lemma 26 (Bounded dual treedepth = tree-fold). (*) Let A,b,1 and u be as in (ILP),
a = max{2,||Al|ls} and 7+ 1 = tdp(A). Then there exists D € Z™*" b € Z™ and
I',u € (zZu {ioo})"/, n <nt,t<n, m <m-71, which define an extended formulation of
Ax = b,1 < x < u. Moreover, there exist matrices Ai,...,A; € Z7%! and a tree T such
that D = TP (Ay,..., A,) is a tree-fold constraint matriz, and all can be computed in time
ID-emped(a, tdp(A)) - n? for some computable function fp_embed-
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1. Introduction
Our focus is on the integer (linear) programming (I(L)P) problem in standard form

min{f(x)|Ax=b,1 < x < u,xeZ"}, and (IP)

min{wx|Ax=b,1 < x < u, xeZ"}, (ILP)

with A an integer m X n matrix, f : R" — R a separable convex function, b € Z", and 1,u € Z". Note that in this work,
we assume that the bounds 1, u are finite.

(IP) is well known to be strongly NP-hard already in the special case (ILP) when f(x) = wx is a linear objective
function for some vector w € Z". In spite of that, in this paper we identify broad natural and useful conditions
under which (IP) can be solved in polynomial time, even when the number of variables # is a variable part of the
input. Parameterized complexity (Cygan et al. [16], Downey and Fellows [18]) offers a framework for studying
such efficient algorithms for hard problems. Specifically, a fixed-parameter tractable algorithm for problem P with
input length n and parameter k is one that runs in time g(k)poly(n), where g is some computable function and
poly(n) is a polynomial of degree independent of k (as opposed to a much less desirable running time of the form
n®). A problem P admitting a fixed-parameter algorithm is said to be fixed-parameter tractable (FPT) parameterized by k.

Here, we consider two natural parameters of the constraint matrix A: its numeric measure a and its sparsity mea-
sure d defined as follows. The numeric measure depends only on the values of the entries of the matrix A and is
essentially the largest absolute value of any coefficient: specifically, we define a to be 2 := max{2,||A||.}. On the
other hand, the sparsity measure d depends only on the structure of nonzeroes of A, and we use the notion of pri-
mal and dual treedepth to capture it. These are defined as follows. Let Gp(A) denote the primal graph of A, which
has {1,...,n} as its vertex set, and an edge between vertices i and j exists if A contains a row which is nonzero in
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coordinates i and j. The dual graph of A is Gp(A) := Gp(AT). (These notions are the exact analogues of the variable
and constraint graphs, respectively, from areas like constraint satisfaction, artificial intelligence (AI), SAT (satisfia-
bility) solving, etc. (Rossi et al. [52]).) The treedepth of a graph denoted td(G) is the smallest height of a rooted forest
F such that each edge of G is between vertices which are in a descendant-ancestor relationship in F (NeSetfil and
Ossona de Mendez [46] and Pilipszuk et al. [50]). For example, the treedepth of any star is two, of the path on 7 ver-
tices is [log, (1 +1)], and of the n-vertex complete graph K, is n. The primal treedepth of A is tdp(A) := td(Gp(A)), and
analogously the dual treedepth of A is tdp(A):=td(Gp(A)). Then, the sparsity measure d is defined as d:=
min{tdp(A), tdp(A)}.

Denote by (A, f,b,1,u) the binary encoding length of an (IP) instance. Here, we define the encoding length of f to
be the length of fs,,, which is the difference between the maximum and minimum values of f on the domain. We
assume that f(x) € Z whenever x € Z". The function f is given by a comparison oracle, and we assume one compari-
son has a unit cost.

Our main result is stated as follows.

Theorem 1. There exists a computable function g such that problem (IP) can be solved in time
g(a,d)poly(n, L), where d := min{tdp(A), tdp(A)} and L := (A,f,b,1,u).

In other words, (IP) is FPT parameterized by a and d. Note that for our algorithm to be fast, it suffices if at least one
of tdp(A) and tdp(A) is small. We note that our results cannot be improved in multiple senses (see Eisenbrand et al.
[23] for details); for example, we focus on separable convex objective functions because both nonseparable convex
and separable concave functions lead to NP-hardness, already when A is empty or just a row of 1’s, respectively
(Eisenbrand et al. [23, proposition 107]). Observe that already for a=1 or d=1 (ILP) is NP-hard (Eisenbrand et al.
[23]). Moreover, arguably the two most important tractable classes of (IP) are formed by instances whose constraint
matrix either is totally unimodular or has a small number #n of columns, yet our results are incomparable with
either: the class of totally unimodular matrices might have large d, but has a=1, and the matrices considered here
have variable .

Our results also hold for (IP), whose constraints are given in the inequality form Ax < b: introducing slack vari-
ables leads to (IP) in standard form with a constraint matrix A; := (A I), with min{tdp(A;), tdp(A;)} < min{tdp(A)
+ 1,tdp(A)}.

1.1. Related Work

In the literature there are some FPT algorithms for special cases of our settings. However, they do not capture all
cases in which 4, d are relatively small. We distinguish work prior to 2018 when the conference papers (Eisenbrand
et al. [22] and Koutecky et al. [43]) forming the basis of our work were published, and subsequent results. We wish
to highlight that a major contribution of this paper, besides the main result itself, is its self-contained, unified, and
streamlined presentation.

1.2. Work Prior to 2018

In the 1980s it was shown by Lenstra [45] and Kannan [38] that (ILP) can be solved in time n®WL, where L is the
length of the binary encoding of the input. Other large tractable classes are n-fold (Hemmecke et al. [34]), tree-fold
(Chen and Marx [8]), and two-stage and multistage stochastic (Aschenbrenner and Hemmecke [1]), as well as algo-
rithms for ILPs with bounded treewidth (Ganian et al. [27]), treedepth (Ganian and Ordyniak [26]) and fracture
number (Dvorak et al. [19]) of graphs related to the matrix A. The class of 4-block n-fold IPs has an algorithm with
time complexity n8®) (Hemmecke et al. [33]) where k is the maximum of the largest absolute value of a coefficient
and the largest dimension, and is not known to be solvable in time g(k)poly(n). (IP) is FPT parameterized by the pri-
mal treewidth twp(A) together with the largest domain |ju —1||, (Freuder [25] and Jansen and Kratsch [36]). The
parameters tdp(A) and twp(A) were only recently considered by Ganian et al. [27]. They show that (IP) is FPT
parameterized by tw;(A), the incidence treewidth, together with the parameter I', which is an upper bound on any
prefix sum of Ax for any feasible solution x.

1.3. Subsequent Work

Knop et al. [41] gave lower bounds for (ILP) with few rows and also (ILP) parameterized by tdp(A). On the side of
hardness, Eiben et al. [20] have shown that (ILP) is NP-hard already when the more permissive incidence treedepth
tdi(A) is five and [|A||, = 2. Chen et al. [9] study the complexity of 4-block n-fold IPs with blocks of constant size,
but possibly containing large coefficients. Hunkenschroder et al. [35] show near-optimal lower bounds for the
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parameters a,tdp(A),tdp(A) studied here. They show that the complexity grows from single- to double-
exponential as one increases the number of levels in a treefold IP, and similarly from double- to triple-exponential
for multistage IPs.

Based on the parametric search framework and using new formulations and proximity theorems, strongly poly-
nomial near-linear algorithms for (ILP) parameterized by a and d have been devised by Cslovjecsek et al. [13] and
Cslovijecsek [14]. Chen et al. [11] show a faster algorithm for 4-block n-fold IPs. Chen et al. [10] show an FPT algo-
rithm for a subclass of 4-block n-fold IPs which can be used to model certain scheduling problems. Knop et al. [42]
give an algorithm for a high-multiplicity variant of the n-fold IP problem. Brand et al. [3] show that the mixed ILP
problem where some variables are allowed to be continuous is still FPT in the same regime as the (purely) integer
problem (ILP). However, the linearity of the objective and integrality of bounds are crucial, because removing
either quickly leads to hardness, as shown in Brand et al. [4]. Chan et al. [7] and Brianski et al. [5] consider generali-
zations of the parameter d: for a matrix A to be viewed as sparse, it suffices that its column matroid is sparse in
some well-defined sense, because then one can formulate an equivalent auxiliary problem with a matrix A” which
has small d and a and use, for example, the algorithms described here. Klein and Reuter [40] improve the function
g(k) in the case of primal treedepth tdp(A). Cslovjecsek et al. [15] study the complexity of n-fold and two-stage sto-
chastic IPs which contain large coefficients, but only in the horizontal or vertical blocks, respectively, and show
FPT algorithms. Notably, to accomplish their results, they develop a new approach which does not use either itera-
tive augmentation or proximity techniques. Eisenbrand et al. [24] consider when a (linear or separable convex)
objective function can be replaced by a simpler one, and show lower and upper bounds.

1.4. Organization

In Section 2, we set the notation, terminology, and definitions. In Section 3, we show how the general problem (IP)
can be reduced to a polynomial number of instances of a simpler subproblem corresponding to finding augment-
ing steps. In Section 4, we characterize the block structure of matrices of small treedepth. Finally in Section 5, we
first prove bounds on the norms of augmenting steps, and then show how the problem of finding them can be effi-
ciently solved for the matrices of interest, concluding the proof of Theorem 1.

2. Preliminaries

We write vectors in boldface (e.g., x,y) and their entries in normal font (e.g., the i-th entry of x is x;). For positive
integers m < nweset [m,n]:={m,...,n}and [n] :=[1,n], and we extend this notation for vectors: for1,u € Z" with
1 <u,[lu]:={xeZ"|l < x < u}.If Ais amatrix, A; ; denotes the j-th coordinate of the i-th row, A; . denotes the
i-th row, and A, ; denotes the j-th column.

We use log :=log,. For an integer a € Z,{a) := 1 +[log(|a| + 1)] denotes the binary encoding length of a; we
extend this notation to vectors, matrices, and tuples of these objects. For example, (A,b)=(A)+(b), and
(A)=>", ](Al 7). Letnnz(A) be the number of nonzeroes of A.

For a function f : Z" — Z and two vectors 1,u € Z", we define fg};‘ '= maXy, vefi,u] [f(X) —f(X')]; if [1,u] is clear
from the context, we omit it and write just fg,,. This quantity provides an upper bound on the optimality gap of our
iterative algorithm, that is, on the difference between the value of the current iterate and the optimum.

We assume that f : R” — R is a separable convex function; that is, it can be written as f(x) = Y, fi(x;) where f; is
a convex function of one variable, for each i € [n]. Moreover, we require that for each x € Z", f(x) € Z. Because we
do not want to assume that the values of f are given as a list, we use the standard assumption of f being given as a
comparison oracle: that is, an oracle which for any two points x,y € Z" answers the query “f(x) < f(y)?”.

We use w to denote the smallest number such that matrix multiplication of # X n matrices can be performed in
time O(n®). The current best bound is w < 2.371552 (Williams et al. [56]); for more context, see the references
therein. We say that a system of equations Ax = b is pure if the rows of A are linearly independent. The next state-
ment follows easily by Gaussian elimination; hence, we assume m < n throughout the paper.

Proposition 1 (Purification (Grotschel et al. [32, Theorem 1.4.8])). Given A € Z™" and b € Z" in time O(min{n, m}nm),
one can either declare Ax = b infeasible or output a pure equivalent subsystem A’x =b’; that is, A’x =b’ is pure, its rows
are a subset of Ax =b, and Vx: Ax=b=A'x=b’.

For a graph G we denote by V(G) its set of vertices.
2.1. Introduction to lterative Augmentation

Let us introduce Graver bases and discuss how they are used for optimization. We define a partial order C on R" as
follows: for x,y € R" we write x E y and say that x is conformal to y if, for each i € [n], x;y; 2 0 and |x;| < |y;|. For a
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matrix A € Z™" we write kerz(A) = {x € Z"|Ax = 0}. It is well known that every subset of Z" has finitely many
C-minimal elements (Gordan’s lemma [30]; for a modern proof see Bruns and Gubeladze [6]). Using these notions,
we define the Graver basis as follows.

Definition 1 (Graver Basis [31]). The Graver basis of an integer m X n matrix A is the finite set G(A) C Z" of C-mini-
mal elements in kerz(A) \ {0}.

The Graver basis G(A) can be also equivalently defined as the union of the Hilbert bases of the orthant cones
intersected with ker(A); see De Loera et al. [17, lemma 3.2.2]. One important property of G(A) is the following
“positive sum property.”

Proposition 2 (Positive Sum Property (Onn [48, Lemma 3.4])). Let A € Z"™". For any x € kerz(A), there exists an n’ <
2n — 2 and a decomposition x = 27:1 Ajg; with A; € N and g; € G(A) for each j € [n’], and with g; € x.

We say that x € Z" is feasible for (IP) if Ax =b and1 < x < u. Let x be a feasible solution for (IP). We call g a feasible
step if x + g is feasible for (IP). Further, call a feasible step g augmenting if f(x + g) < f(x). An important implication
of Proposition 2 is that if any augmenting step exists, then there exists one in G(A) (De Loera et al. [17, lemma
3.3.2]).

Example 1 (Simple lterative Procedure). Consider the task of minimizing a linear function w over the integers of
a box [1,u]. In this case, the constraint matrix A is empty; thus, G(A) is the set of  unit vectors. Let e; € Z" be the
j-th unit vector. Starting from the (feasible) solution xo := 1, the smallest point in the box, a simple iterative proce-
dure would be to, in step i =0,1,..., choose any e; with we; < 0 and with (x; + ¢;) € [1,u] (i.e., feasible), and set
Xi+1 1= X; + €;. When no such e; exists, x; is optimal.

A clear weakness of this procedure is that it can make as many as |ju —1||; steps to converge. An easy fix is to
take “long steps”: whenever we; < 0, apply e; exhaustively; that is, find the largest A € N such that x; + Ae; is fea-
sible, and set x;11 ;= x; + Ae;. (Notice that in this example we will always have A =u; —1;, and (x,-+1)j =u;.) This
will inform our next development in Section 3.

2.2. Standard Properties of the Graphs of A
Recall that Gp(A) denotes the primal graph of A, which has V(Gp(A)) = [n] and E(Gp(A)) = {ij|3r € [m]s.t. A, #0 A
Ay,j # 0}, and the dual graph of A is Gp(A) := Gp(AT). From this point on we always assume thaE‘ Gp(A) and Gp(A)

are connected; otherwise A has (up to row and column permutations) a diagonal structure A = ( ) and solv-
ing (IP) amounts to solving d smaller (IP) instances independently. Aa

Definition 2 (Treedepth). The closure cl(F) of a rooted tree F is the graph obtained from F by making every vertex
adjacent to all of its ancestors. We consider both F and cl(F) as undirected graphs. The height of a tree F denoted
height(F) is the maximum number of vertices on any root-leaf path. The treedepth td(G) of a connected graph G
is the minimum height of a tree F such that G C cl(F); namely, every edge of G belongs to the edge set of cl(F)
where the vertex set of F is the same as the one of G. A td-decomposition of G is a tree F such that G C cl(F). A
td-decomposition F of G is optimal if height(F) = td(G).

Computing td(G) is NP-hard, but fortunately can be done quickly when td(G) is small:

Proposition 3 (Reidl et al. [51]). The treedepth td(G) of a graph G with an optimal td-decomposition F can be computed in
time 2'4C" 1 V(G)].

We define the primal treedepth of A to be tdp(A) := td(Gp(A)) and the dual treedepth of A to be tdp(A) := td(Gp(A)).
For an example, see Figure 1.

We often assume that an optimal td-decomposition is given because the time required to find it is dominated by
other terms. Moreover, in many applications a small td-decomposition of Gp(A) or Gp(A) is clear from the way A
was constructed.

By definition, a graph G has at most td(G)*|V(G)| edges because the closure of each root-leaf path of a td-decom-
position of G contains at most td(G)* edges, and there are at most | V(G)| leaves. Thus, when assuming that tdp(A)
or tdp(A) is small, as we do here, constructing Gp(A) or Gp(A) can be done in linear time if A is given in its sparse
representation. Throughout we shall assume that Gp(A) or Gp(A) is given.

3. Refined Augmentation Procedures

Our algorithm is based on the approach of augmentation procedures. These are iterative algorithms that start with
a feasible solution, and at each step the algorithm tries to improve the current solution until it converges to an opti-
mal solution.
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Figure 1. The primal graph Gp(A) of the matrix A on the left is the cycle of length six. On the right, F and F’ are two different
td-decompositions of Gp(A). To see that they are indeed td-decompositions of Gp(A), it suffices to verify that the edges of Gp(A)
(dashed) only occur between vertices which are in an ancestor-descendant relationship. The height of a decomposition is the
length of the longest root-leaf path. In both F and F’, this is three, as witnessed by the path from the root (1) to a furthest leaf (6,
marked by a square).
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Example 1 demonstrates this in a very simple setting; however, in the full generality of solving (IP), several chal-
lenges arise. First, the directions that are easily considered (e.g., axis parallel directions) may lead to infeasible solu-
tions; thus, we need to consider directions in the Graver basis. However, the set G(A) may be too large to
enumerate directly. Second, an optimal step-length may be difficult to determine, particularly when fis not linear
but separable convex. Third, in our example it was trivial to obtain an initial feasible solution, but in general this
may be much harder. In the following, we will gradually show how to reduce the general task of solving (IP) to
polynomially many instances of a related but easier subproblem.

An augmenting step g and a step-length A € N form an x-feasible step pair if1 < x+ Ag < u. An augmenting step h
is a Graver-best step for x if f(x + h) < f(x + Ag) for all x-feasible step pairs (g, A) € G(A) x N. A slight relaxation of a
Graver-best step that we introduce here for the first time is a halfling: an augmenting step h is a halfling for x if
f(x)—f(x+h) > %(f (x) — f(x+ Ag)) for all x-feasible step pairs (g, A) € G(A) X N. A halfling augmentation procedure for
(IP) with a given feasible solution xo works as follows. Let i := 0.

1. If there is no halfling for x;, return it as optimal.

2. If a halfling h; for x; exists, set x;1 := x; + h;, i := i + 1, and go to step 1.

Say that the algorithm has made i steps if x;_; is returned as optimal in step 1.

Lemma 1 (Halfling Convergence). Given a feasible solution xo for (IP), the halfling augmentation procedure finds an opti-
mum of (IP) in at most two steps if f(xo) — f(x*) < 1, and in at most 3nlog(f(xo) — f(x*)) < 3n log(f[ 1) steps otherwise.

Before we prove the lemma, we need a useful proposition about separable convex functions:

Proposition 4 (Separable Convex Superadditivity (De Loera et al. [17, Lemma 3.3.1])). Let f(x) = > i, fi(x;) be separable
convex, let x e R", and let g,,..., g, € R" be vectors with the same sign pattern from {< 0, > 0}"; that is, they belong to a
common orthant of R". Then

k k
x+Y g | —f00>D alf(x+g) —f(x) )
j=1 j=1

for arbitrary integers ay, . .., a € N.

Proof of Lemma 1. Let x* be an optimal solution of (IP). If xq is optimal, the halfling augmentation procedure
terminates with xg, that is, in one step. If f(xo) —f(x*) =1, then the procedure will terminate after two steps
because any augmenting step (in particular, any halfling) improves the ob]ectlve by one. Thus, assume that
flxo) —f(x") > 2. By Proposition 2 we may write X" — xg = Z -1 A8 such that g, L x* —xo, g; € G(A), and A; € N for
allje[n'],and n’ < 2n — 2. We apply Proposition 4 to xg and the ' vectors /\]g] with @ := 1 so by (1) we have

0>f(x")—f(xo) =f | xo+ Z?\jgj —f(xo0) = Z(f(xO +1;8;) — f(x0)),
= =

and multiplying by —1 gives 0 < f(xo) — f(x*) < Z]":l(f (xo) = f(x0 + A;g;)). By an averaging argument, there must
exist an index € € [n’] such that

F00) 0+ Argy) = - (Fxa) —fx). ©
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Consider a halfling h for xo: by definition, it satisfies f(xo) — f(xo +h) > 3 (f(x0) — f(x0 + A¢g,)) = 55 (f(x0) — f(x*)).
Say that the halfling augmentation procedure required s iterations, and recall that n’ < 2n —2. We apply the
same reasoning as developed above for x* — xp to each x* —x;, i € [s — 1], as we have applied to x* — x¢ (yielding
different decompositions each time) to show that

o) =) < (1= g ) )~ FxD = 3o
and, by repeated application of this inequality, f(x;) — f(x*) < (72=3) i(f (x0) — f(x*)). Because i is not the last iteration,
f(xi)) = f(x*) 21 by the integrality of f. Take t:=4n —4 and compute an upper bound on i. We start with 1 <
(=) (f(x0) — f(x")). Taking the natural logarithm gives 0 < iIn(*) +In(f(xo) — f(x*)) and movmg terms around
then gives —i In(=1) =i In(:5) < In(f(xo) — f(x*)). Dividing by ln(t 1), we obtain i < (In(%)) ln(f(xo) —f(x)).
Now Taylor expansion gives for t>3 that In(1+%) > From this it follows for all t+>3 that

_ =1 o 1)z
(In(1+)) "' < £ Plugging back  := 4n — 4, we get that foralln > 2 we have t > 3 and hence

i < (4n—4)In(f(xo) — f(x")) = (4n —4) - In 2-log, (f(xo) — f(x")),

and the number of iterations is at most one unit larger. Because f(xo) —f(X") < fgap and In(2) = 0.693147... < 3/4,
we have that the number of iterations is at most 31 log(fgap). O

Clearly, we would like to find halflings quickly using the following lemma.

Lemma 2 (Powers of Two). Let I', ={1,2,4,8,...} and x be a feasible solution of (IP). If h satisfies f(x +h) < f(x+ Ag)
for each x-feasible step pair (g, A) € G(A) X I', then h is a halfling.

Proof. Consider any Graver-best step pair (g",1") € G(A) X N, let A :=21°5"] and choose 1/2 < < 1 in such a
way that A = yA". Convexity of f yields

fxo) —f(xo +Ag") = f(x0) — [(1 = y)f (x0) + pf(x0 + A'g")]
=y(f(x0) —f(x0 +A°g’))

1 * %
2 5 (f(x0) = f(xo +A°8"))-
Thus, Ag" is a halfling, and by the definition of h, f(x + h) < f(x+ Ag") and so h is also a halfling. O

Therefore, the main task is to find, for each A €I, a step h which is at least as good as any feasible Ag with
g € G(A). We use the notion of a best solution:

Definition 3 (S-Best Solution). Let S, P € R". We say that x" € P is a solution of
S-best{f(x)|x € P} (S-best)

if f(x*) < min{f(x)|x € P N S}.If PN S is empty, we say S-best{f(x)|x € P} has no solution.

In other words, x* has to belong to P and be at least as good as any point in P N S. Note that to define the notion
of an S-best solution to be a “no solution” if PN S =0 might look unnatural as one might require any x € P if
P NS =0. However, this would make (S-best) as hard as finding some x € P (just take S = 0), but we want (S-best)
to be an easier problem if S is somehow “simpler” than P. The following is a central notion in our development.

Definition 4 (Augmentation IP). For an (IP) instance (A,f,b,1,u), its feasible solution x € Z", and an integer A €N,
the Augmentation IP problem is to solve

G(A)-best{f(x+1g)|Ag=0,1 < x+Ag <u, geZ"}. (AuglP)

Let (A,f,b,1,u) be an instance of (IP), x a feasible solution, and A € N. We call the pair (x,A) an (AuglP) instance
for (A,f,b,1,u). If clear from the context, we omit the (IP) instance (A,f,b,1, u).

By Lemma 2 we obtain a halfling by solving (AuglIP) for each A € I'; and picking the best solution. Given an
initial feasible solution xq and a fast algorithm for (AugIP), we can solve (IP) quickly:

Lemma 3 (((AuglP) and xo) = (IP)). Given an initial feasible solution xo to (IP), (IP) can be solved by solving
3n(log|lu — 1|, + 1)log(f(xo) — f(x7)) < 3n(logllu—1||, + 1)10g(f[1 ul
instances of (AuglP), where x* is any optimum of (IP).
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Proof. Observe that no A €I, ={1,2,4,...} greater than |ju — ||, results in a nonzero x-feasible step pair. Thus,
by Lemma 2, to compute a halfling for x, it suffices to solve (AuglIP) for all A €I, A < [lu —1|,, and there are at
most log|lu — 1|, + 1 of these. By Lemma 1, 3nlog(f(xo) — f(x")) < 3nlog(fsap) halfling augmentations suffice and
the claim follows. O

3.1. Feasibility
Our goal now is to satisfy the requirement of an initial solution x.

Lemma 4 ((AuglP) = Xo). Given an instance of (IP) it is possible to compute a feasible solution xo for (IP) or decide that
(IP) is infeasible by solving O(nlog(||A,b,1,u, 1l)%) many (AuglP) instances, plus O(n®) time needed to compute an inte-
gral solution of Az =b. Moreover, {(xp) < poly(b).

Proof. We first compute an integer solution to the system of equations Az = b. This can be done by computing
the Hermite normal form of A in time O(n®~'m) < O(n®) (Storjohann and Labahn [55]) (using m < n). Then
either we conclude that there is no integer solution to Az = b and hence (IP) is infeasible, or we find a solution
z € 7" with encoding length polynomially bounded in the encoding length of A,b.

Next, we will solve an auxiliary IP. Define new relaxed bounds by l, :=min{l;,z;} and #; := max{u;,z;} for all
i € [n], and define an objective function f S ﬂ as, for each i €[ f (x;) := dist(x;, [I;, u;]), which is zero if x; €
[1;,u;] and max{l; — x;, x; — u;} otherwise. This function has at most three linear pieces, the first decreasing, the sec-
ond constantly zero, and the third increasing, and thus each fi is convex and f is separable convex. Moreover, a
solution x has f(x) = 0 if and only if 1 < x < u.

By Lemma 1, an optimum xq of mm{f(x) |Ax=b,1 < x < @i, xe€ Z"} can be computed by solving 3n(log||a — 1]+

Dlo g(f gop_ ) mstances of (AuglIP). Because ||l ill,, is polynomially bounded in ||A, b, n||,, and ||L ul|,, and, by defini-

tion of f f 1s bounded by n - I, 1., we have that the number of times we have to solve (AuglIP) is bounded by
O(nlog(||A, b Lu, n||oo) ). Finally, if f (x0) = 0, then xg is a feasible solution of (IP) and otherwise (IP) is infeasible. [

As a corollary of Lemmas 4 and 1, we immedjiately obtain that a polynomial (AuglIP) algorithm is sufficient for
solving (IP) in polynomial time:

Corollary 1 ((AuglP) = (IP)). Problem (IP) can be solved by solving O(nL?) instances of (AuglP), where L := log(||A, fgap.
b1 u n||), plus time O(n® + min{n, m}nm).

4. Block-Structured Matrices

To facilitate our proofs and to provide more refined complexity bounds, we introduce for the first time a parameter
called topological height. This notion is useful in our analysis and proofs, and furthermore it plays a crucial role in
complexity estimates of (IP) (Eisenbrand et al. [23]).

Definition 5 (Topological Height). A vertex of a rooted tree F is degenerate if it has exactly one child, and nondegene-
rate otherwise (i.e., if it is a leaf or has at least two children). The topological height of F, denoted th(F), is the maxi-
mum number of nondegenerate vertices on any root-leaf path in F. Equivalently, th(F) is the height of F after
contracting each edge from a degenerate vertex to its unique child. Clearly, th(F) < height(F). Note that when F
is an optimal td-decomposition of Gp(A) or Gp(A), then height(F) = tdp(A) or height(F) = tdp(A), respectively.
For a graph G, the value ming.peigh(r)=td(c)th(F) can be intuitively thought of as a notion of complexity of G among
other graphs of the same treedepth. For example, a graph has vertex integrity (Barefoot et al. [2], Gima and Otachi
[28], Gima et al. [29]) k precisely when it admits a td-decomposition of depth k and topological height 2.

For a root-leaf path P = (vy), ..., Upq),---,Vb2), - - -, Vb)) With e nondegenerate vertices vy, ..., Uy (potentially
Up(0) = Up(1)), define k1(P) := [{op), - ., vpy }, ki(P) := [{vp-1), ..., vy} | — 1 for all i € [2,e], and k;(P) := 0 for all i>e.
For each i € [th(F)], define ki(F) := maxp.oot-ieaf patnki(P)- We call ki (F), ..., kinr) (F) the level heights of F. See Figure 2(a).

Definition 6 (Block-Structured Matrix). Let A € Z"™" and F be a td-decomposition of Gp(A). We say that A is block-
structured along F either if th(F) = 1, or if th(F) > 1 and the following holds. Let v be the first nondegenerate vertex
in F on a path from the root, ry, ..., 7; be the children of v, F; be the subtree of F rooted in r;, and n; := |V(F;)|, for
i€[d], and

A= : , (block-structure)
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Figure 2. Tllustration of Definitions 2 and 5 (a) and Lemmas 5 and 6 (b). (a) Two optimal td-decompositions F and F’ of the cycle
on six vertices (in dashed edges). Nondegenerate vertices are enlarged. The trees obtained by contracting edges outgoing from
vertices with only one child are pictured below. Notice that even though both F and F’ are optimal td-decompositions, their topo-
logical height differs. Dashed lines depict “levels” of F and F’, and we have ki (F) = ko(F) = k1(F’) =2 and kx(F') = k3(F’) = 1. (b)
The situation of Lemma 5: a td-decomposition F of Gp(A) pictured in the matrix A, the decomposition into smaller blocks
Ai,..., A4 A1, ..., Ay derived from F and their td-decompositions Fi, ..., F4, and a td-decomposition £, of Gp(Ad) (Lemma 6).

where, for i € [d], A; € Z"** () where ki(F) is the first-level height of F and m; € N, A; € Z"™", and A; is block-
structured along F;. Note that th(F;) < th(F) — 1, height(F;) < height(F) — k;(F), fori € [d].

Whenever A and F are given, we will assume throughout this paper that A is block-structured along F. The fol-
lowing lemma shows that this is without loss of generality as we can always efficiently put A in this format. To
attain the complexity stated below, we assume A is represented as a column-indexed array of lists of values, that
is, A[i] is a list of (row, value) pairs encoding the nonzeroes of column i. We also assume there are no zero col-
umns in A. Because the vertices of F are the column indices of A, we interchangeably speak about vertices of F
and columns of A. For example, for v € V(F), the nonzero rows of v are those rows of A which are nonzero in the
column whose index is v, or for a S C V(F), we speak of the columns S, and mean the columns of A whose indices
are S.

Lemma 5 (Primal Decomposition). Let A € Z™", Gp(A), and a td-decomposition F of Gp(A) be given, where n,m > 1.
There exists an algorithm which in time O(nnz(A)) returns a permutation Tiyows : [m] — [m] of the rows and a permutation
Tleols © [11] — [11] of the columns of A such that the resulting matrix A’ is block-structured along F.

Proof. The algorithm is recursive, proceeds in two passes, and uses three global arrays and two global integers
to construct the permutations. Specifically, in the beginning initialize 17.,;s to be an empty array of length 7, and
Tlhowss Tgws tO0 be two empty arrays of length m. We will maintain that for every i,j € [m], we have Tows[i] =
je L[l =i. Also initialize r and ¢ to be global integers equaling zero. The output is a labeling of all nonde-
generate vertices of F with information encoding the blocks as follows. For a nondegenerate vertex v of F, say
that its boss, denoted boss(v), is either the root of F if no ancestor of v is nondegenerate, or the unique vertex u
which is a child of the nondegenerate vertex closest to but distinct from v on the path from v to the root of F. The
inverse mapping boss ' is defined for each vertex u which is either a degenerate root or a child of a nondegene-
rate vertex, and assigns to it a vertex boss~!(1) which is the first nondegenerate vertex on a path from u to any
leaf which is a descendant of u; clearly then boss(boss ' (1)) = u. Let F, be the subtree of F rooted in a vertex o.
Then the algorithm assigns to each nondegenerate vertex v a label (3., 7%, 4) such that columns V(Fjuss()) and

start”
TOWS [1 7onq] form a block in the matrix A permuted according to Trows, TTcols-

First Pass. Let us define a function BLOCKSTRUCTURE which takes as an argument a vertex v € V(F). This function
will perform the first pass. The second pass is much simpler and only serves to fix up possible inconsistencies
which may occur because of rows which are nonzero in the A; block but zero in the A; blocks.
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BLOCKSTRUCTURE(v) starts by walking from v (which, at the top of the recursion, is the root of F) to the first nonde-
generate vertex u. Let P be the path from v to u. As the algorithm visits the vertices of P, it incrementally numbers
the columns, using the global index ¢, in this way constructing the permutation 7. It also constructs a set Pyows of
rows which are nonzero in the columns of the path P, as follows. In v, it initializes Prows to be an empty set (imple-
mented as a hash table), and in each visited vertex w, it adds each row which is nonzero in column w to Pyuys. The
complexity of this step depends on the number of nonzeroes of each particular column, but because each nonzero
is encountered exactly once, in total this step takes time O(nnz(A)).

After reaching u, we distinguish two cases. If u is a leaf, then the columns of P correspond to a block, and Pyoys is
the set of nonzero rows of this block. Thus, we incrementally number them using the global index r, and we label
the leaf u with the starting and ending indices of its Tows (¥start, Tend)-

On the other hand, if u is a branching vertex, we remember the current value of 7 as 7y, and we make a recur-
sive call BLOCKSTRUCTURE(w) on each child w of u. After finishing these calls, we note the value of r — 1 (the last used
index) as reng, Obtaining an interval [7sart, Yend] Of rows which are nonzero in the blocks corresponding to the chil-
dren of u. However, we cannot yet label 1 with (7start, 7end) because the columns of P may contain some additional
nonzero rows. To account for these, we go over the rows in Py and for each check, using the array 7t} ., whether
it has already received an index, and if not, we use the global index r to index it. Because this step, over the run of
the algorithm, handles each nonzero of A exactly once, it takes in total O(nnz(A)) time. Now we are ready to label v
with (rstartr r— 1)

Second Pass: Fixing Inconsistencies. Let x be the root of F. We call BLOCKSTRUCTURE(x) to perform a first pass over
F and assign a certain row range to every nondegenerate vertex. The reason we are not done yet is the following.
Consider a nondegenerate vertex v with 4 children uy,...,uy, let v; = bossfl(ui) for each i=1,...,d, and let
(Flare Tong) for u € {v,v1,...,v,} be the label assigned to u. The problem occurs when the columns on the path from
boss(v) to v contain some nonzero rows which are zero in the blocks of all the children. We will (correctly) have
"ot = Tstart and the intervals [rg,, 7ong] are consecutive (ie., 7o +1 =145, for i=1,...d —1), but (incorrectly)

1o, < 1% 4 This is incorrect because in Definition 6 the number of rows of A; and A, needs to be the same. How-

ever, we also cannot simply fix this problem locally by setting 1%’ , to 1 ,, because v, potentially has its own chil-
dren who would in turn become misaligned. What we need is another pass.

The second pass is performed by a function BLockSTRUCTURE2, which takes one optional integer argument eng. In
the main call of this function, this argument is set to the number of rows m. The second pass traverses F in the same
order as the first pass; when it encounters a nondegenerate vertex v, it replaces its original label (1%, 1% ;) with
("garts Tena) if the argument r.nq was defined, and keeps the original label otherwise. Assume d is the number of chil-
dren of v. The algorithm then calls itself with no argument on the first 4 — 1 of its children, and calls itself with argu-
ment ¢ 4 on the last child. Clearly this accomplishes that for every nondegenerate vertex v with children
Ui, ... Ug, 174 = ”Eﬁ;s () a5 desired.

Complexity. The algorithm visits each node of F O(1) times, and for any column i spends O(#nonzero rows
of column i) time processing it. Because nnz(A) > n because there are no all-zero columns, the algorithm runs in
time O(nnz(A)).

Correctness. As in the beginning of the proof, let u be the first nondegenerate vertex on any root-leaf path, and
uy,...,ug its children, and let A’ be the matrix A with rows and columns permuted according to Ttyows and Tiegs,
respectively. What is left is to argue is that A" has the form (block-structure), in particular, that there is no overlap
between the blocks Aj,...,Ay. Note that A; has columns V(F,,) and rows [roos®) /2o5t)] The lack of overlap
between A;, A, for i # j follows simply from the fact that by the definition of treedepth there are no edges between
any two w; € Fy,, w; € Fy, for i # j, and thus, by definition of Gp(A), there is no row containing a nonzero at both
indices w; and wj; see Figure 2(b). O

Note that given an (IP), the primal decomposition naturally partitions the right-hand side b = (b’, ..., b?) accord-
ing to the rows of Ay, ..., A4, and each object of length 1 (such as bounds 1, u, a solution x, any step g, or the objec-
tive function f) into d+1 objects according to the columns of Ay, Ay, ..., A; with indices 0,1,...,d (written as
superscripts). For example, we write x = (x,x!, ..., x%).

By considering the transpose of A we get an analogous notion and a corollary for the dual case:

Definition 7 (Block-Structured Matrix (Dual)). Let A € Z"™" and F be a td-decomposition of Gp(A). We say that A is
dual block-structured along F either if th(F) = 1, or if th(F) > 1 and the following holds. Let v be the first nondegene-
rate vertex in F on a path from the root, r1,...,7; be the children of v, F; be the subtree of F rooted in r;, and
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m; := |V(F;)|, for i € [d], and

Aq
A= A, , (dual-block-structure)

Ag

where d €N, and for all i € [d], A; € Z5E* and A; € 7" . eN, and A, is block-structured along F;. Note that
th(F;) < th(F) — 1, height(F;) < height(F) — ki(F), fori € [d].

Corollary 2 (Dual Decomposition). Let A € Z"™", Gp(A), and a td-decomposition F of Gp(A) be given, where n,m > 1.
There exists an algorithm which in time O(nnz(A)) returns a permutation Tiyows : [m] — [m] of the rows and a permutation
Tleols : [11] = [1] of the columns of A such that the resulting matrix A’ is block-structured along F.

Again, the dual decomposition naturally partitions the right-hand side b = (®°,b',...,b%) according to the rows
of A1,A1,..., Ay and each object of length 7 into d objects according to the columns of Ay, ..., Ay.

Lemma 6. Let A € Z™™, a td-decomposition F of Gp(A) (or Gp(A)), and A;, A F;, for all i € [d], be as in Definition 6
(or7). Let A; := (A; A)) (or A= (gi), respectively) and let F; be obtained from F; by appending a path on k;(F) new ver-

tices to the root of F;, and the other endpoint of the path is the new root. Then E; is a td-decomposition of A;, th(E;) < th(F),
and height(F;) < height(F).

Proof. Consider Figure 2(b). The construction of F; can be equivalently described as taking F and deleting all F;,
j#i. Thus, F; lArlas the claimed properties, in particular th(F;) < th(F) because v was nondegenerate in F but is
degenerate in F;. The dual case follows by transposition. O

5. An FPT Algorithm for (IP)

Our goal now is to show that (AugIP) can be solved quickly when the largest absolute value of a coefficient in A,
lAlle, and the primal or dual treedepth tdp(A) or tdp(A), respectively, are small. Together with Corollary 1, this
implies an efficient algorithm. To that end, we need two key ingredients. The first are algorithms solving (AuglIP)
quickly when ||Al|,, and tdp(A) or tdp(A) are small and when restricted to solutions of small £- or {1-norm, respec-
tively. The second are theorems showing that this is in fact sufficient because the elements of G(A) have bounded
le-and {1-norms, respectively. We start with the second ingredient.

5.1. Norm Bounds
For a matrix A € Z"™", let

81(A) := maxliglh —and  gw(A):= mmax lglle
Note that previously we have used “g;” to refer to the i-th coordinate of a vector g; however, no confusion should
arise with g1(A) because this quantity always has a matrix as an argument. We begin by using the Steinitz Lemma
to obtain a basic bound on g1(A).

The first application of the Steinitz Lemma to show structural results about integer programs comes from Eisen-
brand and Weismantel [21], who give several applications, such as improving the dynamic program of Papadimi-
triou [49] or tightening the proximity bound of Cook et al. [12]. Many other applications and extensions have been
devised since then (Chen et al. [10], Jansen and Rohwedder [37], Klein [39], Klein and Reuter [40], Lee et al. [44],
Oertel et al. [47]). It is worth noting that there are two different formal and corresponding intuitive phrasings of the
Steinitz Lemma. The one below says that each vector walk which begins and ends in 0 can be rearranged to stay in
a small box. The alternative one (see, e.g., Eisenbrand and Weismantel [21, equation (5)]) states that any vector
walk from 0 to b can be rearranged to stay within a narrow “tube” around the 0 — b line.

Proposition 5 (Sevastjanov and Banaszczyk [53], Steinitz [54]). Let || - || be any norm, and let x,...,%, € R? be such that
lIxill < 1 forie[n]and Y[, x;=0. Then there exists a permutation 7 such that for each k € [n], ||Zf:1 Xl < d.

Lemma 7 (Base Bound). Let A € Z"™". Then g1(A) < 2m||All +1)™.
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Proof. Let g € G(A). We define a sequence of vectors in the following manner. If g; > 0, we add g; copies of the
i-th column of A to the sequence, and if g; < 0 we add |gi| copies of the negation of column i to the sequence,
either way obtaining vectors vy, ... ,vl

Clearly, the vectors v] sum up to 0 as g € kerZ(A) and their {,-norm is bounded by [|Al|.,. Using the Steinitz
Lemma, there is a reordering u', ..., ul8h (ie., vi = u™®/) for some permutation 7t) of this sequence such that each

prefix sum p, := 25;1 u/ is upper bounded by m||A||, in the l-norm. Clearly
[{x e Z"|IXllo < mllAllo}] = @ml|Alle +1)".

Next, assume for contradiction that ||g||; > (2m|Al|,, +1)". Then, by the pigeonhole principle, two of these prefix
sums are the same, say, p, = pﬁ with1 < a < B < ||g|l;. Obtain a Vector g’ from the sequence u!,...,u®,uf*!, ..,

ulgl as follows: begin with g/ := 0 for each i € [n], and for every u’ in the sequence, set

o J&+1 if (€)= (ij) and g; >0
8= ¢ =1 ifn'(¢)=(,j)and g; < 0.

Similarly obtain g” from the sequence u**!...,uf. We have Ag” =0 because p, — p; =0 and thus g” € kerz(A),
and thus also g’ € kerz(A). Moreover, both g’ and g are nonzero and satisfy g’,g” C g. This is a contradiction
with E-minimality of g; hence, ||g|l; < (2m||Al|, +1)", finishing the proof. O

5.1.1. Norm of Primal Treedepth
Theorem 2 (Primal Norm). Let A € Z"™", and F be a td-decomposition of Gp(A). Then there exists a constant o € N such
that

2@l atdp(a?

goolA) <22/ »

N\
&

We will use the following result due to Klein [39].

Proposition 6 (Klein [39]). Let Ty, ..., T, CZ% be multisets all belonging to one orthant where all elements te T; have
bounded size ||t||, < C and where

D= t==>"t

teTy teT, teT,

HLZ
Then there exists a constant « € N and nonempty submultisets Sy C Ty, ...,S, C T, of bounded size |S;| < (dC)dC " such
that

$s=3 ==Y s

seSy s€S, s€S,

Before proceeding with the proof of the theorem, let us give a high-level proof idea of Klein’s result above. The key
fact is that a vector path in d-dimensional space can be seen as a linear combination of “simpler” paths. We say a
path is “simple” if it can be generated by an integer cone having a basis with small entries. Using this linear combi-
nation, without loss of generality, we can restrict ourselves to a simpler path. Having those simpler vector paths at
hand, an intersecting point can be determined by examining the intersection of the corresponding integer cones.
The proposition is proven by considering the generating set of such integer cones.

Proof of Theorem 2. We will proceed by induction on th(F). In the base case when th(F) =1, Gp(A) is a path and
thus A has tdp(A) columns. Observe that the number of rows of A is bounded by tdp(A) as we assume Ax =b to
be pure. By Lemma 7 we then have that

geo(A) < 1(A) < Al tdp(A) + 1)W1 < P2t Hog 2l

In the inductive step, we assume without loss of generality that A is block-structured along F. Let A; = (A, A;) €
2"+ and F; be this block structure, and let ¢._ := max;ciggw(A;). Note that tdp(A;) < tdp(A). Because F; is a
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td-decomposition of Gp(A;) and th(F;) < th(F), we may apply induction on A;, showing

202" tdpa?

o 2240 : ®)
Consider g =(g’,g!,...,g%) € G(A). For each i € [d], decompose (g°,g') = Z]N:H (hQ,h]’:) with (hQ,h;) € Q(Al-) by the
positive sum property (Proposition 2). Let T;:= {h]Q| j€[N;]} and observe that maxer[t]le, < goolAi) < $..-
If applying Proposition 6 to Ty,..., T, yielded sets Sy,...,S4 such that S; CT; for some i€ [d], then g was not
C-minimal, a contradiction. Let k; := k; (F). Thus Proposition 6 implies, for each i € [d],

ak? 2 5 s 2 N
5 12 +log(ky § o )+log log(k 2ak? +1
K1§eo! kg +log(ky g oo) Hog log(ky S o) < 2 aky +10g § oo

ITi| < (kig..)

+log § oo 22ak$+log§oo+log logg oo

A

. lez
and [/(g°, g")lle < §.,1Til, which in turn means that ||g||., < §..max;e[4|T;i|. Note that 22" oo 2
To simplify, let C:=2ak? +1og¢ ., +log logg., so that the expression reads 2% Plugging in the bound (3) for ¢
then gives
C=2aki +logg . +loglogg. < 2aki+2logg. <

2P atdp 20t p (a2

5 22lAlko)
2ak; +2- 2//@;3 < 2'/{\ » , and thus,
& &
Al 2 atdp ) Al 2 ratdpla?
e 27) 2/~
2% <22 < geolA) < 220, . O
B &

5.2. Norm of Dual Treedepth
The dual case is quite different than the primal case above, and there is no prior work on which we could base our
approach. Essentially, the proof is a recursive extension of the proof of the Base bound (Lemma 7).

Theorem 3 (Dual Norm). Let A€ Z™", F be a td-decomposition of Gp(A), and let K :=maXp.oot-leaf path in FHfi‘(lF )
(ki(P) +1). Then g1(A) < GIIAIK)*".

Proof. The proof will proceed by induction over th(F). In the base case we have th(F) =1 and thus Gp(A) is a
path with height(F) vertices, meaning A has height(F) rows. Now we use the Base bound of Lemma 7 to get that
21(A) < (2||Alloheight(F) + 1)M8E) Which is at most (3||A]|K) !, where K = height(F) + 1 = ki (F) + 1. (Note that
k1(F) = k1(P) for all root-leaf paths P in F because all paths share an identical segment from the root to the first
nondegenerate vertex.)

For the inductive step, assume that the claim holds for all trees of topological height less than th(F). Let g €
G(A) and K’ := maxp.;oot-leaf path ianfz(zF)(k,«(P) +1). For each i€ [d], g has a decomposition into elements g; of
G(4;), and by induction we have ||g}||1 < g1(4) < BJIA|l KN = $,- Construct a sequence of vectors as follows:
for each i€[d] and each g in the decomposition of g', insert vj:= A,vg]’i into the sequence. Note that
[IVilleo < llAllog,- Denote the resulting sequence u', ..., u™.

Applying the Steinitz Lemma (Proposition 5) to this sequence, we obtain its permutation u™?, ..., u™™ such
that the {.-norm of each of its prefix sums is at most k;(F)||A||.§,- As in the proof of Lemma 7, we will prove

that no two prefix sums are the same; thus, N < (2k;(F)||All.$; + 1A and subsequently [|g|l; < Ng, < ¢,(2k(F)
[Allg, + 1)), Plugging in ¢, = (3||AllL.K) ™ < BJ|A[lK)X " and simplifying yields

lglly < GlIAILKY - BlIAILK X = BllAllL K.

Assume to the contrary that some two prefix sums p, and p;, for a < g, are identical. Then the sequence
u*l, ..., uf sums up to zero and we may “work backward” from it to obtain an integer vector gC g, which is a
contradiction to g € G(A). Specifically, g can be obtained by initially setting g = 0 and then, for each y € [a +1,8],
if t1(y) = (i,)), setting g' := g’ + g O

Remark 1. Our definition of K allows us to recover the currently best-known upper bounds on gi(A) from Theo-
rem 3. Specifically, Knop et al. [41, lemma 10] show that g1(A) < (2[|All., + 1)2th(A)71. This pertains to the worst
case when th(F) = height(F) = tdp(A). Then, we have K = Hi‘(lF)(ki(P) +1) =29 and our bound essentially
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matches theirs. On the other hand, our bound is better in scenarios when th(F) < height(F) and K is attained by
some path with ki(P) > 1 for some i € th(F). A particular example of this are N-fold and treefold matrices dis-
cussed in Eisenbrand et al. [23].

5.3. Solving (AuglP) Quickly When ||4||,. and tdp(A) or tdp(A) Are Small and When Restricted to Solutions
of Small Norms

We would like to define more specifically our next goal. Denote by Be(p) and Bi(p) the {w- and £3-norm balls,
respectively, of appropriate dimension and of radius p, centered at the origin, that is, B,(p) = {x|[[xl|, < p} for
pe{l, +o0}. Observe that if SC S/, then an S’-best solution is certainly also an S-best solution. Because G(A) €
Boo(gwo(A)) and G(A) € B1(g1(A)), it follows that a Be (g (A))-best solution or a B (g1(A))-best solution of (AuglP) is
also a G(A)-best solution. This implies that solving (AugIP) roughly amounts to solving an instance of (IP) with an
additional norm bound. We first consider the primal treedepth case and later the dual treedepth case.

tdp(A)

Lemma 8 (Primal Lemma). Problem (AuglP) can be solved in time tdp(A)z(Zp +1) nfor any p = geo(A).

Proof. Let F be an optimal td-decomposition of Gp(A). The proof proceeds by induction on th(F) < tdp(A). For
that, we prove a slightly more general claim:

tdp(A)

Claim 1. Given p € N, there is an algorithm running in time tdp(A)*(2p +1) n which solves

Bw(p)-best{f(g)|Ag=b, 1 < g <u, geZ"}
for any separable-convex function f.

The statement of the lemma is obtained by the following substitution. For a given (AugIP) instance (x, 1), solve
the auxiliary problem above with p := g,(A), f(g) :=f(x + Ag), b:=0,1:= [=x], and u := [4X]. If f of (IP) was sepa-
rable convex, then the newly defined f is also separable convex. The returned solution is a solution of (AuglP)
because G(A) € Beo(geo(A)). Thus, it remains to prove the claim.

As the base case, if th(F) = 1, then F is a path, meaning that A has tdp(A) columns. An optimal solution is found
simply by enumerating all (2p +1)'% @) integer vectors g € [—p, p]'"Y N [1,u], for each checking Ag = b and evalu-
ating f, and returning the best feasible one. Because the number of rows of A is at most its number of columns,
which is tdp(A), checking whether Ag = b takes time at most tdp(A)? for each 8.

As the induction step, we assume A is block-structured along F (otherwise apply Lemma 5); hence, we have
matrices A1,..., A4, A1, ..., Ay for some d and td-decompositions Fi,...,F; for Gp(A1),...,Gp(Ay), respectively,
with, for each i € [d], A; having k;(F) columns, F; having th(F;) < th(F), and tdp(A;) < tdp(A) — ki (F). Now iterate
over all vectors g° € Z® in [—p, p]kl(F )N [1°u°] and for each use the algorithm which exists by induction to com-
pute d vectors g, i € [d], such that g’ is a solution to

Boo(p)-best{f(g)|Aig' = ~Aig’ +b', I' < g’ < ', g'e Z"}. )

Finally return the vector (g°, ..., g") which minimizes Z?:o f(g"). If g' is undefined for some i € [d] because the sub-
problem (4) has no solution, report that the problem has no solution.

Let k := tdp(A) — ky (F). There are (2p +1)" ® choices of g’, and computing the solution (g', ..., g") for each takes
time at most 3.7, k2(2p + 1)"n; = k¥2(2p + 1)n. For each choice we also need to compute the product —A;g°, which is
possible in time ki(F) - tdp(A) because the number of rows of A; is at most tdp(A). The total time needed is
thus (2p + 1) - (tdp(A) - ky (F) + K22p + D) < tdp(AY*(2p + 1)V, O

O(tdp(A))

Lemma 9 (Dual Lemma). Problem (AuglIP) can be solved in time (2||All,p + 1) n for any p > g1(A).

Proof. We solve an auxiliary problem analogous to the one in Lemma 8: given p € N and a separable convex func-
tion f, solve

Bi(p)-best{f(g)|Ag=b, 1 < g < u, geZ"}.

The lemma then follows by the same substitution described at the beginning of the proof of Lemma 8. We
assume that ||b||,, < pl|A|l., because otherwise there is no solution within By (p).

Let F be an optimal td-decomposition of Gp(A). We define the algorithm recursively over th(F). If th(F) > 2, we
assume A is dual block-structured along F (otherwise apply Corollary 2) and we have, for every i € [d], matrices
A, A, A; and a tree F; (see Lemma 6) with the claimed properties, and a corresponding partitioning of b,1,u,g,
and f. If th(F) =1, letd :=n and A= A, ;, for all i € [d], be the columns of A, and let b!,...,b" be empty vectors

(i.e., vectors of dimension zero).
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The crucial observation is that for every solution g of Ag=b with ||g|l; < p and each i € [d], both A;g' and
=1 Ajg belong to R := [—pl|A]|, pllAll'F). For every i € [d] and every r € R, solve

Bi(p)-best{f(g')|A;g' = (r,b)), I < g' < u', g’ e Z"}. 5)

In the base case when A; has only one column, we simply enumerate all g’ € [, u]n[- p,pl, check whether the
equality constraints are satisfied, and return the best feasible choice. If th(F) > 1, then we use recursion to solve
(5). The recursive call is well defined, because, for all i€ [d], th(F;) < th(F) and F; is a td-decomposition of
GD(A,-). Next, we show how to “glue” these solutions together.

Let r € R and denote by g a solution to the subproblem (5); by slight abuse of notation, when the subproblem
has no solution, we define f/(gl) := +co. Now we need to find such ry,...,r; € R that % r;=b’ and 3¢, fi(gL)is
minimized. This is actually a form of the (min, +)-convolution problem. For us it suffices to say that this problem
can be easily solved using dynamic programming (DP) in d stages: our DP table D shall have an entry D(i, r) for
i €[d] and r € R whose meaning is the minimum >, fi(gl,) where > =11 =1. To compute D, set D(0,1) := 0 for
r=0and D(0,r) := +oo otherwise, and for i € [d], set

D(i,r) := min D(i—1,¢')+f(g.,).
v, r’eR:

r+1r’=r

The value of the solution is D(d,b"), and the solution g = (g!, .. .,g") itself can be computed easily with a bit more
bookkeeping in the table D. If D(d,b") = +0o, report that the problem has no solution. Another important obser-
vation is this: in the DP above we computed the solution of the auxiliary problem not only for the right-hand
side b, but for all right-hand sides of the form (r,bl, .. .,bd) where re R and b’ ... ,bd are fixed. We store all of
these intermediate results in an array (an approach also known as “memoization”). When the algorithm asks for
solutions of such instances, we simply retrieve them from the array of intermediate results instead of recomput-
ing them. This is important for the complexity analysis we will describe now.

The recursion tree has th(F) levels, which we number 1, ..., th(F), with level 1 being the base of the recursion.
Let us compute the time required at each level. In the base case th(F) = 1, recall that the matrix A; in subproblem
(5) is a single column with height(F) rows, and solving (5) amounts to trying at most 2p + 1 feasible valuations of
g’ (which is a scalar variable) satisfying 1' < g’ < u’ and returning the best feasible one. Because there are 1 col-
umns in total, computing the solutions of (5) takes time (2p + 1)n. Let Ny be the number of leaves of F, and let a;,
j € [N1], denote the number of columns corresponding to the j-th leaf. “Gluing” the solutions is done by solving
N; DP instances with a4, ..., an, stages, where Zfiﬁ a; = n. This takes time Zﬁll IR|?-a; < (2/|Allep + 1))y
because a td-decomposition of each column is a path on tdp(A) vertices. In total, computing the first level of
recursion takes time (2||A||.p + 1)tClD Wy,

Consider a recursion level ¢ € [2, th(F)] and subproblem (5). The crucial observation is that when the algorithm
asks for the answer to (5) for one specific r’ € R, an answer for all r € R is computed; recall that the last step of the
DP is to return D(d, ") but the table contains an entry D(d, r) for all r € R. Thus, the time needed for the computa-
tion of all g’ has been accounted for in lower levels of the recursion and we only have to account for the DP at
the level ¢. Let R’ be the analogue of R for a specific subproblem at level £, and let A" be the corresponding sub-
matrix of A and F’ CF be a td-decomposition of Gp(A’). We have that |R’'| < (2||Al.p + DA with ki(F’) <
tdp(A). Note that the levels here are defined bottom up, hence all leaves are at level 1, and an inner node of F is
at level ¢ if £ —1 is the largest level of its children; in particular a level does not correspond to the distance from
the root. Let N, be the number of vertices of F at level £. The number of subproblems on level ¢ is exactly Ny, so

computation of the ¢-th level takes time at most |R|*- N, < (2||A]lp + 1)th(A)N[. Adding up across all levels, we

get that the total complexity is at most (1 + Z}}g ) N¢) - 2l|Allp + 1)th(A) where Z;T; ) Ny < n because F has n
leaves and each level corresponds to a vertex with degree at least two. The lemma follows. O

5.4. The Algorithm
We are now ready to conclude our main result.

Theorem 1 (Repeated). There is an algorithm solving (IP) in time g(a,d)poly(n,L), for some computable function g; that
is, (IP) is fixed-parameter tractable parameterized by a and d.

Proof. We run two algorithms in parallel, terminate when one of them terminates, and return its result. In the
primal algorithm, let G(A) = Gp(A), td(A) =tdp(A), and p = co. In the dual algorithm, let G(A) = Gp(A), td(A) =
tdp(A), and p=1. The description of both algorithms is then identical.
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First, run the algorithm of Proposition 3 on G(A) to obtain its optimal td-decomposition. By Lemma 7 there is a
computable function ¢’ such that the maximum ¢,-norm of elements of G(A) is bounded by ¢'(||A||.., td(A)). By
Lemmas 8 and 9, there is a computable function ¢” such that (AuglP) is solvable in time g”(g’(td(A), ||All,),
llAll,, td(A))n and thus in time g(||All,, td(A))n for some computable function g. Then, solve (IP) using the algo-
rithm of Corollary 1 in the claimed time. O

Acknowledgments
Preliminary versions of some of the results appearing here have appeared in ICALP 2018 (Eisenbrand et al. [22], Koutecky
et al. [43]).

References

[1] Aschenbrenner M, Hemmecke R (2007) Finiteness theorems in stochastic integer programming. Found. Comput. Math. 7(2):183-227.

[2] Barefoot CA, Entringer R, Swart HC (1987) Vulnerability in graphs—A comparative survey. J. Combin. Math. Combin. Comput. 1(38):13-22.

[3] Brand C, Koutecky M, Ordyniak S (2021) Parameterized algorithms for MILPs with small treedepth. Proc. AAAI Conf. Artificial Intelligence
35(14):12249-12257.

[4] Brand C, Koutecky M, Lassota A, Ordyniak S (2024) Separable convex mixed-integer optimization: Improved algorithms and lower bounds.
Chan T, Fischer ], Iacono ], eds. 32nd Annual Eur. Sympos. Algorithms (ESA 2024), LIPIcs, vol. 308 (Schloss Dagstuhl - Leibniz-Zentrum fiir
Informatik, Wadern, Germany), 32:1-32:18.

[5] Brianiski M, Koutecky M, Kral’ D, Pekarkové K, Schroder F (2024) Characterization of matrices with bounded Graver bases and depth para-
meters and applications to integer programming. Math. Programming. https: //doi.org/10.1007 /s10107-023-02048-x.

[6] Bruns W, Gubeladze J (2009) Polytopes, Rings, and K-Theory (Springer Science & Business Media, Berlin).

[7] Chan TEN, Cooper JW, Koutecky M, Krdl’ D, Pekdrkova K (2022) Matrices of optimal tree-depth and a row-invariant parameterized algo-
rithm for integer programming. SIAM ]. Comput. 51(3):664-700.

[8] Chen L, Marx D (2018) Covering a tree with rooted subtrees-Parameterized and approximation algorithms. Czumaj A, ed. Proc. Twenty-
Ninth Annual ACM-SIAM Sympos. Discrete Algorithms (SODA 2018) (SIAM, Philadelphia), 2801-2820.

[9] Chen H, Chen L, Zhang G (2022) Block-structured integer programming: Can we parameterize without the largest coefficient? Discrete
Optim. 46:100743.

[10] Chen H, Chen L, Zhang G (2024) FPT algorithms for a special block-structured integer program with applications in scheduling. Math. Pro-
gramming. https: // doi.org/10.1007 /s10107-023-02046-z.

[11] Chen L, Koutecky M, Xu L, Shi W (2020) New bounds on augmenting steps of block-structured integer programs. Grandoni F, Herman G,
Sanders P, eds. 28th Annual Eur. Sympos. Algorithms (ESA 2020), vol. 173 (Schloss Dagstuhl - Leibniz-Zentrum fiir Informatik, Wadern, Ger-
many), 33:1-33:19.

[12] Cook WJ, Gerards AMH, Schrijver A, Tardos E (1986) Sensitivity theorems in integer linear programming. Math. Programming 34(3):251-264.

[13] Cslovjecsek ], Eisenbrand F, Hunkenschroder C, Rohwedder L, Weismantel R (2021) Block-structured integer and linear programming in
strongly polynomial and near linear time. Marx D, ed. Proc. 2021 ACM-SIAM Sympos. Discrete Algorithms (SODA 2021) (SIAM, Philadel-
phia), 1666-1681.

[14] Cslovjecsek ], Eisenbrand F, Pilipczuk M, Venzin M, Weismantel R (2021) Efficient sequential and parallel algorithms for multistage stochas-
tic integer programming using proximity. Mutzel P, Pagh R, Herman G, eds. 29th Annual Eur. Sympos. Algorithms (ESA 2021), LIPIcs, vol. 204
(Schloss Dagstuhl - Leibniz-Zentrum fiir Informatik, Wadern, Germany), 33:1-33:14.

[15] Cslovijecsek J, Koutecky M, Lassota A, Pilipczuk M, Polak A (2024) Parameterized algorithms for block-structured integer programs with
large entries. Woodruff DP, ed. Proc. 2024 Annual ACM-SIAM Sympos. Discrete Algorithms (SODA) (SIAM, Philadelphia), 740-751.

[16] Cygan M, Fomin FV, Kowalik L, Lokshtanov D, Marx D, Pilipczuk M, Pilipczuk M, Saurabh S (2015) Parameterized Algorithms
(Springer, Berlin).

[17] De Loera JA, Hemmecke R, Képpe M (2013) Algebraic and Geometric Ideas in the Theory of Discrete Optimization, MOS-SIAM Series on Optimiza-
tion, vol. 14 (SIAM, Philadelphia).

[18] Downey RG, Fellows MR (2013) Fundamentals of Parameterized Complexity (Springer, Berlin).

[19] Dvotak P, Eiben E, Ganian R, Knop D, Ordyniak S (2021) The complexity landscape of decompositional parameters for ILP: Programs with
few global variables and constraints. Artificial Intelligence 300:103561.

[20] Eiben E, Ganian R, Knop D, Ordyniak S, Pilipczuk M, Wrochna M (2019) Integer programming and incidence treedepth. Lodi A, Nagarajan
V, eds. Integer Programming Combin. Optim. 20th Internat. Conf. (IPCO 2019), Lecture Notes in Computer Science, vol. 11480 (Springer,
Berlin), 194-204.

[21] Eisenbrand F, Weismantel R (2020) Proximity results and faster algorithms for integer programming using the Steinitz lemma. ACM Trans.
Algorithms 16(1):1-14.

[22] Eisenbrand F, Hunkenschroder C, Klein K-M (2018) Faster algorithms for integer programs with block structure. Chatzigiannakis I, Kakla-
manis C, Marx D, Sannella D, eds. 45th Internat. Colloquium Automata Languages Programming (ICALP 2018), LIPIcs, vol. 107 (Schloss Dagstuhl
- Leibniz-Zentrum fiir Informatik, Wadern, Germany), 49:1-49:13.

[23] Eisenbrand F, Hunkenschréder C, Klein K-M, Koutecky M, Levin A, Onn S (2019) An algorithmic theory of integer programming. CoRR
abs/1904.01361. Preprint, submitted April 2, http://arxiv.org/abs/1904.01361.

[24] Eisenbrand F, Hunkenschréder C, Klein K-M, Koutecky M, Levin A, Onn S (2023) Reducibility bounds of objective functions over the inte-
gers. Oper. Res. Lett. 51(6):595-598.

[25] Freuder EC (1990) Complexity of K-tree structured constraint satisfaction problems. Shrobe HE, Dietterich TG, Swartout WR, eds. Proc. 8th
Natl. Conf. Artificial Intelligence, 2 volumes (AAAI Press/The MIT Press, Palo Alto, CA /Cambridge, MA), 4-9.

[26] Ganian R, Ordyniak S (2018) The complexity landscape of decompositional parameters for ILP. Artificial Intelligence 257:61-71.


https://doi.org/10.1007/s10107-023-02048-x
https://doi.org/10.1007/s10107-023-02046-z
http://arxiv.org/abs/1904.01361

Eisenbrand et al.: Sparse Integer Programming Is Fixed-Parameter Tractable
16 Mathematics of Operations Research, Articles in Advance, pp. 1-16, © 2024 INFORMS

[27] Ganian R, Ordyniak S, Ramanujan MS (2017) Going beyond primal treewidth for (M)ILP. Singh SP, Markovitch S, eds. Proc. Thirty-First
AAAI Conf. Artificial Intelligence (AAAI Press, Palo Alto, CA), 815-821.

[28] Gima T, Otachi Y (2024) Extended MSO model checking via small vertex integrity. Algorithmica 86(1):147-170.

[29] Gima T, Hanaka T, Kobayashi Y, Murai R, Ono H, Otachi Y (2024) Structural parameterizations of vertex integrity. Uehara R, Yamanaka K,
Yen H-C, eds. WALCOM Algorithms Comput. 18th Internat. Conf. Workshops Algorithms Comput. (WALCOM 2024), Lecture Notes in Computer
Science, vol. 14549 (Springer, Berlin), 406—420.

[30] Gordan P (1873) Ueber die Auflésung linearer Gleichungen mit reellen Coefficienten. Math. Ann. 6(1):23-28.

[31] Graver JE (1975) On the foundations of linear and integer linear programming I. Math. Programming 9(1):207-226.

[32] Grotschel M, Lovész L, Schrijver A (1988) Geometric Algorithms and Combinatorial Optimization, Algorithms and Combinatorics, vol. 2
(Springer, Berlin).

[33] Hemmecke R, Képpe M, Weismantel R (2014) Graver basis and proximity techniques for block-structured separable convex integer minimi-
zation problems. Math. Programming 145(1-2):1-18.

[34] Hemmecke R, Onn S, Romanchuk L (2013) #-Fold integer programming in cubic time. Math. Programming 137(1-2):325-341.

[35] Hunkenschroder C, Klein K-M, Koutecky M, Lassota A, Levin A (2024) Tight lower bounds for block-structured integer programs. Vygen J,
Byrka J, eds. Integer Programming Combin. Optim. 25th Internat. Conf. (IPCO 2024), Lecture Notes in Computer Science, vol. 14679 (Springer,
Berlin), 224-237.

[36] Jansen BMP, Kratsch S (2015) A structural approach to kernels for ILPs: Treewidth and total unimodularity. Bansal N, Finocchi I, eds. Proc.
23rd Annual Eur. Sympos. (ESA 2015), Lecture Notes in Computer Science, vol. 9294 (Springer, Berlin), 779-791.

[37] Jansen K, Rohwedder L (2023) On integer programming, discrepancy, and convolution. Math. Oper. Res. 48(3):1481-1495.

[38] Kannan R (1987) Minkowski’s convex body theorem and integer programming. Math. Oper. Res. 12(3):415-440.

[39] Klein K-M (2022) About the complexity of two-stage stochastic IPs. Math. Programming 192(1):319-337.

[40] Klein K-M, Reuter ] (2024) Collapsing the tower - On the complexity of multistage stochastic IPs. ACM Trans. Algorithms 20(3):22.

[41] Knop D, Pilipczuk M, Wrochna M (2020) Tight complexity lower bounds for integer linear programming with few constraints. ACM Trans.
Comput. Theory 12(3):19:1-19:19.

[42] Knop D, Koutecky M, Levin A, Mnich M, Onn S (2023) High-multiplicity N-fold IP via configuration LP. Math. Programming 200(1):199-227.

[43] Koutecky M, Levin A, Onn S (2018) A parameterized strongly polynomial algorithm for block structured integer programs. Chatzigiannakis
I, Kaklamanis C, Marx D, Sannella D, eds. 45th Internat. Colloquium Automata Languages Programming (ICALP 2018), LIPIcs, vol. 107 (Schloss
Dagstuhl - Leibniz-Zentrum fiir Informatik, Wadern, Germany), 85:1-85:14.

[44] Lee ], Paat], Stallknecht I, Xu L (2020) Improving proximity bounds using sparsity. Baiou M, Gendron B, Giinliik O, Mahjoub AR, eds. Com-
bin. Optim. 6th Internat. Sympos. (ISCO 2020), Lecture Notes in Computer Science, vol. 12176 (Springer, Berlin), 115-127.

[45] Lenstra HW Jr (1983) Integer programming with a fixed number of variables. Math. Oper. Res. 8(4):538-548.

[46] Nesettil ], Ossona de Mendez P (2012) Sparsity—Graphs, Structures, and Algorithms, Algorithms and Combinatorics, vol. 28 (Springer, Berlin).

[47] Oertel T, Paat ], Weismantel R (2023) A colorful Steinitz Lemma with application to block-structured integer programs. Math. Programming
204(1-2):677-702.

[48] Onn S (2010) Nonlinear Discrete Optimization: An Algorithmic Theory, Zurich Lectures in Advanced Mathematics (European Mathematical Soci-
ety, Zurich).

[49] Papadimitriou CH (1981) On the complexity of integer programming. J. ACM 28(4):765-768.

[50] Pilipczuk M, Pilipczuk M, Siebertz S (2020) Winter semesters 2017 /18 and 2019/20. Lecture notes from the course “Sparsity” given at the Fac-
ulty of Mathematics, Informatics, and Mechanics of the University of Warsaw, https://www.mimuw.edu.pl/~mp248287 /sparsity2/.

[51] Reidl F, Rossmanith P, Villaamil FS, Sikdar S (2014) A faster parameterized algorithm for treedepth. Esparza ], Fraigniaud P, Husfeldt T,
Koutsoupias E, eds. Automata Languages Programming 41st Internat. Colloquium (ICALP 2014) Proc., Part I, Lecture Notes in Computer Science,
vol. 8572 (Springer, Berlin), 931-942.

[52] Rossi F, van Beek P, Walsh T (2008) Constraint programming. van Harmelen F, Lifschitz V, Porter BW, eds. Handbook of Knowledge Representa-
tion, Foundations of Artificial Intelligence, vol. 3 (Elsevier, Amsterdam), 181-211.

[53] Sevastjanov SV, Banaszczyk W (1997) To the Steinitz lemma in coordinate form. Discrete Math. 169(1-3):145-152.

[54] Steinitz E (1916) Bedingt konvergente Reihen und konvexe Systeme. ]. Reine Angew. Math. 146:1-52.

[55] Storjohann A, Labahn G (1996) Asymptotically fast computation of Hermite normal forms of integer matrices. Engeler E, Caviness BF, Laksh-
man YN, eds. Proc. 1996 Internat. Sympos. Symbolic Algebraic Comput. (ISSAC “96) (ACM, New York), 259-266.

[56] Williams VV, Xu Y, Xu Z, Zhou R (2024) New bounds for matrix multiplication: From alpha to omega. Woodruff DP, ed. Proc. 2024 ACM-
SIAM Sympos. Discrete Algorithms (SODA 2024) (SIAM, Philadelphia), 3792-3835.


https://www.mimuw.edu.pl/~mp248287/sparsity2/

Mathematical Programming (2023) 200:199-227
https://doi.org/10.1007/510107-022-01882-9

FULL LENGTH PAPER

Series A ")

Check for
updates

High-multiplicity N-fold IP via configuration LP

Dusan Knop' - Martin Koutecky?(® - Asaf Levin3 - Matthias Mnich* .
Shmuel Onn3

Received: 6 July 2021 / Accepted: 9 August 2022 / Published online: 21 September 2022
© The Author(s) 2022

Abstract

N-fold integer programs (IPs) form an important class of block-structured IPs for
which increasingly fast algorithms have recently been developed and successfully
applied. We study high-multiplicity N-fold IPs, which encode IPs succinctly by pre-
senting a description of each block #ype and a vector of block multiplicities. Our goal
is to design algorithms which solve N-fold IPs in time polynomial in the size of the
succinct encoding, which may be significantly smaller than the size of the explicit (non-
succinct) instance. We present the first fixed-parameter algorithm for high-multiplicity
N-fold IPs, which even works for convex objectives. Our key contribution is a novel
proximity theorem which relates fractional and integer optima of the Configuration
LP, a fundamental notion by Gilmore and Gomory [Oper. Res., 1961] which we gen-
eralize. Our algorithm for N-fold IP is faster than previous algorithms whenever the
number of blocks is much larger than the number of block types, such as in N-fold IP
models for various scheduling problems.
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1 Introduction
The fundamental INTEGER PROGRAMMING (IP) problem is to solve:
min f(x): Ax=b,l<x<u, xeZ", (IP)

where f : R" - R, A € Z"*", b € Z",and l,u € (Z U {£00})". Any IP instance
with infinite bounds 1, u can be reduced to an instance with finite bounds using standard
techniques (solving the continuous relaxation and using proximity bounds to restrict
the relevant region), so that from now on we will assume finite bounds 1, u € Z". We
denote fimax = max | f(x)].
IX;XZ;:J

INTEGER PROGRAMMING is a fundamental problem with vast importance both in
theory and practice. Because it is NP-hard already with a single row (by reduction from
SUBSET SUM) or with A a 0/1-matrix (by reduction from VERTEX COVER), there is
high interest in identifying tractable subclasses of IP. One such tractable subclass is
N-fold IPs, whose constraint matrix A is defined as

Ezl 0 --- 0
A=EM .| 0 E - 0| )
0 0 --- Eé\’

Here,r,s,t, N € N, E™ is an (r + Ns) x Nt-matrix, E| € Z"* and E} € Z*,

2 N
Ej E} - Ej and call E) the
Ej) E5 -~ EY )’

i € [N], are integer matrices. We define E := (
N-fold product of E. The structure of E™) allows us to divide any N¢-dimensional
object, such as the variables of x, bounds 1, u, or the objective f,into N bricks of size ¢,
e.g. x = (x!,...,x"). We use subscripts to index within a brick and superscripts to
denote the index of the brick, i.e., xji. is the j-th variable of the i-th brick with j € [f]
and i € [N]. Problem (IP) with A = E™) is known as N-fold integer programming
(N-fold IP).

Such block-structured matrices have been the subject of extensive research stretch-
ing back to the *70s [3-5, 15, 16, 28, 42, 44, 45], as this special structure allows
applying methods like the Dantzig-Wolfe decomposition and others, leading to sig-
nificant speed-ups in practice. On the theoretical side, the term “N-fold IP” has been
coined by De Loera et al. [9], and since then increasingly efficient algorithms have
been developed and applied to various problems relating to N-fold IPs [2, 6, 25, 26, 29,
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32]. This line of research culminated with an algorithm by Eisenbrand et al. [13] which
solves N-fold IPs in time (|| E ||oors)0(’zs+”2) -Nlog N -log [[u—1|| o -l0g fiax for all
separable convex objectives f (i.e., when f(x) = Y "_, fi(x;) andeach fi : R — R
is convex).

1.1 Our contribution

Previous algorithms for N-fold IP have focused on reducing the run-time dependency
on N down to almost linear. Instead, our interest here is on N-fold IPs which model
applications where many bricks are of the same fype, that is, they share the same
bounds, right-hand side, and objective function. For those applications, it is natural to
encode an N-fold IP instance succinctly by describing each brick type by its constraint
matrix, bounds, right-hand side, and objective function, and giving a vector of brick
multiplicities. When the number of brick types t is much smaller than the number N
of bricks, e.g., if N &~ 27, this succinct instance is (much) smaller than the previously
studied encoding of N-fold IP, and an algorithm running in time polynomial in the
size of the succinct instance may be (much) faster than current algorithms. We call the
N-fold IP where the instance is given succinctly the huge N-fold IP problem, and we
present a fast algorithm for it:

Theorem 1 Huge N-fold IP with any separable convex objective can be solved in time

2 2
Eloor)CT 7759 poly(z, £, log 11, w, b, N, finaxllo) -

A natural application of Theorem 1 are scheduling problems. In many scheduling
problems, the number 7 of jobs that must be assigned to machines, as well as the num-
ber m of machines, are very large, whereas the number of types of jobs and the number
of kinds of machines are relatively small. An instance of such a scheduling problem
can thus be compactly encoded by simply stating, for each job type and machine
kind, the number of jobs with that type and machines with that kind together with
their characteristics (like processing time, weight, release time, due date, etc.), respec-
tively. This key observation was made by several researchers [7, 37], until Hochbaum
and Shamir [20] coined the term high-multiplicity scheduling problem. Clearly, many
efficient algorithms for scheduling problems, where all jobs are assumed to be distinct,
become exponential-time algorithms for the corresponding high-multiplicity problem.

Let us shortly demonstrate how Theorem 1 allows designing algorithms which are
efficient for the succinct high-multiplicity encoding of the input. In modern computa-
tional clusters, it is common to have several kinds of machines differing by processing
unit type (high single- or multi-core performance CPUs, GPUs), storage type (HDD,
SSD, etc.), network connectivity, etc. However, the number of machine kinds 7 is still
much smaller (perhaps 10) than the number of machines, which may be in the order
of tens of thousands or more. Many scheduling problems have N-fold IP models [31]
where 7 is the number of machine kinds and N is the number of machines. On these
models, Theorem 1 would likely outperform the currently fastest N-fold IP algorithms.
Proof ideas. To solve a high-multiplicity problem, one needs a succinct way to argue
about solutions. In 1961, Gilmore and Gomory [17] introduced the fundamental and
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widely influential notion of Configuration IP (ConfIP) which describes a solution (e.g.,
a schedule) by a list of pairs “(machine schedule s, multiplicity @ of machines with
schedule s)”. The linear relaxation of ConfIP, called the Configuration LP (ConfLP),
can often be solved efficiently, and is known to provide solutions of strikingly high
quality in practice [41]; for example, the optimum of the ConfLP for BIN PACKING
is conjectured to have value x such that an optimal integer packing uses < [x] + 1
bins [38]. However, surprisingly little is known in general about the structure of
solutions of ConfIP and ConfLP, and how they relate to each other.

We define the Configuration IP and LP of an N-fold IP instance, and show how
to solve the ConfLP quickly using the property that the ConfLP and ConfIP have
polynomial encoding length even for huge N-fold IP. Our main technical contribution
is a novel proximity theorem about N-fold IP, showing that a solution of its relaxation
corresponding to the ConfLP optimum is very close to the integer optimum. Thus, the
algorithm of Theorem 1 proceeds in three steps: (1) it solves the ConfLP, (2) it uses
the proximity theorem to create a “residual” N’-fold instance with N’ upperbounded
by (|E ||oors)o(’ $), and (3) it solves the residual instance by an existing N-fold IP
algorithm.

1.2 Related work

Besides the references mentioned already, we point out that solving ConfLP is com-
monly used as subprocedure in approximation algorithms, e.g. [1, 14, 22, 27]. Jansen
and Solis-Oba use a mixed ConfLP to give a parameterized OPT + 1 algorithm for
bin packing [24]; Onn [36] gave a weaker form of Theorem 1 which only applies to
the setting where E ﬁ = I and E’2 is totally unimodular, for all i. Jansen et al. [25]
extend the ConfIP to multiple “levels” of configurations. An extended version [31] of
this paper shows how to model many scheduling problems as high multiplicity N-fold
IPs, so that an application of Theorem 1 yields new parameterized algorithms for these
problems. Knop and Koutecky [30] use our new proximity theorem to show efficient
preprocessing algorithms (kernels) for scheduling problems.

There are currently several “fastest” algorithms for N-fold IP with standard (non-
succinct) encoding. First, we have already mentioned the algorithm of Eisenbrand et
al. [13]. Second, the algorithm of Jansen et al. [26] has a better parameter dependency
of (||E||oors)o(’zs+sz) (as compared with (||E||oors)o(r25+”2) of the previous algo-
rithm), but has a slightly worse dependence on N of N log> N, and only works for linear
objectives. Third, arecent algorithm of Cslovjecsek et al. [8] again only works for linear
objectives and runs in time (|| E | oo s) ©¢) poly(r) N log?(Nt) log2 (|11, w, b, fmax lloc)+
(||E||oors)0(’ %s+s2) Nt. While the authors claim that this constitutes the currently
fastest algorithm, it seems that it is only potentially faster than prior work in a narrow
parameter regime.

The third paper, by Cslovjecsek et al. [8], is the closest to ours in its approach:
it solves a strong relaxation of N-fold IP which coincides with the ConfLP if each
brick is of a distinct type, and which is generalized by the ConfLLP (in our work)
otherwise. The authors show that this relaxation can be solved in near-linear time,
and then develop a proximity theorem similar to ours (but using different techniques)
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and a dynamic program, which allows them to construct and solve a residual instance
in linear time. An earlier version of our paper [31] stated a worse proximity bound
than that of Cslovjecsek et al. [8], but our bound applies to separable convex objective
whereas theirs [8] does not. Presently, we adapt one of their lemmas ( [8, Lemma 3])
(Lemma 5) and a modeling idea (Sect. 3.4) to obtain the same proximity bound as they
have [8], but which also works for separable convex objectives. It is likely that the
complexity of our algorithm to solve the ConfLP could be improved along the lines of
their work [8]. Despite these similarities, we highlight that only our algorithm solves
the high-multiplicity version of N-fold IP.

2 Preliminaries

For positive integers m, n withm < n we set [m,n] = {m,m +1,...,n}and [n] =
[1, n]. We write vectors in boldface (e.g., X, y) and their entries in normal font (e.g.,
the i-th entry of x is x; or x(i)). For ¢ € R, |«] is the floor of &, [«] is the ceiling
of «, and we define {«¢} = o — |, similarly for vectors where these operators are
defined component-wise.

We call a brick of x integral if all of its coordinates are integral, and fractional
otherwise.
Huge N-fold IP. The huge N-fold IP problem is an extension of N-fold IP to the high-
multiplicity scenario, where there are potentially exponentially many bricks. This
requires a succinct representation of the input and output. The input to a huge N-fold
IP problem with 7 brick types is defined by matrices E{ € Z"*' and E} € Z*,

i € [t], vectors I, ..., 1%, ul,...,u” € Z',b% € 7", b, .‘..,bf € 75, functions
floo ., fT: RY — Rsatisfying Vi € [t], Vx € Z' : fi(x) € Z and given by
evaluation oracles, and integers /Ll, ..., 1" € Nsuch that Zif:l u' = N. We say that

a brick is of type i if its lower and upper bounds are I and u', its right hand side is b’,
its objective is £, and the matrices appearing at the corresponding coordinates are £ ’1
and E}. The task is to solve (IP) with a matrix E") which has u! bricks of type i
for each i. Onn [35] shows that for any solution, there exists a solution which is at
least as good and has only few (at most 7 - 2) distinct bricks. In Sect. 3 we show new
bounds which do not depend exponentially on ¢.

2.1 Graver bases and the Steinitzlemma

Let x, y be n-dimensional vectors. We call x, y sign-compatible if they lie in the same
orthant, that is, for each i € [n], x; - y; > 0. We call ), g’ a sign-compatible sum
if all g’ are pair-wise sign-compatible. Moreover, we write y C x if x and y are
sign-compatible and |y;| < |x;| for each i € [n]. Clearly, C imposes a partial order,
called “conformal order”, on n-dimensional vectors. For an integer matrix A € Z"™*",
its Graver basis G(A) is the set of C-minimal non-zero elements of the lattice of A,
kerz(A) = {z € Z" | Az = 0}. A circuit of A is an element g € kerz(A) whose
support supp(g) (i.e., the set of its non-zero entries) is minimal under inclusion and
whose entries are coprime. We denote the set of circuits of A by C(A). It is known
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that C(A) € G(A) [34, Definition 3.1 and remarks]. We make use of the following
two propositions:

Proposition 1 (Positive Sum Property [34, Lemma 3.4]) Let A € 7" *" be an integer
matrix. For any integer vector x € Kerz(A), there exists ann’ < 2n — 2 and a decom-
position X = Z;’/:] ajg; withaj € N for each j € [n'], into a sum of g; € G(A).
For any fractional vector x € ker(A) (that is, Ax = 0), there exists a decomposition
X = Zl;:l a;g; into g; € C(A), where aj > 0 for each j € [n].

Proposition 2 (Separable convex superadditivity [10, Lemma 3.3.1]) Let f(x) =
iy fi(xi) be separable convex, letx € R", and let gy, . .., g € R" be vectors with
the same sign-pattern from {< 0, > 0}, that is, belonging to the same orthant of R".
Then

k k
Flx+Y g | - r0=Y o (fx+g) - fx) )
j=1 j=1

for arbitrary integers oy, ..., o € N.

Our proximity theorem relies on the Steinitz Lemma, which has recently received
renewed attention [11, 12, 23].

Lemma 1 (Steinitz [40], Sevastjanov, Banaszczyk [39]) Let || - || denote any norm, and

let X1, ..., %, € RY be such that Ixill <1 fori e [n]and Z?:] xX; = 0. Then there
exists a permutation w € S, such that for all k = 1, ..., n, the prefix sum satisfies
HZf-Ll Xa ()| < d.

For an integer matrix A, we define g1 (A) = maxgeg(a) lIgll1. When it could make
a difference, we will state our bounds both in terms of || E'||» (Worst-case, when we
have no other information) and in terms of g1 (E>) := max; g; (Eé), e.g.in Lemma 10
and Theorem 2.

3 Proof of Theorem 1

We first give a relatively high-level description of the proof, before we present all its
details.

3.1 Proof overview and ideas

3.1.1 Configuration LP and IP

Given an input to the huge N-fold IP, we first reformulate it as another IP, which we
refer to as the Configuration IP. We then consider its fractional relaxation, the so-

called Configuration LP. Our approach is to (efficiently) solve the Configuration LP,
and bound the distance of its LP optimum to the integer optimum (of the Configuration
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IP). We use this bound to reduce the input to the huge N -fold IP from a high-multiplicity
input to an input of a standard N-fold IP which is small both in terms of the number of
bricks and size of the bounding box. This small input we then solve using an existing
N-fold IP algorithm. On this way, there are several non-trivial obstacles that we need
to overcome.

We will refer to huge N-fold IP as HugelP, its corresponding fractional relaxation as
HugeCP (this is a convex program if the objective f is convex), the Configuration LP
of the HugeIP as ConfLP, and to its integer version as ConfIP. We define a mapping ¢
from the solutions of ConfLP to the solutions of HugeCP which, for every variable y,
of the ConfLP introduces | yc | bricks with configuration ¢, and then introduces ) _ {yc}

bricks with configuration ﬁ > clve) - ¢ (ie., an “average” configuration). We call

a solution x* of HugeCP “conf-optimal” if it is the image ¢(y*) of some ConfLP
optimum y*. One would hope that then the objective value of a conf-optimal solution x*
in HugeCP and of y* in ConfLP were identical. While this is true for any linear
objective f, it need not be true for a convex objective f. To overcome this impediment,
we introduce an auxiliary objective f which preserves the values of optima of ConfLLP
and conf-optimal solutions of HugeCP.

3.1.2 Proximity theorem

The bulk of our work is showing that for each conf-optimal solution x* of the HugeLP,
there is an optimum z* of the HugeIP whose ¢;-distance from x* is bounded by
P = (| Elloors)©"*). We will show that we can obtain a ConfLP optimum y with
support of size at most r + 7, and by the definition of ¢ (recall that x* = ¢(y)), this
means that x* has at most r 4+ t + 1 distinct bricks (the +1 is due to ¢ creating an
additional “average configuration” brick type). This, in turn, means that our bound on
the ¢;-distance between z* and x* says something about ConfLP and ConfIP: for any
ConfLP optimum y there is a ConfIP optimum y* in ¢{-distance at most P where any
configuration ¢ in the support of y* is at most P far from some configuration ¢’ in the
support of y. As far as we know, this is a unique result about the Configuration LP.

A way of bounding the distance between some types of optima in an integer program
has been introduced by Hochbaum and Shanthikumar [21] and adapted to the setting
of N-fold IP by Hemmecke at al. [19]. A somewhat different approach was later devel-
oped by Eisenbrand and Weismantel [11] in the setting of IPs with few rows, and was
adapted to the setting of N-fold IPs soon after [12, 13]. The idea is as follows. Let x*
be a HugeCP optimum, and z* be a HugeIP optimum, We call a non-zero integral
vector p C x* — z*, i.e., which is sign-compatible (i.e., has the same sign-pattern)
with x* — z* and which is smaller in absolute value than x* — z* in each coordinate, a
cycle of x* — z*. If z* minimizes ||x* — z*||1, it can be shown that no cycle of x* — z*
exists. Moreover, if a cycle exists, then a cycle of £1-norm at most B exists, which
implies ||x* —z*||; < B.

Notice that the previous argument assumes x* to be a HugeCP optimum: this cannot
be replaced with a conf-optimal solution for the following reason. The existence of a
cycle p leads to a contradiction because either z* + p is also a HugelIP optimum (but
closer to x*) or x* — p is also a HugeCP optimum (but closer to z*). But if x* is a conf-
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optimal solution, we have no guarantee that x* — p is again a configurable solution, and
the argument breaks down. This means that we need to restrict our attention to cycles
with the property that if x* is a configurable solution, then x* — p is also configurable.

We call such a p a configurable cycle. The next task is an analogy of the argument
above: if x* is conf-optimal and z* is a HugeIP optimum, then the existence of a con-
figurable cycle p of x* — z* leads to a contradiction. For that, we need the separability
and convexity of the objective f and a careful use of the configurability of p. With this
argument at hand, we have reduced our task to bounding the norm of any configurable
cycle (Lemma 7).

However, the main existing tool for showing proximity is by ruling out cycles. To
overcome this, we develop new tools to deal with configurable cycles.

3.1.3 The algorithm

It remains to use our proximity bound P. As already hinted at, if two solutions differ
in £1-norm by at most P, then they may differ in at most P bricks. This means that
we may fix all but P bricks for each configuration appearing in the ConfLLP optimum.
Since the size of the support of the ConfLP optimum is small (» + 7), the total number
of bricks to be determined is also small, and can be done using a standard N-fold IP
algorithm in the required time complexity (Proof of Theorem 1)

To recap, the algorithm works in the following steps.

1. We solve the ConfLLP and obtain its optimum y by solving its Dual LP using a
separation oracle. The separation oracle is implemented using a fixed-parameter
algorithm for IP with small coefficients.

2. We use the ConfLLP optimum y to fix the solution on all but (» + t) P bricks.

3. The remaining instance can be encoded as an N-fold IP with at most (r + t) P
bricks and solved using an existing algorithm.

Let us now go back to a detailed proof of Theorem 1.

3.2 Configurations of huge N-fold IP
Fix a huge N-fold IP instance with T types. Recall that i/ denotes the number of bricks

of type i, and pu = (,u], ..., 17). We define for each i € [7] the set of configurations
of type i as

Ci=[ceZt|E§c=bi,li§c§ui} .

Here we are interested in four instances of convex programming (CP) and convex
integer programming (IP) related to huge N-fold IP. First, we have the Huge IP

min f(x): EMx=b,1<x<u, xeZ, (HugelP)
and the Huge CP, which is a relaxation of (HugelP),

min f(x): EMx=b,1<x<u, xeRM . (HugeCP)
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We shall define the objective function f later, for now it suffices to say that for
all integral feasible x € ZN' we have f(x) = f (x) so that indeed the optimum
of (HugeCP) lower bounds the optimum of (HugelP) and that f is convex. Then,
there is the Configuration LP of (HugelP), that is, the following linear program:

min vy = min Z Z i@ - yG,e) (3)
i=l ceCi

D ELY eyl =1,

i=1  ceCl

D oyio=n  Vieltl,

ceCl

y>0. 4)

Letting B be its constraint matrix and d = ( ’IL’: ) be the right hand side, we can shorten
(3)(4) as
minvy: By=d,y>0. (ConfLP)

Finally, by observing that By = d implies y(i,¢) < |||l foralli € [7], ¢ € c,
defining C = } ;. C'], leads to the Configuration ILP,

minvy: By=d, 0 <y < ([|#tllcc, - - -, I #lloc)T, ¥y € NC . (ConfILP)

A solution x of (HugeCP) is configurable if, for every i € [r], each brick x/ of
type i is a convex combination of C', i.e., X/ € conv(C’). We shall define a map-
ping from solutions of (ConfLP) to configurable solutions of (HugeCP) as follows.
For every solution y of (ConfLLP) we define a solution x = ¢(y) of (HugeCP) to
have |y (i, ¢)] bricks of type i with configuration ¢ and, for each i € [t], let f =
Y ceci{y(i, ©)} and let x have § bricks with value ¢; = fl, Y ceci iy, ©)}e. (Because

Yoecci Y, ) =ptand ) . oi Ly(i, ©)]isclearly integral, f* = ' —> . ci Ly(i, ©)]
is also integral.) Note that ¢(y) has at most as many fractional bricks as y has frac-
tional entries since each f < 1 and the number of non-zero f’ is at most the number
of fractional entries of y. Call a solution x of (HugeCP) conf-optimal if there is an
optimal solution y of (ConfLP) such that x = ¢(y).

We are going to introduce an auxiliary objective function f , but we first want to
discuss our motivation in doing so. The reader might already see that for any integer
solution y € Z€ of (ConfILP), vy = f(¢(y)) holds, as we shall prove in Lemma 4.
Our natural hope would be that for a fractional optimum y* of (ConfLP) we would
have vy* = f(¢(y*)). However, by convexity of f and the construction of ¢; it only
follows that vy* > f(¢(y*)). Even worse, there may be two conf-optimal solutions x
and x’ with f(x) < f (x'). To overcome this, we define an auxiliary objective function f
with the property that for any conf-optimal solution x* of (HugeCP) and any optimal
solution y* of (ConfLP), vy* = f (x*).

@ Springer



208 D.Knop et al.

Fix a brick x/ of type i. We say that a multiset I'/ € (C' x Rx0) is a decomposition
of x) andwritex/ = Y I'Vifx/ =3 (., scriAccand Y (5 cpjhe = 1. We define

the objective f (x) for all configurable solutions as f x) = Zj\’: 1 f i(x/), where

flhy= " min > e fl(o) )

ri: J=xJ .
by (e.he)el

In a sense, f (x) is the value of the minimum (w.r.t. f) interpretation of x
as a convex combination of feasible integer solutions. Correspondingly, we call a
decomposition I'/ of x/ f-optimal if it is a minimizer of (5). Formally, we let
fix/) = fi(x/)foranon-configurable x/ in order to make the definition of (HugeCP)
valid; however, we are never interested in the value of f for non-configurable bricks
in the following.

Lemma 2 Let x be a configurable solution of (HugeCP), and x/ be a brick of type i.
Then f'(x/)) < f'(x/). Ifx/ is integral, then f'(x)) = f'(x/).

Proof By convexity of f? we have

floh=r1 Y re]= Y hefll@,

(e, o)l (e, he)eld

for any decomposition I"/ of x/. If x/ is integral, then I’/ = {(x/, 1)} is its optimal
decomposition (not necessarily unique'), concluding the proof. O

Moreover, for each x/ there is an f-optimal decomposition I'/ with [I'/] <7 + 1
since f-optimal decompositions correspond to optima of a linear program with 7 + 1
equality constraints, namely

min Y Aef'(©) st Y ree=x/ [Ali=1,1>0. (6)
ceCi ceCi
Let us describe the relationship of the objective values of the various formulations.

Lemma 3 For any feasible solution y of (ConfLP),
Vi = fle@)) - (7)

Proof LetXx = ¢(y). We can decompose f((p(y)) = U + U, where Uj is the cost of
integer bricks of ¢(y) and U is the cost of its fractional bricks. It is easy to see that
Uy = v|y] by the equality of f* and f', foralli € [t], over integer vectors. We shall
further decompose the value U into costs of fractional bricks of each type. For eachi €
[t], the cost of each fractional brick of type i is at most fil Y ecci{¥(i, ©)} f'(c) because

1 e.g., potentially x/ = %((xj +¢) + (x/ — ¢)) for some ¢, and I'/ is optimal for any linear objective.
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the decomposition {(c %{yé}) ‘c € Ci} of ¢; (recall that ¢; = fl, Y oeeci iV, ©)}e)
is merely a feasible (not necessarily optimal) solution of (6) Summing this estimate
up over all f* fractional bricks of type i gives f" - f]_' Yoecci iV, 0} f(e) = V'{§'},
concluding the proof. O

Lemma4 Lety be an optimum of (ConfILP), z* be an optimum of (HugelP), y* be an
optimum of (ConfLP), X = ¢(y*), and x* be a configurable optimum of (HugeCP).
Then

f@) = f@) = fle@) =v§ = vy = f&) = fx*) .

Proof Wehave f(z*) = f(z*) by equality of f and f on integer solutions (Lemma 2),
and f(z*) = f(¢(y)) = vy by the definition of ¢ and the fact that § is an integer
optimum. Clearly, vy > vy*, because (ConfLP) is a relaxation of (ConfILP) and thus
the former lower bounds the latter.

Let us construct a mapping ¢ for any configurable solution x of (HugeCP). Start
with ¢ (x) =y = 0. For each brick x/ of type i let I'/ be a f -optimal decomposition
of x/ and update yé = yé + A for each (¢, A¢) € I'/. Now it is easy to see that

Vo (x*) = f(x*) . 8)

Our goal is to argue that vy* = f(i) = f(x*). We have fA(i)A = f((p(y*)) < vy*
by (7), but by optimality of y* and (8) it must be that v¢(X) = f(X) > vy* and hence
vy* = f(X). Similarly,

f&x*) = vp(x*) = vy* > Flo(y™)

with the “=" by (8), the first “>" by optimality of y*, and the second “>" by (7).
However, since f(¢(y*)) > f(x*) by optimality of x*, all inequalities are in fact
equalities and thus vy* = f(x*). O

Remark 1 We only need the properties of f that we have proved so far. To gain a little
bit more intuition, consider the dual of the LP (6). Notice that the set of right hand
sides x/ whose optimum is attained by a particular set of configurations supp(X) is a
polyhedron. Call such a set a cell. This means that f is a convex function which is
linear in each cell. Another observation is that f is non-separable.

We do not have a more intuitive explanation of f . It would be tempting to think
that f is the piece-wise linear approximation of f in which, for every i € [Nt], we
replace each segment of f; between two adjacent integers k, k+ 1 by the affine function
going through the points (k, f;(k)) and (k + 1, f;(k + 1)). However, this turns out to
be incorrect: for example, say that fi(x;) = |x; — 1| (thus f1(0) = f1(2) = 1 and
f1(1) = 0) and that we set x; = 2x; for a new integer variable x;. This constraint
ensures that x; only takes on even values. Thus, x; never attains the value 1 and
fl (1) > 1 even though the piece-wise linear approximation of f has value O at 1.
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Bounding the number of fractional coordinates.

Lemma5 (Adaptation of [8, Lemma 4.1]) An optimal vertex solution y* of (ConfLP)
has at most 2r fractional coordinates.

Proof Notice that if a brick (y*)’ is a vertex of the set Q' := conv{y’ € RC | 1y =
w',y' > 0}, then it is integral. Thus, any brick of y* which is fractional cannot be a
vertex of Q' and hence there exists a direction e’ € Keryz(1) and a length A’ > 0 such
that (y*)! £1/e’ € Q'.For the sake of contradiction, assume there are r + 1 bricks of y*
which contain a fractional coordinate and [ is the index set of such bricks. Hence we
have e/, A as above for each i € I. We abuse the notation and treat C' as a matrix
whose columns are the configurations. Consider the vectors E iCiAiei € R”: because
there are r + 1 of them, they are linearly dependent, and, by rescaling, there must be
coefficients A such that [A/| < A’ for each i € [ and Yier E’iC")_»ie" = 0. Define
e € R (recall that C is the total number of configurations) such that its i-th brick
is equal to A’e’ if i € I, and is 0 otherwise. Then y* =+ e are both feasible solutions
of (ConfLP), and thus y* is not a vertex solution—a contradiction.

So far, we have shown there are at most r fractional bricks of y*. Notice that all we
needed for that was r + 1 linearly dependent vectors which can be added to some brick
in both directions while preserving feasibility. Because ¢’ € Kerz(1) for eachi € I,
we can decompose ¢! into elements of G (1), which are exactly vectors with one 1 and
one —1. Hence, to avoid the contradiction above, there can be at most r vectors e,
and, additionally, all of them must belong to G(1). Thus, the resulting vector e has
support of size at most 2r, and y* has at most 2r fractional coordinates. O

Finding a conf-optimal solution with small number of fractional bricks.

Our goal is to show that the proximity of any conf-optimal solution x* of (HugeCP)
from an integer optimum z* of (HugelP) depends on the number of fractional bricks.
This number, by definition of ¢, depends on the number of fractional coordinates of the
corresponding solution y of (ConfLP). The following lemma shows how to produce
optima of (ConfLLP) with small support. We emphasize that our proximity theorem
does not require that the fractional solution be optimal but rather conf-optimal.

Lemma 6 There is an algorithm that finds an optimal vertex solution y* of (ConfLP)
with |supp(y*)| < r + t and at most 2r fractional coordinates, and a conf-
optimal solution x* = ¢(y*) of (HugeCP) with at most 2r fractional bricks, in time
g1(E2)P® poly(rt log || fmax. 1w, b, g, E o).

Proof The proof has three parts. First, we describe how to find an optimal basic solution
of the dual of (ConfLP). Next, we identify r + t inequalities of this dual which fully
determine the optimal dual LP solution. Finally, we show how to use this information
to solve (ConfLP) itself.

Recall that t is the number of brick types in the huge N-fold instance. Since
(ConfLP) has exponentially many variables, we take the standard approach and solve
the dual LP of (ConfLP) by the ellipsoid method and the equivalence of optimization
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and separation. The Dual LP of (ConfLP) in variables « € R", 8 € R” is:

max bOa + Z w g
i=1
s.t. (@Ei)e — fi(e) < —p' Vi € [t], Ve € C'. 9)

To verify feasibility of (qe, B), we need, for each i € [?], to maximize the left-hand
side of (9) over all ¢ € C* and check if it is at most —B'. This corresponds to finding
integer variables ¢ which for given (&, ) solve

min (f’(c)—(ocE‘i)c):—max ((aE’i)c— fi(c)) D Ebe=b, I'<c<u'ceZ.

This program can be solved in time 7" < g1 (E2)©® 3 -poly(log [b', ', u’, | E || llo)
[33, Theorem 4].

Grotschel et al. [18, Theorem 6.4.9] show that an optimal solution of an LP
(even one which is a vertex [18, Remark 6.5.2]) can be found in a number of
calls to a separation oracle which is polynomial in the dimension and the encoding
length of the inequalities returned by a separation oracle. Clearly the inequali-
ties (9) have encoding length bounded by log || fmax, 1, u, b, |lcc and thus T =
poly(rtt log || fmax, 1, u, b, u, E||s) calls to a separation oracle are sufficient to find
an optimal vertex solution, which amounts to 7 - T"" arithmetic operations.

Next, we will identify r + 7 inequalities determining the previously found optimal
vertex solution of the dual of (ConfLP). Observe that the dimension of the dual LP
is the number of rows of the primal LP, which is » + 7. Since each point in (r 4 7)-
dimensional space is fully determined by » 4 7 linearly independent inequalities, there
must exist a subset I of r 4+ 7 inequalities among the T inequalities considered by
the ellipsoid method which fully determines the dual optimum. We can find them as
follows.

We initialize [ to be the empty set. Taking the T considered inequalities one by
one, we process the inequality if it is satisfied as equality by the given optimal basic
solution for the dual LP, and we discard other inequalities. If we process the current
inequality and either some inequality of I or the present inequality is dominated? by
an inequality that can be obtained as a non-negative linear combination of the others,
discard it; otherwise, include itin / and continue. Testing whether an inequality dz < ¢’
is dominated by a non-negative combination of a system of inequalities Dz < e can
be decided by solving

minee st a'D=d, >0, (10)
and checking whether the optimal value is at most ¢’. If it is, then the solution o

encodes a non-negative linear combination of the inequalities Dz < e which yields
an inequality dominating dz < ¢/, and if it is not, then such a combination does

2 An inequality ax < b is dominated by ex < d if for every x such that cx < d we also have ax < b.
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not exists. Thus, when a new inequality is considered, we solve (10) for at most
r + t inequalities (the new one and all less than r + t already selected ones),
and there are at most T inequalities considered. The time needed to solve (10) is
poly(r + t,log |1, u, b, fimax, E|ls) because its dimension is at most r + 7 and its
encoding length is at most log |1, u, b, fmax, Ellco- Altogether, we need time

T -(r+71)-poly(r+ t,log|l,u, b, fimax, Ellco)
< poly(rttlog || fmax, L u, b, &, E|lec) =

Finally, let the restricted (ConfLP) be the (ConfLP) restricted to the variables
corresponding to the inequalities in /. We claim that an optimal solution to the
restricted (ConfLP) is also an optimal solution to (ConfLP). To see that, use LP duality:
the optimal objective value of the dual LP restricted to inequalities in I is the same as
one of the dual optima, and thus an optimal solution of the restricted (ConfLP) must
be an optimal solution of (ConfLP). We solve the restricted (ConfLP) using any poly-
nomial LP algorithm in time 7”7 < poly((r 4 ), 10g || fmax, I u, £, b’, E|ls). The
resulting total time complexity is thus T - T”” + T to construct the restricted (ConfLP)
instance and time T” to solve it, T - T"" 4+ T’ + T" total, which is upper bounded by
21(E2) P poly(rtt10g || fmax, L, w, b, s, Eloo), as claimed.

Let y* be an optimum of (ConfLP) we have thus obtained. Since |I| < r + T,
the support of y* is of size at most » 4+ 7. By Lemma 5, y* has at most 2r fractional
coordinates. Now setting X* = ¢(y*) is enough, since we have already argued (see
definition of @) that x* has at most as many fractional bricks as y* has fractional
coordinates and x* can be computed from y* in O(r + 1) time. O

3.3 Proximity theorem

Let us give a plan for the next subsection. We wish to prove that for every conf-optimal
solution x* of (HugeCP) there is an integer solution z* of (HugelP) nearby. In the
following, let x* be a conf-optimal solution of (HugeCP) and z* be an optimal solution
of (HugelP) minimizing ||x* — z*||;. A technique for proving proximity theorems
which was introduced by Eisenbrand and Weismantel [11] works as follows. A vector
h € ZN* is called a cycle of x* —z* if h # 0, EMh = 0, and h C x* — z*. It is
not too difficult to see that if X’ is an optimal (not necessarily conf-optimal) solution
of (HugeCP) with the objective f, then there cannot exist a cycle of x" — z* (cf. proof
of Lemma 9). Based on a certain decomposition of X" — z* into integer and fractional
smaller dimensional vectors and by an application of the Steinitz Lemma, the existence
of a cycle is proven unless ||x’ — z*||; is roughly bounded by the number of fractional
bricks of x". However, we cannot apply this technique directly as an optimal solution x’
of (HugeCP) might have many fractional bricks. At the same time, an existence of a
cycle h of x* — z* does not necessarily contradict that || x* — z*||; is minimal, because
x* +h might not be a configurable solution, which is an essential part of the argument.

All of this leads us to introduce a stronger notion of a cycle. We say that h € ZV'
is a configurable cycle of x* — z* (with respect to x*) if (1) h is a cycle of x* — z*, (2)
for each brick j € [N] of type i € [7] there exists an f optimal decomposition I” J of
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(x*)/ such that we may write h/ = Y~ ; ' 1 Ache, and (3) for each (¢, Ae) € 'Y
we have he C ¢ — (z*)/ and h € KerZ(Eé). Soon we will show that if ||x* — z*||;
is minimal, x* — z* does not have a configurable cycle. The next task becomes to
show how large must || x* — z*||; be in order for a configurable cycle to exist. Recall
that the technique of Eisenbrand and Weismantel [11] can be used to rule out an exis-
tence of a (regular) cycle, not a configurable cycle. To overcome this, we “lift” both
x* and z* to a higher-dimensional space and show that a cycle in this space corre-
sponds to a configurable cycle in the original space. Only then are we ready to prove
a proximity bound using the aforementioned technique.

Lemma 7 Ifh is a configurable cycle of x* — z*, then x* — h is configurable.

Proof Fix j € [N].Letpbe thebrick (x*—h)/ andleti € [t]beits type. Now p can be
written as p = Z(c,kc)ef‘f Ae(e—he). Furthermore, we have E,(c—he) = Ejc = b/,
and, by h C x* — z*, we also have ] < x* —h < u. O

We now need a technical lemma:

Lemma8 Let x* be a conf-optimal solution of (HugeCP), let z* be an optimum
of (HugelP), and let h* be a configurable cycle of x* — z*. Then

f@ +h0*) + f(x* —h*) < f(7*) + f(x¥) . (11)

Proof We begin by a simple observation: let g : R — R be a convex function, x € R,
z € 7Z,and r € 7Z be such that r C x — z (that is, there is some p, 0 < p < 1, such
thatr = p - (x — z)). By convexity of g we have that

gz+r)+glx —r) =g +gk) . (12)
Fix j € [N]and z = (z")/, x = (x*)/, h = (h*)j: and let i be the type of brick j.
Since h* is a configurable cycle there exists an f-optimal decomposition I" of x
such that, for each (¢, Ac) € I', there exists a he C ¢ — z, he € KerZ(E‘z), and

h = Z(c’ royer Mehe. Due to separability of f we may apply (12) independently to
each coordinate, obtaining for each ¢

fl@+ho) + fle—ho) < f'@) + f'(0) .
Since all arguments of f' are integral, we immediately get
fla+ho + fle—ho) = fi@ + fl© .

Aggregating according to I", we get (recall that we have Z(C’ roerde =1)

> oae(fatbo+ fie-no) = Y e (f@+ f©)

(e, re)el (e, r0)el

=@+ Y rfl(©,

(e, e)el”
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where by f -optimality of I" the right-hand side is equal to f i(z) + f /(x). As for the
left-hand side, observe that decompositions I = {(z + h¢, Ac) | (¢, A¢) € I'} and
I' ={(c—he,Ae) | (¢, Ac) € I} satisfy ) I =z+hand ). I' = x — h but are
only feasible (not necessarily optimal) solutions of (6). Thus, we have

fla+m+ fix-m= Y ae(fl@tbo+ fie—ho) .

(e,re)el’

Combining over I then yields
fla+m+ flx—h < fl@ + /),

and since we have proven this claim for every brick j, aggregation over bricks con-
cludes the proof of the main claim (11). m]

Let us show that if x* and z* are as stated, then there is no configurable cycle of x* —z*.

Lemma9 Ler x* be a conf-optimal solution of (HugeCP) and let z* be an optimal
solution of (HugelP) such that || x* — z*||| is minimal. Then there is no configurable
cycle of x* — z*.

Proof For the sake of contradiction, suppose that there exists a configurable cycle h*
of x* — z*. By Lemma 8, one of two cases must occur:

Case 1: f(z* +h*) < f(z*). Then z* + h* is an optimal integer solution (by h C
x* —z* we havel < z*+h < uandby h* € kerz (E(N)) we have EV)(z* +h) = b)
which is closer to x*, a contradiction to minimality of ||x* — z*||;.

Case 2: f x* —h*) < f (x*). Since h* is a configurable cycle, Lemma 7 states that
x* — h* is configurable, so we have a contradiction with conf-optimality of x*. 0O

Overview of the remainder of the proof

In order to use existing proximity arguments to bound the norm of a cycle, our plan is to
move into an extended (higher-dimensional) space which corresponds to decomposing
each brick x' of x* into configurations as x' = > ¢ Acc — each summand becomes a
new brick in the extended space.

We denote this new higher-dimensional representation of x* with respect to I"
as 1x* and call it the rise of x*, and define similarly the rise of z* (with respect to a
given decomposition of each brick of x*). The situation gets very delicate at this point.

First, we require that each decomposition of a brick of x* is optimal with respect
to the auxiliary objective f so that we can use the argument about non-existence of
a cycle. Second, because the proximity bound depends on the number of fractional
bricks of 1x*, we require that the decomposition of each brick is small, i.e., into only
few elements. Third, we require that each coefficient A, is of the form 1/¢. for an
integer g, because we need to ensure that, for a corresponding cycle brick he, AS Th,
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is an integer vector, so A ! has to be an integer. To ensure the second and third
condition simultaneously, we first show that there is a decomposition of each brick of
size at most ¢ + 1 and with each coefficient bounded by P, and then show that each
fraction p/q can be written as an Egyptian fraction p/q = 1/a1 + 1/a> + ---1/a.
with ¢ < 2log, g (Lemmas 10-12). (Bounds on the length of Egyptian fractions have
been studied in the past and our bound is not the best possible, but in order to use our
proximity theorem, we need exact and not merely asymptotic bounds, so we prove
this worse but exact bound of 2 log, g.) We call a decomposition of a brick satisfying
all three criteria given above a small scalable decomposition.

Fix a small scalable decomposition for each brick of x*, and let 1x* be the rise of x*
with respect to this decomposition. Since this decomposition is small, 1x* has at most
poly(|| Ellso, 7, s) fractional bricks. Moreover, the other properties above allow us to
say the following: if r is a cycle of $x*— 1z*, then the compression of r back to the
original space is a configurable cycle of x* — z* (Lemma 14). So in order to bound
Ix* — z*||1, it suffices (by triangle inequality) to bound ||1x*— 1z*||;. We do this by
adapting the approach of Eisenbrand and Weismantel [11] to bound the length of any
cycle r of 1x*— fz*.

The remainder of the proof

We say that || is the size of the decomposition. Let us show that for each brick, there
exists an f-optimal decomposition whose coefficients have small encoding length,
and its size is small. For any matrix A, define goo(A) = maxgeg(a) lIglloo-

Lemma 10 Each brick of X* of type i has an f -optimal decomposition I

1. of size at most t + 1, and .
2. MaX (e e=pe/goer (Pes g} < (0 + DUQE = Dgoo(ES)H < (¢ + DD
(g1 (E2) ) < (1 + DD (5| E oo + DEFTDET),

Proof An f -optimal decomposition corresponds to a solution of the LP (6). We will
argue that there is a solution whose support is composed of columns which do not
differ by much, which corresponds to a solution of an LP with small coefficients, and
the claimed bound can then be obtained by Cramer’s rule.

Specifically, we claim that there exists an f -optimal decomposition I" which cor-
responds to an optimal solution A of (6) such that there exists a point { € Z' and
if ¢ € supp(A), then ||[c — ¢|lcc < (t — 1)goo(E§). For a solution A of (6), define
R' 1= maxX¢ ¢csuppn) lI€ — €/[loo to be the longest side of the bounding box of all
¢ € supp(L). Forapoint ¢ € Z!, say, for ¢ € supp()), that a coordinate j € [z]is tight
ifc; = ¢;—[57ore; = ¢;+5 7, anddefine S = 3o o) 2jm1 Aeljis tight in ]
(where “[X]” is an indicator of the statement X) to be the weighted number of tight
coordinates. Now let £ € Z' be any point which is an integer center of the bound-
ing box (i.e., [|[c¢ — &|lco < f%} for all ¢ € supp(A)) and which minimizes S. For
contradiction assume that A is an optimal solution of (6) which minimizes R’ and §
(Iexicographically in this order) and R’ > (2t — 2) goo(Eé). Assuming I is a decom-
position of a brick of type i, we have ¢, ¢’ € C' = {¢ € Z' | Eéé =b, I <¢<u}

@ Springer



216 D.Knop et al.

and thus ¢ — ¢’ € Kerz(E}). By Proposition 1 we may write ¢ — ¢/ = 23;_12 Yigj

with g; € Q(Eé) and g; © ¢ — ¢ for all j € [2r — 2]. Note that because
le —¢|loc > R := (2t — 2)goo(E£), we have that there exists j € [2f — 2] such that
yj > 1. Hence g := Z?t:_]z L%Jgj satisfies g # 0. Let¢ :=¢c—g,and ¢ :=¢' + g.

First, because ¢ — ¢ = (¢ — ¢/) — 2g = Z?tz_lz(yj - ZL%J)gi, we may bound
le—¢ oo < (2t—2) goo(Eé) = R. Second, by the conformality of the decomposition,
¢, ¢ € C'. Third, by separable convex superadditivity (Proposition 2), we have that
f(e) + f(¢) > f(©) + f(¢). Fourth, there exist a coordinate j € [t] such that
lcj — c;.| = R’ but, since ||€¢ — ¢'[loc < R, |c; — E/j| < R < R’ and thus j is no
longer a tight coordinate for either ¢ or ¢ (or both), and no new tight coordinates can
be introduced because R < R’. Without loss of generality, let Ac < A¢. Now initialize
A" := X and modify it by setting Az, AL, = A, Ae = 0, A, 1= A¢ — Ac. By our
arguments above, A’ is another optimal solution of (6) but the weighted number S of
tight coordinates has decreased by the fourth point, a contradiction.

Thus, there exists a point ¢ € Z' and an optimal solution A of (6) such that for
each ¢ € supp(A), it holds that |[¢ — ¢l < R/2 = (t — l)goo(Eé). We obtain the
following reduced LP from (6) by deleting all columns ¢ with ||¢ — ¢|loc > R/2, and
denote the remaining set of columns by C':

minz)\cf"(c) s.t. Z,\cczxf, IAli=1,A>0. (13)

ceC! ceCl

This LP is equivalent to one obtained by subtracting ¢ from all columns and the right
hand side:

min Y Aef'©) st Y rele—O =& =) Ah=1,1=0. (14

ceCi ceCi

Now, this LP has 7 + 1 rows and its columns have the largest coefficient bounded by
R /2 in absolute value. A basic solution A has [supp(L)| < ¢+ I and, by Cramer’s rule,
the denominator of each A, is bounded by (¢ 4 1)! times the largest coefficient to the
power of ¢ 4 1, thus bounded by

(t+ DIR/DHY < (1 + DIt = Dgoo(ES) T < (1 + DUFD (g1 (E2)) .
In the worst case, we can bound this as
(t+ DUV E floo + DOF,
where we use
8oo(E}) < | Ejlloo (25| ES [l + 1)
[12, Lemma 2]. O
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Next, we will need the notion of an Egyptian fraction. For a rational number p/q,
P, q € N, its Egyptian fraction is a finite sum of distinct unit fractions such that

p 1 1 1
—=—+—4--+—,
9 491 q2 qk
forgqi, ..., qr € Ndistinct. Call the number of terms k the length of the Egyptian frac-

tion. Vose [43] has proven that any p/q has an Egyptian fraction of length O(/log ¢).
Since our algorithm requires an exact bound, we present the following weaker yet
exact result:

Lemma 11 (Egyptian Fractions) Let p, g € N, 1 < p < q. Then p/q has an Egyptian
fraction of length at most 2(log, q) + 1 and all denominators are at most q°.

Proof Let a = 2K be largest such that a < ¢, so k = [(logy q) — 17 < log, q. Write
ap=bg+r,0<r <gqg.Notethat p <gq = b<aandq <2a = r < 2a.

Now let (bx—_1, ..., b1, bp) be the binary representation of b < a so b = Zf-:é 2ip;
and e(rg, ..., r1,rg) bethatof r < 2asor = Zi‘(:o r;2'. Then we have

p ap bg+r b 1r o, k ri

—_= — = = — —|— _—— = d - + d i

q aq aq a qa ; 2k—i ; q -2k

where b;, r; € {0, 1}, so a sum of at most 2k + 1 < 2(log, q) + 1 terms with all
denominators d; < ¢g2* = qa < ¢*. Moreover, all denominators in the first sum are
distinct and at most 2%, and all in the second sum are distinct and at least q > 2k,
hence all distinct, so this is an Egyptian fraction of p/g of length 2(log, ¢) + 1 and
denominators are at most g>. O

Recall that our goal is to obtain a configurable cycle. However, for that we also
need a special form of a decomposition. Say that I" is a scalable decomposition of a
brick (x*)/ of type i if it is a f -optimal decomposition, and for each (¢,, A,) € I,
Ay is of the form 1/g, for some g, € N. We note that in what follows we do not
need an algorithm computing a scalable decomposition, only the following existence
statement.

Lemma 12 Each brick of x* has a scalable decomposition of size at most k| -
1310g(t| E2lloo), where k1 = 52.

Proof Fix j € [N].Letx = (x*)/ be a brick of x* of type i. By Lemma 10, there exists
an f -optimal decomposition of x of size ¢ + 1 where each coefficient A = pc¢/gc
satisfies pe, ge < (t+ DD (5| EL [loo + 1) TDEF2) For each ¢ in the decomposition
now express A¢ as an Egyptian fraction:
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By Lemma 11,

¢ < 2(logy go) +1 =2 (1og ((r + DD (SED o + 1)““)0“))) 1

< 25stlog(st|| E4|loo) -

Thus, the resulting decomposition is of size at most (¢ + 1)25st 10g(st||E§||oo) <
2.26¢3 log(t|| E’2 lloo) (by s <t this justifies the deletion of s in the log() at the cost of
a factor of 2, so the last bound holds) and is scalable, since each coefficient is of the
form 1/g, for some g, € N. O

We will now show that we are guaranteed a configurable cycle of x* — z* if there
exists an analogue of a regular cycle of a certain “lifting” of x* and z*.

Fix for each brick of x* a scalable decomposition I"/. Let 1x* be the rise of x*
defined as a vector obtained from x* by keeping every integer brick (x*)/, and replacing
every fractional brick (x*)/ with |\ J | terms A, ¢y, one for each (¢, A,) € I’ I,
Observe that each brick of 1x* is of the form Ac for some configuration ¢ and some
coefficient 0 < A, < 1. Thus, for a brick Acc we say that ¢ is its configuration, A is its
coefficient, and its type is identical to the type of brick it originated from; in particular,
bricks which originated from an integer brick p = (x*)/ are of the form App with
Ap = 1. Let N’ be the number of bricks of 1x* and define a mapping v : [N'] — [N]
such that if a brick j € [N’] of 1x* was defined from brick £ € [N] of x*, then
v(j) = £. The natural inverse v~ is defined such that, for £ € [N], v=1(£) is the set
of bricks of 1x* which originated from (x*).

Lemma 13 The vector +X* has at most > - r - t> log(t|E3, . .., EJ |loo) fractional
bricks, where k» = 2k].

Proof By Lemma 6 there is a conf-optimal x* with at most 2r fractional bricks. By
Lemma 12 for each fractional brick of x* of type i there is a scalable decomposition

of size at most ky - 13 log (|| E} o) < k1 - 12 log(t||E1, ..., EJ|ls). Thus, 1x* has at
most k7 - £3 log(t|| EX, ..., E7 |loo) fractional bricks for each fractional brick of x*, of
which there are at most 2r, totaling 2« - r - 3 log(t|| E 1o E§ |loo) fractional bricks.

O

Denote by tz* ¢ RY " the rise of z* (with respect to x*) defined as follows. Let
Jj € [N'], £ = v(j), and A be the coefficient of the j-th brick of 1x*. Then the j-th
brick of 1z* is (12*)7 := A(z*)¢. Observe that |[$x*— 1z*||; > ||x* —z*||; by applying
triangle inequality to each brick and its decomposition individually and aggregating.

For any vector x € RV !, define the fall of x as a vector |x € RV’ such that for
e [N], (Ix)¢ = Y ie) x/. We see that | (1x*) = x* and |(4z*) = z*. Say that
ris a cycle of 1x*— 1z* if r Cx*— 12z* and r € Kerz(EN") 3

Lemma 14 Ifr is a cycle of 1x*— Az*, then |, r is a configurable cycle of x* — z*.

3 Recall that EV') is the N’-fold matrix formed from blocks E, see Eq. (1).
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Proof To show that | r is a configurable cycle, we need to show that (1) |r €
Kerz(E™)) and, (2) for each brick x = (x*)/ of x*, there is an f-optimal decom-
position of x such that h = (| r)/ decomposes accordingly. For the first part, | r is
integral because it is obtained by summing bricks of r, which is integral. Denote by
i(j) the type of a brick j (we abuse this notation; note that i(j) for j € [N] may
differ from i () for j € [N'], but context always makes clear what we mean). By the
fact that r € Kerz(E™") and the definition of | r, we have 0 = Z?’:/] E’l(-’)rf =
Y ¥ B\ ()7, and, for each £ € [N],0 = Y, 1, B3 1/ = EXY(Ir)", thus
Ir e Kerg(EM)).

To see the second part, fix a brick j € [N] of type i and let x = (x*)/, z =
(z*)/ and h = @ r)/. We need to show that h = ZVEUfl(j) h, can be written as
Y ceci Aehe withhe E ¢ —z and he € KerZ(Eé). By definition of $x* and r, there
is a scalable decomposition I" of x (namely the one used to define 1x*) such that
for each y € v‘l(j), h, © A,(¢c, —z)and h, € KerZ(Eé). Thus we may write
h=3 ity - &, 'hy) with 4, 'h, C ¢, —zand 4, 'h, integral by the fact
that A, = 1/q, with g, € N, concluding the proof. O

We are finally ready to use the Steinitz Lemma to derive a bound on ||x* — z*||;.

Theorem 2 Let x* be a conf-optimal solution of (HugeCP) with at most 2r fractional
bricks. Then there exists an optimal solution z* of (HugelP) such that

|7 = X"l < (k2" log( 1 E, ... E3llo0)) Q71| Etllocg (E2))"+?

< (kar*log (I}, ..., E5lloe)) ) F2(IElloes)™™ .

Proof Denote by E| the first r rows of the matrix V). Let z* be an optimal integer
solution such that ||z* — x*||; is minimal, let $x* be the rise of x* with at most
Ky 113 10g(t||E21, ..., EJ|lo) fractional bricks (see Lemma 13), let 1z* be the rise
of z* with respect to x*, and let q =1x*— fz*.

We want to get into the setting of the Steinitz Lemma, that is, to obtain a sequence of
vectors with small £1-norm and summing up to zero. To this end, we shall decompose
E1q in the following way; we stress that we have E1q = 0. For every integral brick q
of type £ € [t] we have its decomposition ' = ) j g’j into elements of G (Eg) by the
Positive Sum Property (Proposition 1); for each gé. append E fgi. into the sequence. For
every fractional brick q’ of type £ € [r] we have its decomposition q' = Zt,':l oj gs,
a; > 0 for each j, into elements of C (E%); for each g;. append |o; | copies of Efgi,
into the sequence, and finally append Ef{ot j}gi.. Observe that since 1x* has at most

Ky-r -t log(t||E1, e, E; lloo) fractional bricks (Lemma 13), so does q, and thus we
have appended f < t-kz-7-13 log(t| EL, ..., E3lloo) < k2-7-t*log(t| EL, ..., E3 lloo)
fractional vectors into the sequence. Now we have a sequence

01y oo s O, Pt s - -+ Pt (15)
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with m integer vectors o1, . - O and _f fractional vectors pj 41, . . . , Pm+f. Moreover,
since, for each i € [7], C(E}) C G(E}),

each vector has £o-normof ||[EL, ..., E{|loo-g1(E>) and they sum up to 0. Observe
that (m+1)-g1(E2) > llqll1 = || tx*— 1z*||; > |Ix* —2z*|1. We now focus on bound-
ing m + §. The Steinitz Lemma (Lemma 1) implies that there exists a permutation 7
such that the sequence (15) can be re-arranged as

Vlv'-'9vm+f1 (16)

where v; is 0,13 ifi € [1,m] and Pr1() if i € [m 4+ 1, m 4+ f], respectively, and
for each 1 <k < m + f the prefix sum t; := Zf-‘zl v; satisfies

tklloo < rllEtlloog1(E2) .

We will now argue that there cannot be indices 1 < ky < --- < kj2 < f +m with

tkl = =tkf+27 (17)

which implies that f + m is bounded by § 4+ 1 times the number of integer points of
norm at most 7 || E1||cog1(E2) and therefore,

Ix* —z*lr < I+ x"= 1 z"[l1 < F+ D QrlEilloog1(E2) + 1" - g1(E2)
<2 1*10g(t|IEy, .., E3lloo) - ¥ (2| E1 o1 (E2) + 1) - g1(E2)

< (kat* ot ES. ..., E5lloe)) Crl Etllocgn (E2) 2 .

Assume for contradiction that there exist f+2indices 1 < kj < --- < kjy2 < f+m
satisfying (17). By the pigeonhole principle, there is an index k, such that all the vectors
Viy+1s -+ -, Vi, from the rearrangement (16) correspond to integer vectors 0, -1(p)
for p € [ke + 1, k¢4-1]. We will show that this collection of vectors corresponds to a
cycle h of 1x*— 4z* which by the minimality of ||x* — z*||; and Lemmas 9 and 14
is impossible. To obtain the cycle, for each p € [ky + 1, k¢41], let i(p), j(p), and

£(p) be such that 0,1, = Ef(p)gi.({;.)). Initialize h := 0 € ZM" and, for each
p e lke+1,kegr], lethi® .= 4 g}((’;)). Now we check that h is, in fact, a cycle.

First, to see that EVh = 0, we have Eﬁh" = 0 for every brick i € [N'] of type £ by
the fact that h' is a sum of g; € Q(Eg) - KerZ(Eg), and we have E;h = 0 by the
fact that ty, = ti,,, and thus 3° ..\ o Ef(p ) g;((f;)) = 0. Second, h C q because, for

every brick i € [N'], h' is a sign-compatible sum of elements gz. Cq. O

3.4 Improving the proximity theorem when I has identical columns

In this section we will show how to construct a huge n-fold instance I’ from any input
instance I such that the number of columns of I’ per brick is at most (2| E || oo + 1),
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and in some sense I and I’ are equivalent. Specifically, we will show a mapping
between the solutions of I and I’ which maps integer or configurable optima of 1
to integer or configurable optima of I’ and vice versa, respectively, and such that
proximity bounds from I’ can be transferred to 7. This will eventually allow us to
show that even if / has very large 7, we can bound the distance between a configurable
optimum and some integer optimum of / by a function independent of 7.

Construction of I'.

Note that (2||E]ls + 1)’ is the number of distinct (r + s)-dimensional integer
vectors with entries bounded by || E || .o in absolute value, hence the number of possible
distinct columns per brick. We will show how to “join” variables corresponding to
identical columns. Consider any IP with a separable convex objective where columns
corresponding to variables x; and xp are identical. Let f; and f> be the objective
functions corresponding to x; and x3, and /1, /5 and u1, u be their lower and upper
bounds, respectively. Let xj» be a new variable which replaces x1, x5 in I’. Set the
lower bound of x12 to be l1p = I + I, upper bound u12 = u1 + u», and define its
objective function as the (min, +)-convolution of f1 and f>:

fia(x2) = min filxD) + fa(x2) . (18)
X1,X2€7Z, X12=X1+X2
(1,1) =(x1,x2)<(uy,u2)

Note that if f and f; are convex, then fi; is also convex. Extend f]» to fractional
values as a linear interpolation, that is, for x1o = |x12] + {x12} fractional, let f12(x12)
be fio(lx12)) + {x12}(fi2([x121) — fi2(lx12])). The value f12(x12) can be obtained
by binary search on x| (which determines xp = x12 — x1) in O(log(u12 — [12)) calls
to evaluation oracles for f; and f,. When merging a set S of more than 2 variables,
one would compute fs(xgs) as the solution of the corresponding integer program
whose objective is ) ;¢ fi(x;) and its constraints are ) ;¢ x; = x5 and appropriate
lower and upper bounds; by [13], this is solvable in time poly(|S|) log( fmax, s —Ls).
However, our goal here is to strengthen our proximity result for I by studying I,
without actually attempting to solve I'.

For a solution x of / (not necessarily integral), we define o (x) to be a solution
of I’ where x| and x, are replaced by x;2 = x; + xj. Clearly, for integer X, the
value of o (x) under the objective of I’ is at most the value of x under f, and if x
is an integer optimum of 7, then o (x) will be an integer optimum of I’ because we
then have f12(x12) = f1(x1) + f2(x2). We abuse the notation and for an integer x’
define o~ (x') to be some integral member x of the set o ~! (x’) which satisfies f (x1)+
f2(x2) = f12(x],). For a configurable solution x" we define o~ !(x') by taking an f-
optimal decomposition I"" of the brick of X’ containing x> and applying o ! to
the configurations in I'’; this defines a decomposition I" and thus a brick > I" of a
solution x of /. The next lemma shows that this construction preserves the value of
the solution.

Lemma 15 If X is an integer optimum of I, then o (X) is an integer optimum of I,
respectively. Similarly, if X is a configurable optimum of I, then o (X) is a configurable
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optimum of I'. Analogously, if X' an integer optimum of I', then o~V (X') is an integer
optimum of I, and if X is a configurable optimum of I', then o~ (x') is a configurable
optimum of I.

Proof 1t follows from the definition of f}, that for any integer solution of I we get
an integer solution of I’ which is at least as good, and for any integer solution of I’
we get an integer solution of / with the same value. For configurable solutions we
apply the observation above to each configuration in some f -optimal decomposition
and use the fact that f is defined via fi,. O

This approach generalizes readily to any number of variables. For the sake of simplicity
we continue with the example of “joining” two variables whose columns in E®) are
identical.

We are left to argue about proximity. While we believe that it holds in general that
any proximity bound between integer and configurable optima of I’ transfers to I, we
only need this for our specific bound, so we take a less general route.

Lemma 16 Let x be a configurable optimum of I with at most 2r fractional bricks,
X' = o(X) a configurable optimum of I', 7' an €\-closest integer optimum of I', and
z = o~ '(2') an integer optimum of I. Let P be the bound of Theorem 2 on ||X' —7'||.
Then |x —z|; < P.

Proof Consider the proof of Theorem 2. In it, we create a sequence of vectors
V1, ..., Untf. Bach of these vectors corresponds to some Efk j g} The crucial obser-
vation is that the sequence (v;); obtained from x, z is identical to the sequence obtained
fromx’, 7/, soif ||x' — Z/||; < P, then also ||x — z||; < P. O

The next corollary is now immediate:

Corollary 1 Let x* be a conf-optimal solution of (HugeCP) with at most 2r fractional
bricks. Then there is an optimal solution z* of (HugelP) such that

2 =% = (k2 + ) QI Elloo + D*) @7l Etloogn (E2))™
< QlElloso + DOV Qrl|Elloog1 (E2)CT) < (1E o)) .
3.5 Algorithm

Recall the statement of the theorem we are proving: Theorem 1. Huge N-fold IP with
any separable convex objective can be solved in time

2. 2
(1Eloor)CT 759 poly(z, £, log 11, w, b, N, finaxlloo) -

Proof We first give a description of the algorithm which solves huge N-fold IP, then
show its correctness, and finally give a time complexity analysis.

Description of the algorithm. First, obtain an optimal solution y of (ConfLP) and from
it a conf-optimal solution x* = ¢(y) with at most 2r fractional bricks by Lemma 6.

@ Springer



High-multiplicity N-fold IP via configuration ... 223

Applying Corollary 1 to x* guarantees the existence of an integer optimum z* satis-
fying

Ix =2l < P i= (0 + 9 CIE oo + D*) @I Etloogi (ED)™ . (19)

Together with the fact that there are at most 2r fractional bricks, this implies that z*
differs from x* in at most P’ = P + 2r bricks. The idea of the algorithm is to “fix” the
value of the solution on “almost all” bricks and compute the rest using an auxiliary
N-fold IP problem with a polynomial N.

Formally, our goal is to compute an optimal solution z of (HugelP) represented
succinctly by multiplicities of configurations, or in other words, as a solution ¢ of (Con-
fILP). Denote by y_ pr the vector whose coordinates are defined by setting, for every
type i € [r]and every configuration ¢ € C,y_p/(i, ¢) = max{0, | y(i, ¢)| — P’} This
leaves us with ||ly[l; — [ly_p/|l1 < |supp()|P’ < (r + t)P’ 13 bricks to determine.
et =y—y_ p’, define j by setting, for each i € [7], : ZCGC, C(i, ), let
X =¢(C),andlet N = ||§||1 = ||it|l; < P. Construct an aux111ary N-fold IP instance
with the same blocks E’l, E’ i € [1], by, for each brick %/ of type i, setting

- fi=f — b/ =V, - V=, — o =u.

We say that such a brick was derived from type i. Lastly, let b = b? —
S Yeeer £, OFjc.

After obtaining an optimal solution Z of this instance we update ¢ as follows. For
each brick Z/ derived from type i, increment ¢ (i, Z/) by one.
Correctness. By (19), it is correct to assume that there exists a solution ¢ of (ConfILP)
which has ¢(i,¢) > max{0, |y(i,¢)| — P’} for each i € [r] and ¢ € C'. Thus
we may do a variable transformation of (ConfILP) { = & + y_ps, obtaining an
auxiliary (ConfILP) instance

minv(@ +y-p) : BE+y-p)=d,0<¢ .

The auxiliary huge N-fold instance is simply the instance corresponding to the above,
and the final construction of ¢ corresponds to the described variable transformation.
Complexity. Since ||C||; < P, we can obtain an optimal solution Z of the auxiliary
instance in time (|| E||oors)o(’2””2)(t15) log(tf_’) log || fmax b, 1, 1"1||?>O [13, Corollary
91]. Let us now compute the time needed altogether. To solve (ConfLP), we need time
(Lemma 6)

2
IENSSY poly(rz1og || frmax: 1 0, b, flloo) -
To solve the auxiliary instance above, we need time

2 2y = _ — - _
(I Elloors)C (1 P) log(t P) log | fmax. b 1, @13,

@ Springer



224 D.Knop et al.

where P = (r + 1) P' < t2||Ellco + NP Q2r[|Ellcog1 (E2)° .

Hence we can solve huge N-fold IP in time at most

2 2
Elloors)OT45 poly (17 10g || frnax, 1, w, b, flloo) -

4 Concluding remarks

At this point one may wonder why bother with the ConfLP rather than solving HugeCP
and showing that its optima are close to those of HugelP. The reason is that even though
handling optima of HugeCP is much easier than handling conf-optimal solutions, and
even though solving HugeCP is easier than solving ConfLP,* a HugeCP optimum can
be very far from a HugelIP optimum [8, Proposition 1]. In other words, ConfLP is
a stronger relaxation than HugeCP: consider a brick p of a HugeCP optimum and a
brick q of a conf-optimal solution; then

qeconv{ceZd|E2c:0,li§c§ui}c{p/eRd|E2p/:0,li§p§ui}.

In plain language, while q lies in the integer hull of all configurations, p only lies in
the fractional relaxation of this hull.

Another obstacle is that even though Configuration LP is a standard tool, it is
typical that the separation problem is merely approximated rather than solved exactly,
leading to approximate solutions of ConfLP. But, we require an exact solution, and
so we use a parameterized exact algorithm for IP to solve the separation problem. It
is an interesting question when a k-approximate solution of ConfLP, i.e., a solution
whose value is at most k - O PT, may be used to obtain an % (k)-accurate configurable
solution of HugeCP, i.e., a configurable solution which is at £;-distance at most % (k)
from a configurable optimum. An approximate solution of ConfLP might be much
easier to obtain, and yet it may be almost as good as an exact solution for our purposes
here.

Another interesting question is a tight complexity bound for the algorithm of
Lemma 6. It seems likely that the recent approach of Cslovjecsek et al. [8] could
also apply in our high-multiplicity setting, which would yield a near-linear fixed-
parameter algorithm. Notice that the iterative augmentation algorithms for standard

4 We only outline the reason. We claim that an optimal solution of HugeCP can be obtained in the following
way: construct an auxiliary t-fold CP with bricks 1. X’ where the i-th brick ii, i € [t], represents
the 4! bricks of type i in the original instance. This is achieved by setting the bounds to il and piul, the
right hand side to p'b’, and the objective to u' f' (X' /u'). Given an optimum X of this 7-fold CP, we set
each brick of type x' to the value ' /4, and claim that x is an optimum of HugeCP. Thus, while HugeCP
can be solved in polynomial time, the separation subproblem needed to solve ConfLP can be NP-hard, in
this sense making ConfLP harder.
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N-fold IP have a strong combinatorial flavor and use no “black boxes”. Could the
ellipsoid method behind Lemma 6 be replaced by a (more) combinatorial algorithm,
at least for some important problems which have huge N-fold IP models, such as the
scheduling problems studied by Knop et al. [31]?
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Abstract

Solving (mixed) integer (linear) programs, (M)I(L)Ps for short,
is a fundamental optimisation task with a wide range of ap-
plications in artificial intelligence and computer science in
general. While hard in general, recent years have brought
about vast progress for solving structurally restricted, (non-
mixed) ILPs: n-fold, tree-fold, 2-stage stochastic and multi-
stage stochastic programs admit efficient algorithms, and all
of these special cases are subsumed by the class of ILPs of
small treedepth.

In this paper, we extend this line of work to the mixed case, by
showing an algorithm solving MILP in time f(a, d) poly(n),
where a is the largest coefficient of the constraint matrix, d is
its treedepth, and n is the number of variables.

This is enabled by proving bounds on the denominators (frac-
tionality) of the vertices of bounded-treedepth (non-integer)
linear programs. We do so by carefully analysing the inverses
of invertible sub-matrices of the constraint matrix. This allows
us to afford scaling up the mixed program to the integer grid,
and applying the known methods for integer programs.

We then trace the limiting boundary of our “bounded frac-
tionality” approach both in terms of going beyond MILP (by
allowing non-linear objectives) as well as its usefulness for
generalising other important known tractable classes of ILP.
On the positive side, we show that our result can be gener-
alised from MILP to MIP with piece-wise linear separable
convex objectives with integer breakpoints. On the negative
side, we show that going even slightly beyond such objectives
or considering other natural related tractable classes of ILP
leads to unbounded fractionality.

Finally, we show that restricting the structure of only the inte-
gral variables in the constraint matrix does not yield tractable
special cases.

Introduction

Integer Linear Programming (ILP) is a fundamental hard
problem as well as a widely used and highly successful
framework for solving difficult computational problems in
Al, e.g., problems related to planning (van den Briel, Vossen,
and Kambhampati 2005; Vossen et al. 1999), vehicle rout-
ing (Toth and Vigo 2001), process scheduling (Floudas and
Lin 2005), packing (Lodi, Martello, and Monaci 2002), and
network hub location (Alumur and Kara 2008) that can often

Copyright © 2021, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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be solved efficiently using a translation to ILP. This natu-
rally motivates the search for tractable classes for ILP. In
the *80s, Lenstra and Kannan (Kannan 1987; Lenstra 1983)
and Papadimitriou (Papadimitriou 1981) have shown that the
classes of ILPs with few variables or few constraints and
small coefficients, respectively, are polynomially solvable.
A line of research going back almost 20 years (Hemmecke,
Onn, and Romanchuk 2013; Chen and Marx 2018; Eisen-
brand, Hunkenschroder, and Klein 2018; Aschenbrenner and
Hemmecke 2007; Hemmecke, Koppe, and Weismantel 2014;
Ganian, Ordyniak, and Ramanujan 2017; Ganian and Ordy-
niak 2018; Dvorak et al. 2017) has recently culminated with
the discovery of another tractable class of ILPs (Eisenbrand
et al. 2019; Koutecky, Levin, and Onn 2018), namely ILPs
with small treedepth and coefficients. The obtained results
already found various algorithmic applications in areas such
as scheduling (Knop and Koutecky 2018; Chen et al. 2017;
Jansen et al. 2018), stringology and social choice (Knop,
Koutecky, and Mnich 2017a,b), and the travelling salesman
problem (Chen and Marx 2018).

The language of “special tractable cases” has been de-
veloped in the theory of parameterized complexity (Cy-
gan et al. 2015). We say that a problem is fixed-parameter
tractable (FPT) parameterized by k if it has an algorithm
solving every instance I in time f(k)poly(]I]) for some
computable function f, and we call this an FPT algorithm.
Say that the height of a rooted forest is its largest root-leaf
distance. A graph G = (V, E) has treedepth d if d is the
smallest height of a rooted forest F¥ = (V, E’) in which
each edge of GG is between an ancestor-descendant pair in
F, and we write td(G) = d. The primal graph G p(A) of
a matrix A € R™*™ has a vertex for each column of A,
and two vertices are connected if an index k € [m]
{1,...,m} exists such that both columns are non-zero in
row k. The dual graph Gp(A) is defined as Gp(A) :=
G p(AT). Define the primal treedepth of A to be tdp(A) =
td(Gp(A)), and analogously tdp(A) = td(Gp(A)). The
recent results state that there is an algorithm solving ILP in
time f (|| Al|oo, min{tdp(A),tdp(A)}) poly(n), hence ILP
is FPT parameterized by || A|| o and min{tdp(A4),tdp(A)}.
Besides this class, other parameterizations of ILP have been
successfully employed to show tractability results, such as
bounding the treewidth of the primal graph and the largest
variable domain (Jansen and Kratsch 2015), the treewidth of



the incidence graph and the largest solution prefix sum (Ga-
nian, Ordyniak, and Ramanujan 2017), or the signed clique-
width of the incidence graph (Eiben et al. 2018).

It is therefore natural to ask whether these tractability
results can be generalised to more general settings than ILP.
In this paper we ask this question for Mixed ILP (MILP),
where both integer and non-integer variables are allowed:

min{ex | Ax=b,1<x<u,xe€Z®xQ}, (1)

with A € Zm**%4 1 u,c € Z* 9 and b € Z™.

MILP is a prominent modelling tool widely used in prac-
tice. For example, Bixby (Bixby 2002) says in his famous
analysis of LP solver speed-ups, “[I]nteger programming,
and most particularly the mixed-integer variant, is the domi-
nant application of linear programming in practice.” Already
Lenstra has shown that MILP with few integer variables is
polynomially solvable, naturally extending his result on ILPs
with few variables. Analogously, we seek to extend the recent
tractability results from ILP to MILP, most importantly for
the parameterization by treedepth and largest coefficient. Our
main result is as follows:

Theorem 1. MILP is FPT parameterized by || A||» and
min{tdp(A),tdp(A4)}.

We note that our result also extends to the inequality form
of MILP with constraints of the form Ax < b by the fact
that introducing slack variables does not increase treedepth
too much (Eisenbrand et al. 2019, Lemma 56).

The proof goes by reducing an MILP instance to an ILP
instance whose parameters do not increase too much, and
then applying the existing algorithms for ILP. A key technical
result concerns the fractionality of an MILP instance, which
is the minimum of the maxima of the denominators in optimal
solutions. For example, it is well-known that the natural LP
for the VERTEX COVER problem has half-integral optima,
that is, there exists an optimum with all values in {0, 3, 1}.

The usual way to go about proving fractionality bounds
is via Cramer’s rule and a sufficiently good bound on the
determinant. As witnessed by any proper integer multiple of
the identity, determinants can grow large even for matrices
of very benign structure. Instead, we need to analyse much
more carefully the structure of the inverse of the appearing
invertible sub-matrices, allowing us to show:

Theorem 2. A MILP instance with a constraint matrix A has
an optimal solution x whose largest denominator is bounded

by (|| Al|oc)® (d))*/2, where d = min{tdp(A),tdp(A)}.

We are not aware of any prior work which lifts a positive
result for ILP to a result for MILP in this way.

We also explore the limits of approaching the problem by
bounding the fractionality of inverses: Other ILP classes with
parameterized algorithms involve constraint matrices with
small primal treewidth (Jansen and Kratsch 2015), small in-
cidence treewidth (Ganian, Ordyniak, and Ramanujan 2017),
small signed clique-width (Eiben et al. 2018) and 4-block
n-fold matrices (Hemmecke, Koppe, and Weismantel 2014).
Here, we obtain a negative answer: For each of these param-
eters, there exist families of MILP-instances with constant
parameters, but unbounded fractionality. This is detailed in
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Lemma 18 below. The produced families also show that The-
orem 2 is almost optimal:

Corollary 3. There is a MILP instance with
tdp(A),tdp(4) = d, ||Alle = 2, and fractionality
22",

Compare this with our upper bound gattiosdtioslond ext,

we consider extending the positive result of Theorem 1 to
separable convex functions, which is the regime considered
in (Eisenbrand et al. 2019). We show that merely bounding
the fractionality will unfortunately not suffice, which is de-
tailed in Lemma 20 below. However, we show that for one
important class of separable convex objectives, the fractional-
ity does not increase, specifically: piece-wise linear functions
with integer breakpoints. Let f be any separable convex func-
tion, and define f’ to agree with f on integer points, and to
be linear between them. In a sense, f’ is an approximation of
f which has a simpler structure. Using f’ as a proxy for f is
thus common in practice (Bazaraa, Sherali, and Shetty 2013;
Lin et al. 2013). Moreover, functions of this form appear in
applications of IPs with small treedepth (Knop, Koutecky,
and Mnich 2017a; Bredereck et al. 2020).

Theorem 4. MIP is FPT parameterized by ||Alls and
min{tdp(A),tdp(A)} ifthe objective function is piece-wise
linear separable convex with integer breakpoints.

By appropriate scaling, the integrality of breakpoints in
the preceding theorem can be relaxed to requiring only break-
points with fractionality bounded in the parameters.

Finally, we consider a different way to extend tractable
ILP classes to MILP. Divide the constraint matrix A of an
MILP instance in two parts corresponding to the integer
and continuous variables as A = (Az Ag). What structural
restrictions have to be placed on Az and Ag in order to obtain
tractability of MILP? We show a general hardness result in
this direction, which is made precise in Lemma 21. Note that
the main reason for intractability is that we allow arbitrary
interactions between the integer and the non-integer variables
of the instance. Thus, Lemma 21 implies that this interaction
between integral and fractional variables has to be restricted
in some way in order to obtain a tractable fragment of MILP.

Related Work

We have already mentioned related work on structural pa-
rameterizations of ILP. The closest work to ours was done
by Hemmecke (Hemmecke 2003) in 2003 when he studied a
mixed-integer test set related to the Graver basis, which is the
engine behind all recent progress on ILPs of small treedepth.
It is unclear how to apply his approach, however, because
it requires bounding the norm of elements of the mixed-
integer test set, where the bound obtained by (a strengthening
of) (Hemmecke 2003, Lemma 19),(Hemmecke 2001, Lemma
2.7.2), is polynomial in n, too much to obtain an FPT al-
gorithm. Kotnyek (Kotnyek 2002) characterised k-integral
matrices, i.e., matrices whose solutions have fractionality
bounded by k, however it is unclear how his characterisation
could be used to show Theorem 2, so we take a different
route. Lenstra (Lenstra 1983) showed how to solve MILPs
with few integer variables using the fact that a projection



of a polytope is again a polytope; applying this approach to
our case would require us to show that if P is a polytope de-
scribed by inequalities with small treedepth, then a projection
of P also has an inequality description of small treedepth.
This is unclear. In a vein somewhat similar to our bounded-
fractionality approach, ideas related to half-integrality have
recently led to improved FPT algorithms (Iwata, Wahlstrom,
and Yoshida 2016; Iwata, Yamaguchi, and Yoshida 2018;
Guillemot 2011), some of which have been experimentally
evaluated (Pilipczuk and Ziobro 2018). More fundamentally,
half-integrality of two-commodity flow (Hu 1963; Karzanov
1998) and VERTEX COVER (Nemhauser and Trotter 1974)
has been known and made use of for half a century.

Preliminaries

‘We consider zero a natural number, i.e., 0 € N. We write
vectors in boldface (e.g., x,y) and their entries in normal
font (e.g., the i-th entry of x is x;). For positive integers
m < n we set [m,n] ;== {m,...,n} and [n] := [1,n]. The
following Proposition is well-known, but crucial.

Proposition 5. Let A € Z"™*" be a full rank square matrix.
Then, frac(A=1) < (|| Al|o0)"n™/2.

Proof. Let adj(A) be the adjugate matrix of A (which has
certain subdeterminants of A as entries.) Cramer’s rule states
that A=1 = ﬁ(z“) - adj(A) holds. Hadamard’s bound on
| det(A)| can be derived from the fact that |det(A) is the
volume of the parallelepiped spanned by the columns A; of
A. This in turn has the product of their lengths as an upper
bound, attained precisely on pairwise orthogonal columns.
Therefore, | det(A)| < [, ||Ail|2, whence the Proposition
easily follows. O

The proof makes it clear what makes it necessary to go
beyond Cramer’s rule: | det(A)| might be prohibitively large,
while cancellations in adj(A)/ det(A) may lead to low frac-
tionality in A~! nonetheless.

Reducing MILP to ILP

Assume that an MILP instance is given and that some opti-
mum x = (Xz,Xq) exists whose set of denominators is D,
and we know M = max D. Recall lem(D) is the least com-
mon multiple of the elements of D, and lem (D) < M! =: M.
Then lem(D)xg is an integral vector. Our idea here is to re-
strict our search among all optima of (1) to search among
those optima with small fractionality, that is, with small de-
nominators. Consider the integralized MILP instance:

min{(Mcy, cg)z: z € Z*19, (M - Ay Ag)z = M - b,
(Iz, Mlg) < (22,2q) < (uzMug)}
@)
We claim that the optimum of (1) can be recovered from the
optimum of (2):

Lemma 6. Let M be the fractionality of (1) and (zz zg) €
7711 be an optimum of (2). Then x (zz %zQ) is an
optimum of (1).
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Proof. Tt is clear that there is a bijection between solutions
x of (1) where xq has all entries with a denominator M and
solutions z of (2). The optimality of x then follows from M
being the fractionality of (1) and M always being divisible
by lem(D). O

The Graphs of A and Treedepth

We assume that Gp(A) and Gp(A) are connected, otherwise
A has (up to row and column permutations) a block diago-
nal structure and solving (1) amounts to solving smaller (1)
instances (for each block) independently.

Definition 7 (Treedepth). The closure cl(F’) of a rooted tree
F' is the graph obtained from F by making every vertex
adjacent to all of its ancestors. The height of a tree F' denoted
ht(F) is the maximum number of vertices on any root-leaf
path. We denote by dtp(v) the depth of vertex v in F, i.e.,
the number of vertices on the path from v to the root of F.
A td-decomposition of G is a tree F such that G C cl(F).
The treedepth td(G) of a connected graph G is the minimum
height of its td-decompositions.

To facilitate the analysis of our results we use two parame-
ters called topological height (introduced by Eisenbrand et
al. (Eisenbrand et al. 2019)) and topological length:

Definition 8 (Topological height and Topological length). A
vertex of a rooted tree I is degenerate if it has exactly one
child, and non-degenerate otherwise (i.e., if it is a leaf or has
at least two children). The topological height of F', denoted
th(F), is the maximum number of non-degenerate vertices on
any root-leaf path in F. The topological length of F, denoted
t1(F), is the maximum number of consecutive degenerate
vertices on any root-leaf path in F. Clearly, th(F),t1(F) <
ht(F).

|

Figure 1: The treedepth decomposition F' of G p(A) for the
situation in Lemma 9.

We also need a lemma from (Eisenbrand et al. 2019); refer
also to Figure 1 for an illustration.

Lemma 9 (Primal Decomposition (Eisenbrand et al. 2019,
Lemma 19)). Let A € Z™*"™, Gp(A), and a td-
decomposition F of Gp(A) be given, where n,m > 1. Then
there exists an algorithm computing in time O(n) a decom-



position of A
Al A1
A= : , (block-structure)
Aqg A
and td-decompositions Fi,....Fy of
Gp(A1),...,Gp(Aq), respectively, where d € N,
A; € zmixk A, € Zmini th(F;) < th(F) — 1,
ht(F;) < ht(F) — k, k < tW(F), for i € [d]

N1y ey Mgy My, Mg € N.

Fractionality of Bounded-Treedepth Matrices

This section is devoted to a proof of our main tractability
result stated in Theorem 1, i.e., showing that MILP (like
ILP) is fixed-parameter tractable parameterized by || Al
and d = min{tdp(A),tdp(A)}. The main ingredient for
the proof is Theorem 2 providing a bound on the fractionality
of an optimal solution for MILP:

Theorem 2. A MILP instance with a constraint matrix A
has an optimal solution x whose largest denominator (frac-
tionality) is bounded by (|| A o0 )% (d!) /2.

We start by observing that the fractionality of an optimal
solution of a MILP instance can be obtained from the frac-
tionality of the inverse of some full rank square sub-matrix
of the non-integer part of the constraint matrix A. Consider
any optimal solution (x7, xg) of (1). The fractional part x7,
is necessarily an optimal solution of the linear program

min{exg : Agxg =b — Azx;y,

3
lg <xg < ug,xg € Q?} . )

To bound the fractionality of (1), it therefore suffices to
consider the fractionality of (3), and we shall hence assume
that A = AQ.

Let us now recall some basic facts about vertices of poly-
topes adapted to the specifics of our situation. Consider a
vertex of the polytope described by the solutions of the sys-
tem of

Ax=b,l1<x <u, 4

with A, b, x,1, u as usual. Let x be any solution of (4). Being
a vertex means satisfying n linearly independent constraints
with equality. Without loss of generality (Eisenbrand et al.
2019, Proposition 4), A has full rank.

Since these first m equations necessarily hold for any so-
lution x, we have m linearly independent constraints sat-
isfied, and there remain n — m of the in total 2n upper
and lower bounds to be satisfied. Without loss of gener-
ality, we may assume that it is indeed the first n — m
lower bound constraints that are met with equality, that is,
1 =11,...,Tn_m = ln_m holds. Let

. 7:1;77,—771) € Qn_m?
. 71‘77,) € in )

xn = (a1, .

XB = (Tpm+1,- -
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and partition accordingly the n columns of A as A
(Ay Ap). Letting b’ = b — Axxy, the solution x
(xn,xp) satisfies

A BXpB = b/. (5)
Observe that Ap € Z™*™ is a square matrix with trivial
kernel (that is, Ax = 0 only for x = 0), thus invertible.
Therefore, xp = Aglb'. (Otherwise, there is a direction
y in the kernel such that both x + ey and x — €y are fea-
sible, hence x was not a vertex.) Hence, in order to bound
the fractionality of the vertex x, it is enough to bound the
fractionalities of the entries of Agl. Therefore, to bound the
fractionality of (1), it is sufficient to bound the fractional-
ity of the inverse of any full rank square sub-matrix of the
constraint matrix A. We will denote with frac(A) the frac-
tionality of A, meaning the maximum denominator appearing
over all entries, represented as fractions in lowest terms, of
A. We will start by showing Theorem 2 for the case of primal
treedepth, i.e., taking into account the discussion thus far
(together with the fact that the treedepth of any sub-matrix of
A is bounded by the treedepth of A) it is sufficient to show
that:

Lemma 10. Let A be a square matrix with full
rank having a td-decomposition F of Gp(A).
Then, frac(A=') is at most (||Als)®b*/?,  where
b = min{tl(F)*E+ (th(F)!), ht(F)!}.

Remark 11. Note that to show the bound stated in Theo-
rem 2, it is sufficient to show the lemma for b = (ht(F)!).
However, the bound given in Lemma 10 allows us to ob-
tain better bounds for important special cases. For instance,
for the case of 2-stage stochastic and n-fold ILP, we obtain
that frac(A=1) < (|| Alls)?’ (2t3)*" since th(F) = 2 and
t = t1(F) is the block size.

The main idea for the proof of Lemma 10 is to show that
the matrix A contains a small sub-matrix A’ with at most
b columns and rows such that the fractionality of A1 is
at most the fractionality of (A’)~!, which can be bounded
using Proposition 5. Towards showing this, we will employ a
pruning procedure that works along the td-decomposition F'
of Gp(A) in a bottom-up manner. The crucial ingredient of
this procedure is given in Lemma 13 that in essence allows
us to remove all but at most dt z(v) many children (together
with the columns and rows induced by the variables contained
in the sub-trees below those children) of any non-degenerate
vertex v of F'. The following lemma shows a general property
for the fractionality of the inverse of a matrix that makes this
pruning step possible.

Lemma 12. Let A € 7"*" be a square matrix with full rank
of the form (g AOD) , where Ap is a block diagonal matrix.

Then, there is a block A in Ap such that frac(A™1) <
frac(A;il), where Ap is obtained from A after removing all
columns and rows from A that are in Ap but not in Ap.

Proof. Note that both B and A are full rank square matrices
because Ap is a square matrix and A is a full rank square



matrix. By elementary matrix calculus, the inverse of A is
—1
given by ( R A(;l)’ where R = —A,' - R-B71.
Let e be an entry of A~! with the maximum fractionality
(among all entries in A~1). If e is contained in B~!, then
setting A p to an arbitrary block of Ap satisfies the claim of
the lemma. If e is in A", then setting A g to be the block in
Ap containing e satisfies the lemma. This is because Ap is
block diagonal, and therefore the inverse of Ap is the block
diagonal matrix of the inverses of the blocks. Finally, if e is
contained in R’, then because R’ = —ABl -R- B, the
entry e of R’ is obtained by multiplying a row 7 of ABI with
a column of R - B~!. Therefore and because R has only
integer entries, setting A to be the block of Ap having a
non-zero entry at row r satisfies the claim of the lemma. [J

For a set of variables V', the sub-matrix of A induced on
V contains all columns that correspond to a variable in V'
projected onto all rows of A that have a non-zero entry in at
least one column in V.

Lemma 13. Let A € Z™*™ be a square matrix with full
rank having a td-decomposition F of G p(A), let v be a non-
degenerate vertex of F' and let C, be the set of all children of
vin F. Then there is a set C of at most dt (v) children of v in
F such that the sub-matrix Ap of A obtained after removing
all rows and columns in the sub-matrix of A induced on the
set of all variables occurring in any sub-tree of I rooted at a
child in C, \ C, satisfies:

» Ap is a square matrix with full rank,
e frac(A™1) < frac(ARY).

P
Proof. Let A, be the sub-matrix of A induced on all vari-
ables occurring in the sub-tree of F' rooted at v. Then A

is of the form <g /(1) >, since all rows not in A, only

have zero entries at all columns in A,. Let r be the num-
ber of non-zero columns in R. Note that r < dtp(v) — 1
and because of Lemma 9, we obtain that A, is of the form
(block-structure), with d = |C/|, and where A; only con-
tains the column corresponding to the variable v. Consider a
block A; with dimensions m; x n;. Since A has full rank,
m; > n;. Otherwise, the columns of A; would not be lin-
early independent in A. Because A has full rank, we also
obtain that r + 1 + Z‘jc;ll nj = Z‘jc;ll m;. Therefore, the
number ' of different values for j such that m; > n; is at
most 7 + 1. W.L.o.g., we can assume that the first 7’ inequali-
0

i)
where Ap is a block diagonal square matrix (consisting of the
blocks A4 1,. .., Ac) and B’ consists only of the blocks
B 0

R Ap
satisfies the conditions in Lemma 12. Let A, be the block
of Ap, whose existence is ensured by Lemma 12. We claim
that setting C to the children corresponding to the blocks
Ay, ..., A, Ay satisfies the statement of the lemma. Indeed,
|C] < 7" +1 < dtp(v). Moreover, Ap is a square matrix

. . B’
ties are strict and consequently A, has the form < R

Aq, ..., A.. Note that A now has the form and
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with full rank because so is A and the removed blocks A; are
squares. Finally, frac(A~!) < frac(Ap') by Lemma 12. [

The following lemma now shows how to apply the reduc-
tion given in Lemma 13 along the td-decomposition F', to
obtain a sub-matrix of A with at most b columns and rows.

Lemma 14. Let A € Z"*™ be a square matrix with
Jull rank having a td-decomposition F' of Gp(A). Then
there exists a sub-matrix Ap of A having at most b =
min{tl(F)®E+ (th(F)!), ht(F)!} columns and rows such
that frac(A=1) < frac(Ap").

P
Proof. Note that Lemma 13 allows us to reduce the size
of A while not decreasing the fractionality of its inverse as
long as F' contains a non-degenerate vertex v with more than
dtr(v) children. To see this let Ap be the sub-matrix of A
obtained after applying the lemma for some non-degenerate
vertex v of F'. Then Ap together with the td-decomposition
obtained from F' after removing the sub-trees rooted by a
child in C, \ C again satisfy the conditions in the state-
ment of the lemma and moreover frac(A~!) < frac(Ap").
Let Ap be the sub-matrix obtained from A after apply-
ing the reduction rule given by Lemma 13 exhaustively
and let Fp be the td-decomposition of Gp(Ap). Then
frac(A~!) < frac(Ap') and moreover every vertex v in
F'p has at most dt g (v) children, which implies that F)p has
at most b = min{tl(F)*E)+1(th(F)!), ht(F)!} vertices.
Therefore, A p has at most b columns (and rows) and satisfies
the statement of the lemma. O

We are now ready to show Lemma 10.

Proof of Lemma 10. Let Ap be the sub-matrix of A, whose

existence is ensured by Lemma 14. Because frac(A™!) <
frac(Ap'), it suffices to provide the bound for frac(Ap").
Recall that Ap has at most b columns and rows. Therefore,
by Proposition 5, the fractionality of the inverse of Ap is at

most (|| Ao )°b%/2, as required. O

The following corollary shows that the fractionality can be
bounded in the same manner in terms of the treedepth of the
dual graph.

Corollary 15. Let A be a square matrix with full
rank having a td-decomposition F of Gp(A).
Then, frac(A=') is at most (||Alls)®b*/?,  where
b = min{tl(F)*®E)+1 (th(F)!), ht(F)!}.

Proof. Because Gp(AT) = Gp(A), we obtain that F is a
td-decomposition of G p(AT). Therefore, Lemma 10 implies
that frac((AT)~1) is at most (|| A )’b*/2. The corollary
now follows because (A~1)T = (AT)~L, O

Theorem 2 now follows immediately from Lemma 10 and
Corollary 15, which allows us to conclude with the proof of
our main tractability result of this section.

Proof of Theorem 1. Theorem 2 gives us an exact bound M’
on the largest coefficient of the (2) instance, and it is clear
that the structure of non-zeroes (hence the primal and dual



graphs) of the constraint matrix of (2) is identical to that of

Hence, by Lemma 6, (1) can be solved by solv-
ing (2), which can be done (by the results of (Eisenbrand
et al. 2019)) in FPT time parameterized by || 4| and
min{tdp(A4),tdp(A)}). (To be precise, we need to solve (2)

forevery 1 < M < M') O
Piece-wise Linear Separable Convex
Objectives

A generalisation of (1) to non-linear objectives is
min {f(x) | Ax=b,1<x<u,x€Z*xQ'}, (6)

and here we focus on the case when f is separable convex,
meaning f(x) = > ., fi(z;) with f; : R — R univariate
convex for each i € [n]. Moreover, we assume that f is piece-
wise linear with breakpoints at integer points, i.e., for every
a € Randi € [n], fi(a) = {a}fi(la]) + (1 —{a}) fi([a]),
where {a} = a — |a].

We adapt a variable transformation of Hochbaum and Shan-
tikumar (Hochbaum and Shantikumar 1990) to show that (6)
admits a linearization that retains the fractionality of the orig-
inal linear instance. This transformation was originally used
to show that integer separable convex minimisation can be
reduced to integer linear minimisation when A has small
sub-determinants, but our use differs in three aspects: our
variables are mixed integer, the matrix A may have large sub-
determinants, and most importantly, we only use it to obtain
a fractionality bound; we never need to solve the newly con-
structed instance. Specifically, we will transform an input (6)
into a (1) whose parameters we define next:

min{cylﬁy=5,0§yél,y622XQq} (7)

The hatted data are obtained as follows: For each i €
+ ql, replace the variable x; with u; — I; variables yf ,J €
+ —1;]. Hence, in (7), and the number of integer variables is
Z;l u; — l;, the number of continuous variables is § =

[z
[w
z =
Zz‘zig-i-l Ui — !
the variable y/ . The lower and upper bound for all variables is
0 and 1, respectively. Let the right-hand side be b=b—Al=

S°ZF7 A;l; . Finally, the coefficient in the objective function

1;. We define the column of A corresponding to

c for variable y; is the slope of f; between points I; + (j — 1)
and l; + j. Specifically, ¢! = f;(l; +j) — fi(li + (j — 1)).
Define a mapping ¢ : Z* x Q7 — Z% x QY as follows:
given x € Z* x Q, p(x) =y, where for each i € [z + ¢,
J € ui — ), y] = max{0,min{l,z; —; — (j — 1)} }.
Lemma 16. /. A vector x is feasible in (6) iff ©(x) is feasi-
ble in (7).

If1<x <, then f(x) = cp(x) + 717 fi(ls).

Let x* be an optimum of (6). Then p(x*) is an optimum
of (7).

The proof amounts to careful checking of the construction,
and is deferred to the full version.

2.
3.
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Lemma 17. Every square sub-matrix A’ of A of full rank
has tdp(A") < tdp(A) and tdp(A’") < tdp(A).

Proof. For A’ to have full rank, it cannot contain duplicate
columns. Hence, A’ is also a square sub-matrix of A, a case
in which we have already shown the claim to hold. O

Proof of Theorem 4. By this lemma, the fractionality M
of (7) is bounded by frac(A), and by Lemma 16 and the
definition of ¢, frac(A) is also a fractionality bound on (1)
when f is separable convex piece-wise linear with integer
breakpoints. Let f be defined component-wise from f as
follows: for i € [1, 2], let f; = fi, and fori € [z + 1,2 + ¢,
let fz(xz) = fi(x;/M). Then, to solve (1) in this regime, it
is enough to optimise f over (2). O

Limits of the “Bounded Fractionality”
Approach

In this section, we show the limits of our “bounded frac-
tionality” approach. We start by showing its limits for vari-
ous important known tractable classes of ILP, i.e., the class
of small primal treewidth and domain (Jansen and Kratsch
2015), small incidence treewidth and largest solution prefix
sum (Ganian, Ordyniak, and Ramanujan 2017), small signed
clique-width of the incidence graph (Eiben et al. 2018), and
the class of 4-block n-fold matrices (Hemmecke, Koppe, and
Weismantel 2014). We show that all these classes exhibit
unbounded fractionality.

Lemma 18. For every n € N, there are MILP instances I,
and Is with constraint matrices Ay and Ao, such that Aq has
constant primal, dual, and incidence treewidth and signed
incidence clique-width and || A1||cc = 2, and Az is 4-block
n-fold with all blocks being just (1), and the fractionality is
22 for I, and Q(n) for I.

Proof. Consider the n X n matrix

2 —1 0 0
0 2 -1 0
A =|. ],
0 0 2

It is easy to verify that the matrix B with B;; = 2°=7~! for
1 < j and B;; = 0 otherwise is the inverse of A;. Moreover,
the primal, dual, incidence treewidth of A; is at most 1,
the signed incidence clique-width of A; is at most 2, and
[A1]loc = 2.

It is again easy to verify that below are A, and its inverse,
both n x n, with n’ = n — 2, and A, is a 4-block n-fold
matrix with all blocks of size 1:



1 1 1 1
1 1 0 0
A—|1 01 0
1 0 0 1
11 1 1
o4 Y
I I ¥
A2 1 = W T n 7?

3‘,i

Because for each vertex x of a polyhedron there exists an
objective vector ¢ such that (1) is uniquely optimal in x, and
the fact that we have demonstrated inverses with high frac-
tionality, there must exist vertices of high fractionality and
corresponding objectives, which give the desired instances I;
and I. O

Remark 19. The Q(n) fractionality lower bound in part 2
of Lemma 18 may be seen as mild given that for 4-block
n-fold we would seek an algorithm running in time nf®),
for f some function and k largest block size, and that (the
more permissive) n-fold IP problem has such an algorithm
even when its entries are polynomial in n. However, this
is not true for the 2-stage stochastic IP problem, which is
NP-hard with polynomially bounded coefficients already with
constant-size blocks (Dvordk et al. 2017). Because 4-block
n-fold IP is at least as hard as 2-stage stochastic IP, the
bounded fractionality approach cannot work for giving an
nf %) algorithm for 4-block n-fold MILP.

We now show the limits of our approach for generalising
our results from MILP to MIP for certain types of separable
convex functions.

Lemma 20. There are MIP instances with the following
properties:

1A= (1---1),b=1 f(x) = >,(z)% tdp(A)

fractionality n,

1,

2. dimension 1, no constraints, f(x) = (x—%)?, fractionality
k,

3. dimension 1, no equality constraints, 0 < x < 1, f(z) =

23 + 222 — x univariate cubic convex, unbounded frac-
VT _2)
3)

tionality (minimum is 5
Proof. All instances have unique optima, and it is straight-
forward to verify that in part 1 of the Lemma, it is the point

x=(%,..., 1), inpart 2itis z = ¢, for any k, and in part
7

3, the minimum is irrational x < %, hence fractionality

is unbounded. The objective f(z) = 2® + 22? — = is not
convex on R, but it is between 0 and 1. O
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The Limits of Tractability for Structured
MILPs

It is well-known that MILP is fixed-parameter tractable pa-
rameterized by the number of integer variables. It is therefore
natural to ask, whether for our Theorem 1 it could be suffi-
cient to only put restrictions on the integer part of the instance.
Here, we show that this is not the case. We show hardness for
the feasibility version of MILP, which is deciding the non-
emptiness of the set {x € Z* x Q7 | Ax =b, 1 < x < u}.

Lemma 21. Let C be a class of ILP instances for which the
feasibility problem is NP-hard. Then there exists a class of
MILP instances C' whose feasibility problem is NP-hard and

0 4 >,where]isthe

whose constraint matrix is A =

I -1
identity matrix and Ag is a constraint matrix of an instance

from C.
The proof is deferred to the full version of the paper.

Remark 22. It is an interesting question for future work
whether we can generalise our results for MILP if we put
additional restrictions on the interactions between integer
and non-integer variables. A similar approach has recently
been explored for generalising the tractability result for ILP
based on primal treedepth to MILP (Ganian, Ordyniak, and
Ramanujan 2017) using a hybrid decompositional parameter
called torso-width.

Open Problems

We close with three open problems motivating future research.
First, what is the complexity of general MIP for matrices with
bounded primal and dual treedepth? Our Lemma 20 shows
that a different approach is needed. Second, is 4-block n-fold
MILP in XP? At first sight, it may seem that to get an XP algo-
rithm, it should suffice to bound the fractionality by poly(n)
(and nothing better is possible by Lemma 18). However, the
current XP algorithm for the pure integer case depends expo-
nentially on the largest coefficient of the constraint matrix,
so solving (2) would be too slow. Third, Lemma 21 suggests
that new tractable fragments of MILP may be characterized
by having bounded interaction between the integer and con-
tinuous variables. Hence, we ask: what is the complexity of
MILP where Az comes from an ILP tractable fragment, Ag
is arbitrary, and the number of rows which are nonzero in
both the integer and continuous variables is small? If this
is hard, what restraints need to be placed on Ag to obtain a
tractable fragment?
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—— Abstract

We provide several novel algorithms and lower bounds in central settings of mixed-integer (non-)linear
optimization, shedding new light on classic results in the field. This includes an improvement on
record running time bounds obtained from a slight extension of Lenstra’s 1983 algorithm [Math.
Oper. Res. ’83] to optimizing under few constraints with small coefficients. This is important for
ubiquitous tasks like knapsack—, subset sum— or scheduling problems [Eisenbrand and Weismantel,
SODA’18, Jansen and Rohwedder, ITCS’19].

Further, we extend our algorithm to an intermediate linear optimization problem when the
matrix has many rows that exhibit 2-stage stochastic structure, which adds to a prominent line
of recent results on this and similarly restricted cases [Jansen et al. ICALP’19, Cslovjecsek et al.
SODA’21, Brand et al. AAAI’21, Klein, Reuter SODA’22, Cslovjecsek et al. SODA’24]. We also
show that the generalization of two fundamental classes of structured constraints from these works
(n-fold and 2-stage stochastic programs) to separable-convex mixed-integer optimization are harder
than their mixed-integer, linear counterparts. This counters a widespread belief popularized initially
by an influential paper of Hochbaum and Shanthikumar, namely that “convex separable optimization
is not much harder than linear optimization” [J. ACM ’90].

To obtain our algorithms, we employ the mixed Graver basis introduced by Hemmecke [Math.
Prog. ’03], and our work is the first to give bounds on the norm of its elements. Importantly, we use
these bounds differently from how purely-integer Graver bounds are exploited in related approaches,
and prove that, surprisingly, this cannot be avoided.
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1 Introduction

We study the MIXED INTEGER PROGRAMMING problem, which asks to minimize a (linear
or non-linear) objective function over a linearly constrained, mized-integer set of numerical
variables, that is, some of them are required to be integral, while others may be fractional.
The case where all variables are required to remain integral is the purely-integer case. This
problem is of enormous importance for applications, as Bixby [3] says in his famous analysis
of speed-ups for linear programming solvers: “[IInteger programming, and most particularly
the mized-integer variant, is the dominant application of linear programming in practicef,]”.
Moreover, concerning non-linear optimization, Bertsimas et al. note in their spectacular
work [2] on the notorious subset selection problem in statistical learning that, over the
past decades, algorithmic and hardware advances have elevated convez (and therefore, in
particular, non-linear) mixed-integer optimization to a comparable level of relevance in
applications.

Despite its practical ubiquity, the algorithmic theory of both linear and non-linear mixed
integer optimization is much less developed compared to purely-integer problems. Indeed,
the little insight we do have into the algorithmics of the mixed-integer case so far derives
mainly from the purely-integer case (see the discussion of related work below): The best
algorithms relevant to the setting of our article follow as a corollary of a 40 year-old result,
namely, Lenstra’s famous algorithm [23] (which can be extended, e.g. using [14, Theorem
6.7.9], to the setting of arbitrary convex target functions).

In this article, we focus on central special cases of the problem. We embark from the
important case when there are only few constraints with small entries, which plays a key role
in ubiquitous algorithmic applications such as scheduling problems, subset sum problems
and knapsack-type problems, and has increasingly come into focus in recent years [13, 19].
The gained insight in this domain is then supercharged to attack a linear, mixed-integer
optimization problem that arises in analogy to a long and prominent line of recent works on
purely-integer problems with structured sets of constraints [10, 5, 9, 8, 12, 20].

Our Contributions

We design faster algorithms for non-linear mixed-integer optimization in the case where there
are only few constraints, and the coefficients appearing in them are of small absolute value
(Theorem 1). Building on this, we give parameterized algorithms for a generalized, hard
linear mixed-integer optimization problem (Theorem 2). In addition, we prove new lower
bounds for separable convex optimization problems, showing that the result on polynomial-
time solvability of mixed-integer linear programming [4] subject to constraints of bounded
treedepth does not translate to the separable convex case (Theorems 3 and 4). This may
come as a surprise, considering the generally observed, tight connection between tractability
for separable convex and linear target functions in the case of both fully continuous and
purely-integer optimization (see [16, 6]), which might make it tempting to conjecture a
similarly close relationship also in the mixed-integer case.

In terms of technical innovation, our algorithmic results are based on novel insights into
as-of-yet poorly understood mixed Graver bases. We prove that, somewhat unexpectedly,
the usual manner in which these bases are employed in the literature to aid the design of
algorithms for integer programming problems can not yield much in the mixed-integer setting.
One key contribution of our algorithmic results is that they demonstrate how to circumvent
this limitation, and how to exploit the mixed Graver bases algorithmically nonetheless.
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Importantly, and in contrast to most results in the mixed-integer realm to date, our
results do not rely on expanding the results for purely-integral cases, which we prove to have
only limited power, but instead, use new insights about the structure of the mixed-integer
problem itself.

Results on Algorithms and Complexity of MIPs. To set the stage somewhat more formally,
we consider with the following problem:

min f(x) : Ex=b,1<x <u, x € Z" x R"F. (MIP)

Here the number of columns is n = ny + ng, the objective function f : R® — R is
separable conver, that is, f(x) = Y., fi(z;) for some sequence of univariate convex functions
fi,--, fan: R=> R, E €Z™™ E denotes the constraint matrix, b € R™ is the right-hand
side, and the lower and upper bounds are 1,u € (RU {£o0})™.

We set X = Z"% x R™ | where nz and ng should be clear from the context. An important
special case is that of an integral right-hand side b € Z™ and bounds 1, u € Z", and a linear
target function f(x) = wx = >, w;x;. In this setting, (MIP) specializes to

minwx: Ex=b, 1<x<u, xeX (MILP)

On the front of algorithms for this problem, we improve the current, double-exponential record
bound for mixed-integer programs with few rows and small coefficients to single-exponential,
even when the target function is non-linear:!

» Theorem 1 (Algorithm for MIPs with few rows). The problem (MIP) can be solved in single-
exponential time (m||EHoo)O(m2) - R, where R is the time needed to solve the continuous
relazation of any (MIP) with the constraint matriz E.

Until now, the best way to solve a (MIP) with few rows and small coefficients would
be to remove duplicate columns from E in a preprocessing step, and then use Lenstra’s
1983 algorithm for mixed integer programming [23]. Since there are 2||E||« + 1 numbers of
absolute value at most || ||, the preprocessing ensures that there are at most (2| F|/c +1)™
columns in E. This, however, leads to a double-exponential running time in terms of m.

Moreover, we use the above algorithm as a starting point for developing a novel algorithm
for an intermediate problem. Namely, we now allow the bounds 1, u € X and right-hand side
b € R™ to be fractional, that is, we consider the problem

minwx: Ex=b,1<x<u, xeX (MILPyqc)

Already deciding feasibility of this variant has been shown to be NP-hard for totally unim-
odular matrices [7]. We are interested in algorithms that deal with constraint structures
that were extensively treated in recent works in the purely integer setting [10, 5, 9, 8, 12, 20].
Namely, n-fold and 2-stage stochastic matrices with bounded block-size, as depicted in Figure
1.2 The matrices A; and B; in Figure 1 are called the blocks of the constraint matrices;
furthermore, n denotes the number of blocks A; and B;. For the case of 2-stage stochastic
constraints, we prove:

1" As is common in the literature, we use the term single-ezponential in x for functions of the form
- . . . poly(z)
2POlY(®) " as opposed to e.g. 29(*). Similarly, we call exponential towers of height two, that is, 2% v
double-exponential in x.

2 Formal definitions of all terms used in the introduction will be given in the preliminaries.
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B B, .. D] B lAlo0o ... 0
Alo .0
oA o By | 0 ﬁ‘ 0

S B,|0o 0o ..[A
0o 0 .. "
(a) An n-fold matrix (b) A 2-stage stochastic matrix

Figure 1 The A; and B; are matrices of dimension bounded by a parameter. Note that n-folds
and 2-stage stochastic matrices are transpositions of each other.

» Theorem 2 (Algorithm for 2-stage stochastic (MILPy,.)). The problem (MILPy,.) where
E is a 2-stage stochastic matriz with block-dimensions B; € Z'*" and A; € Z*° can be
solved in time g(r, s, ||E|l) - n", for some computable function g.

Turning to lower bounds, we show that this result is likely optimal:

» Theorem 3 (Hardness for 2-stage stochastic MIP). The problem (MIP) with integral data is
W(1]-hard when E is a 2-stage stochastic matriz with blocks of size bounded by a parameter
and || E||cc = 1 already for linear objective functions.

In particular, under the common parameterized complexity assumption that FPT # W[1]
holds, this rules out algorithms for (MIP) with running times of the form g(k) - poly(n),
where k is the maximal block-dimension of each B;, A; in the 2-stage stochastic constraint
matrices. Such a (double exponential) algorithm does exist for the pure integer case [12].

Moreover, we prove that the algorithm from Theorem 2 cannot be extended to the related
case of n-fold constraint structure:

» Theorem 4 (NP-hardness for n-fold MIP). The problem (MIP) with integral data is NP-hard
when E is an n-fold matriz with blocks of constant dimensions and ||E||o = 1 already for
linear objective functions.

Interestingly, the above hardness results demonstrate that the relationship between n-folds
and 2-stage stochastic programs in the mixed case is different from purely-integer case: In
the purely integer case, n-folds are solvable faster (in time FPT and single-exponentially [8])
than 2-stage stochastic programs [18], while in the mixed-integer case, the situation seems to
be reversed.

Results on Mixed Graver Bases. Our algorithmic approach uses the mixed Graver basis of
the constraint matrix. This is a mixed analogue of the usual integral Graver basis, which is
a central object in all the recent developments around block-structured integer programs.
Deeper insights into the Graver basis have led to new dynamic data structures [12], proximity
theorems [8, 9, 12, 20, 21] and better convergence rate analyses [12]. Intuitively speaking,
the elements of the Graver basis comprise all possible improving directions that have to be
considered by an algorithm that seeks to iteratively augment suboptimal solutions.

The mixed Graver basis was introduced by Hemmecke [15] already in 2003, but not
understood well enough to be used. On our way to showing Theorem 2, we prove several
results about the mixed Graver basis which are of independent interest, and disprove the
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typical intuitions gained by studying the ordinary integral Graver basis. First, all elements
of the integral Graver basis of an n-fold matrix with bounded block-dimension also have
entries of bounded absolute value, whence they derive their algorithmic usefulness. We show
that this is not true for the mixed Graver basis:

» Theorem 5 (n-fold mixed Graver lower bound). There is an n-fold matriz E with constant-
sized blocks and ||E||s = 1 such that the mized Graver basis of E contains an element with
1-norm of size Q(n).

On the other hand, for 2-stage stochastic matrices, the co-norm of its elements can be
bounded by a function of the block-dimensions and || E||oo:

» Theorem 6 (2-stage stochastic mixed Graver upper bound). For any 2-stage stochastic
matriz E, the mazximum oco-norm of an element of its mized Graver basis is bounded by
h(r, s, ||E|lsc) for some computable function h.

This bound also implies a proximity result: for any integer optimum z*, there is a nearby
mixed optimum x*. Thus, we can first find z* (which can be done efficiently), and then only
search in a small neighborhood around z*.

Until now, a bound such as h(r, s, | E|le) on the Graver elements has always led to an
algorithm with a corresponding running time h(r, s, | E||s ) poly(n). However, in the mixed
case, such an algorithm is ruled out by Theorem 3. This shows that, in the mixed case, the
common intuition of good bounds on the Graver norm directly leading to fast algorithms
fails.

Related Work

We have already pointed to the most directly related recent works on block-structured
(integer) linear programming. For an overview on the vast literature concerning practical
attempts to deal with mixed-integer programming, the excellent article of Bertsimas et
al. [2] provides pointers to relevant literature on this fascinating matter. We now sketch
the theoretical literature in the field to contextualize the results obtained in the present
paper, and in particular, how they contrast the typical, expected relationship between linear
and convex optimization results observed heuristically in other situations. Since the limited
insight we do have into the mixed-integer case so far derives mainly from the purely-integer
case, we emphasize the comparison to the literature treating the latter setting to highlight
patterns of lifting algorithmic results along two axes: From purely-integer to mized domains,
and from linear to conver objectives.

Towards the first axis, one first has to mention Lenstra’s [23] algorithm for purely-integer
linear optimization, which was seminal for the entire area. Notably, it extends to mixed-
integer domains with a fixed number of integer coordinates. By the same token, there are
other cases besides fixed integer dimension where tractability lifts from the purely-integer
to the mixed case. For one, this includes the by-now classic polynomial-time solvability of
linear integer optimization with totally unimodular constraint matrices [17]. In addition,
it was shown more recently [4] how to obtain efficient algorithms for mixed-integer linear
optimization subject to constraints of a particular structure (namely bounded treedepth,
which includes n-fold and 2-stage stochastic programs), by leveraging the flurry of tractability
results on purely-integer optimization in structurally restricted settings that we already
pointed out above.

We now turn to the second axis, linear versus convex optimization. Indeed, as mentioned
already above, the algorithm of Lenstra [23] for mixed- and purely-integer optimization
with a fixed number of purely-integer coordinates can also be extended (e.g. using [14,
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Theorem 6.7.9]) to the setting of arbitrary convex target functions. In a similar vein, a
general result of Hochbaum and Shanthikumar [16] establishes the following: Whenever the
linear integer optimization problem with constraint matrices of bounded subdeterminants
is polynomial-time solvable, then so is also the non-linear integer optimization problem for
target functions that are separable conver (that is, a sum of univariate convex functions
on the coordinates). Their paper’s eponymous heuristic observation that “convex separable
optimization is not much harder than linear optimization” has since become common
wisdom, further consolidated e.g. by Chubanov’s result on reducing linear to separable convex
optimization over the fully (non-mixed) continuous domain. What is more, also the series of
results on integer optimization subject to constraints of bounded treedepth mentioned above
apply, especially, to separable convex target functions. It is worth noting that, since it is
already NP-hard to optimize a gquadratic (non-separable) convex function over the boolean
hypercube {0,1}"™ [12, Proposition 101], and the constraint matrix describing (the facets
of) the hypercube is both totally unimodular and of bounded treedepth, the algorithms for
separable convex optimization are most likely not extensible to general convex objectives.

We emphasize that our results shed light on the algorithmic properties of mixed-integer op-
timization that defies the intuition that the body of work outlined above may suggest. Indeed,
our results can be interpreted to mean that mixed-integer separable-convex optimization
behaves rather unexpectedly from this point of view.

Organization

We give all necessary preliminaries in Sect. 2. Then, we give new results on mixed Graver
bases and algorithmic consequences for mixed-integer linear programs with few rows in Sect.
3. In Sect. 4, we then extend this to an algorithm for the 2-stage stochastic case, and Sect.
5 contains a matching lower bound. In Sects. 6 and 7, we prove both complexity and Graver
norm lower bounds for the n-fold case.

Due to the page limit, we postpone the proofs of some statements to the full version.

2 Preliminaries

We write vectors in boldface (e.g., x,y) and their entries in normal font (e.g., the i-th entry
of x is x;). Any (MIP) instance with infinite bounds 1,u can be reduced to an instance
with finite bounds using standard techniques in polynomial time (solving the continuous
relaxation and using proximity bounds to restrict the relevant region). So from now on we
assume finite bounds 1, u € X with X = Z"2 x R"®

The set of indices at which x is non-zero is the support of x, denoted supp(x). For
positive integers m < n we set [m,n] := {m,...,n} and [n] := [1,n], and we extend this
notation to vectors: for LLu € Z" with1 < u, [Lu] := {x € Z" |1 <x < u}. If A is a matrix,
A; ;j denotes the j-th coordinate of the i-th row, A; . denotes the i-th row and A, ; denotes
the j-th column. We use log := log,. We define |z] to be |z] if > 0 and [z] otherwise,
and we define the fractional part of x to be {x} := x — |z]. The division of variables into
integer and continuous ones induces a division of the constraint matrix F = (Ez Eg) where
Ey € ZMm*"2 and Eg € R™*™  and analogously x = (xz,xgr) and f(x) = fz(xz) + fr(Xr).
More generally, whenever we make reference to any subset E’ of columns or even submatrix
of E, we will freely denote with E/, and Ep the analogous division of E’ into its integral
and fractional part, respectively. Throughout, we assume that the rows of E are linearly
independent.
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We consider n-fold and 2-stage stochastic matrices. A matrix is of 2-stage stochastic
structure if non-zero entries appear only in the first  columns and in n blocks of size t X s
along the diagonal beside. The overall size is nt X (r + sn). An n-fold matrix is the transpose
of a 2-stage stochastic matrix. It has thus (r + sn) rows and nt columns. For an illustration,
see Figure 1.

A vector g € ker(E) \ {0} is a circuit of E if it is integral, its entries are co-prime, and it
is support-minimal, that is, there is no vector g’ € ker(E) \ {0} with supp(g’) C supp(g); let
C(E) denote the set of circuits of E. For two vectors x,y € R", we say that x is conformal
to y and write x C y if, for each i € [n], |z;| < |y;| and x; - y; > 0. Intuitively, x and y
are in the same orthant, and y is at least as far from 0 as x in each coordinate. We say
that x = )", g; is a conformal sum or a conformal decomposition of x if, for all i, g; C x.
For an arbitrary set S, we write kerg(E) as a shorthand for ker(E) N S. In particular, the
mized kernel of E is defined as kerx(F). The Graver basis of E, denoted G(FE), is the set
G(E) = {g € kerz=(F) \ {0} | g is C-minimal}.

» Definition 7 (Mixed Graver basis [15]). Let E = (Ez Eg) € Z™*™. The mixed Graver basis
Gx(E) of E with respect to X consists of all vectors (0,gg), where gg € C(ER), together with
all vectors (g, 8r) € kerx(E) such that g; # 0 and there is no (g}, gr) € (kerx(E) \ {0})
(unequal to (87,8r)) such that (gz,8r) E (82, 8r)-

For any p, 1 < p < 00, define gff(E) = maxgeg, () [18llp-
The following is a helpful trick to reduce a (MILPg.,.) to a (MIP) with integer input data
and a constraint matrix (E I).

» Lemma 8. Let an (MILPg,.) instance be given. It is possible to construct an equival-
ent (MIP) instance in linear time with a constraint matriz E' = (E I), bounds I',u’ € Z"t™,
and a right-hand side b’ € Z™.

Proof sketch. The proof works by first moving fractional right-hand sides into the lower
and upper bounds. Then, we relax any fractional lower and upper bounds to their closest
integers, and penalize violations of the original bounds in the new objective function, which
is what introduces non-linearity (the resulting function is piece-wise linear convex with 3
pieces in each coordinate). |

3 The Basic Case: Matrices with Few Rows and Small Coefficients

This section develops the basic version of our algorithmic result. We begin by giving upper
bounds for a certain notion of decompositions of elements in the mixed Graver basis, and
then employ these bounds to our algorithmic ends.

3.1 Mixed-Graver Bound

We begin with an upper bound on the 1-norm for matrices with few rows and small coefficients.
For this, we will need the Steinitz lemma:

» Proposition 9 (Steinitz [26], Sevastjanov, Banaszczyk [25]). Let || - || be any norm, and
let x1,...,%x, € R be such that ||x;|| < 1 fori € [n] and >, x; = 0. Then there exists a
permutation ™ € Sy, such that for each k € [n], || Zle X < d.

» Lemma 10. Let E € Z*("2+7%) . Then every g € Gx(E) satisfies

lglls < @mlEllec@lEllo +1)™ +1)™ + 2l Ellos +1)™
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Proof. Let g € Gx(E) and assume that all columns of E are distinct; we will show how to
deal with doubled columns later. We define a sequence of vectors in the following manner: If
g; > 0, we add |g;| copies of the i-th column of E to the sequence, if g; < 0 we add |[g;]|
copies of the negation of column ¢ to the sequence. Thus, for each i € [n], we obtained
vectors vi, ... 7v’llgi]. Finally, we add the vector o = " {g;}E.; to the sequence. Notice
that this vector is integral. Let ¢ be the number of vectors in this sequence.

Clearly, the sequence of vectors sums up to 0 as it exactly corresponds to Eg and
g € kerx(FE). Moreover, their {o-norm is bounded by || E||oc (2] E||cc + 1) since there are at
most (2| Flle + 1)™ distinct columns, || E||s is the largest number appearing in any of them,
and this is an upper bound on any number appearing in 0 = Y .- {g;} Fe ;. The remaining
i
Usingjthe Steinitz Lemma, there is a reordering u,..., u? (i.e., V;- = u™(%9) for some

vectors v’ are bounded by || F||cc in £oo-norm.
permutation 7) of this sequence such that each prefix sum p, := Z§=1 u’ is bounded by
M| E||oo(2||E|lcc + 1)™ in the loo-norm. Clearly,

{x €Z™ [ %]l <mlE]lo@ Bl +1)"}H = 2m] Elloo (2 Elloc +1)™ +1)™ = P.

Assume for contradiction that ¢ > P. Then two of these prefix sums are the same, say,
P, = Pp with 1 < a < 3 < ¢. Obtain a vector g’ from the sequence ul, .. uuft L ae
as follows: begin with g/ := 0 for each i € [n], and for every u’ in the sequence, set

g +1 if 7*(¢) = (4,7) and g; > 0
gi=<g -1 if 7=1(¢) = (4,7) and g; < 0
gi+{g:} ifu’=o,foreachic[n] .

Here, (4, j) indicates the j-th copy of the i-th vector. Similarly obtain g” from the sequence
u*tl. . u’. We have Eg” = 0, as p, — pPs = 0 and thus, g” € kerx(F) and hence,
g’ € kerx(E). Moreover, both g’ and g” are non-zero and satisfy g’,g” C g. This is a
contradiction with C-minimality of g which is a condition needed for g € Gx(F), hence
q < P. Notice that only one of g’ or g’ may be fractional, as o will be in exactly one
subsequence. For each of the at most (2||E||oc +1)™ columns, the respective fractional part
in g contributes less than 1, so it follows that ||g||1 < P + (2||E|lcc + 1)™ holds.

We are left to deal with the situation that E contains doubled columns. The solution
is to adjust the construction of the sequence accordingly. Fix a column E,; and let S be
the set of all indices j such that E, ; = E, ;. Let u = ZjES gj. Ifu >0, add |u] copies of
E, ; into the sequence, else add |[u]| copies of —E, ; into the sequence. The contribution of
this column type to o will be {u}F, ;. Since —1 < {u} < 1 for each column type, and the
number of column types is bounded by (2||E|/s + 1)™, our previous arguments hold. <

The proof of the above Lemma actually shows that there exists a particular decomposition
of every element of kerx(F) into an element of kerz» (E) (which can be further decomposed
into elements of G(FE)) and one element of kerx(FE), which we can bound. This mixed element
might not be an element of Gx(E), and a bound on the elements of Gx(F) does not imply
a bound on this element. We crucially need this property in our proximity bound and
the bounds on Gx(FE) for 2-stage matrices, as well as the prospect of extending these to
multi-stage matrices. Thus, this emerges as an important feature:

» Definition 11 (One-fat decomposition bound). Let x € kerx(E). We say that x =h + g is
a one-fat decomposition if it is a conformal decomposition, h € kerx(E) and g € kerza (E),
and we call h the fat element of the decomposition. For every p, 1 < p < oo, define
Wt;{(x) = min ||h||,, where the minimum goes over all one-fat decompositions of x. Define
the £,-weight of E with respect to X as wtif(E) = MaXyckery (E) wtif(x).
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» Corollary 12. For any matriz E, wti(E) < (2m||E||ec (2| Ele + 1)™ +1)™.

Proof. Note that if x € kerx(F) is decomposable, then it has a decomposition into conformal
g’,g”, only one of which is fractional. Iterating this, we obtain the decomposition of x into
several elements of Gz~ (E), and one element of kerx(FE) which is bounded as stated. <

We will obtain a better bound on both ¢i*(E) and the ¢;-weight of E, using a recent
result:

» Proposition 13 ([24, Lemma 1]). Let x',...,x" € Z¢ and a1,...,a, € Ry such that
S apxt € Z4 If Yy > d, then there exist numbers B, ..., 3, € Ry such that, for
alli € [n], Bi <a; and Y1, B; <d, and Y., Bix* € Z°.

An iterated use of this lemma gives rise to the following statement:

» Lemma 14 (Packing Lemma). Let x!,...,x" € Z¢ and a = (a1, ...,a,) € R such that
S axt e Z4 If Yoiy i > d, there exist vectors B',....,8™ € R such that, for each
jem], B <a, Z;l Blxt ez, || |l: <d, and >oimy B = a. Moreover, for all but at
most one j € [m], ||B’]1 > d/2.

Proof. The only potentially non-obvious part is the last sentence of the statement. Notice
that if there are 87 and B’ , j # j/, with ||87|1,]|18’ |1 < d/2, then we can merge them.
Formally, we set 37 := 87 + 87, and delete 87 . <

Intuitively, the lemma allows us to take a non-negative linear combination of integer vectors
whose result is an integer vector, and divide it into smaller such combinations while preserving
the property that each smaller combination still results in an integer vector.

» Lemma 15. Let E € Z*(z4m2)  Then ¢X(E) < (2m?||E|s + 1)™! and wti <
(2m?|| B|oc + 1)>™+2.

Proof sketch. As in Lemma 10, we will construct a sequence of vectors summing up to zero
and then apply the Steinitz Lemma. However, this time we will use the Packing Lemma 14
to obtain a better bound on each element of the vector sequence and thus, a better bound
on the elements of Gx(FE) overall. Unfortunately, this approach does not yield a one-fat
decomposition, so we have to use the Steinitz Lemma in a more clever way to get a bound
on wti(E). <

The one-fat decomposition also allows us to prove a bound on the distance between an
integer and mixed optimum, which we will use in both of our algorithmic results:

» Lemma 16 (MIP Proximity). Let z* € Z™ be an integer optimum of a (MIP) instance, and
let x* be a mized optimum closest to z* in {,-norm, 1 < p < co. Then ||z* —x*||, < wtif(E).

We will need a small technical proposition before we prove Lemma 16:

» Proposition 17 ([12, Proposition 60]). Let X,y,,¥5 € R", y1,y5 be from the same orthant,
and f be a separable convex function. Then f(x+y, +ys2) — f(x+yy) > f(x+y,) — f(X).

Proof of Lemma 16. Assume for contradiction that ||z* —x*||, > wt};(E). Since (z* —x*) €
kerx (E), it has a one-fat decomposition h+g where ||h||, < wt(E). As ||lz*—x*|, > wt(E),
the integral part g is non-zero. Let z :=z"* — g =x" 4+ h and X :=x* + g = z* — h. Thus,
z* —x*=h+g= (2" —%X)+ (z* — 2). Now Proposition 17 with x =x*, y; =h, y, =g
shows

f(z) = f(2) = f(%) — fF(x7) .

329

ESA 2024



32:10

Separable Convex Mixed-Integer Optimization

By the conformality of the decomposition, X and Z are within the 1,u bounds. As g €
kerzn (E), 2 is an integer feasible solution, and because h € kerx(E), X is a mixed feasible
solution. Furthermore, because z* was an integer optimum and Z is integer feasible, the left
hand side is non-positive, and so is f(X) — f(x*), thus % must be another mixed optimum
and the right hand side must be zero, and so the left hand side, showing Z to be another
integer optimum. However, X is closer to z*, a contradiction. |

3.2 A Single-Exponential Algorithm

Armed with the bounds on the mixed Graver basis and our insights into one-fat decom-
positions, we are now ready to develop the single-exponential algorithm. Before we do so,
however, a few general remarks are in order. These also apply to the two-stage stochastic
algorithm for fixed block-dimensions later on.

» Remark 18. Both algorithmic results make use of the fact that if both the mixed and
the integer version of the problem are feasible, then for every integral optimum, there is a
mixed optimum nearby. It then suffices to first solve the (generally easier) integral version
of the problem, and then solve an auxiliary mixed-integer program with the feasible region
bounded by a small n-dimensional box around x. Indeed, if x is an integral solution of
Ex =b,l < x < u, then we will resort to solving the program E(x +y) = b, ||y — X||co <
P, 1<x+y < ufory, which amounts to finding y with Ey = 0,1 <y < u’ for some new
bounds 1, u’ such that [|[I' —u’|| is small. For general objectives, one optimizes the auxiliary
objective f'(y) = f(x +y), whereas for linear objectives no change is needed. Hence, all of
the algorithmic heavy lifting will be done in order to solve problems of this form.

Of course, this strategy rests on the assumption that both the mixed and the integral
variant of the problem are feasible. This assumption can in turn be removed by a standard
two-phase approach, similar to what is customary e.g. for the Simplex algorithm, in order to
find an initial feasible solution. In short, this is done by introducing slack variables that are
penalized in the objective, but admit a trivial feasible solution. In the sequel, we will hence
always assume feasibility.

We say that x. is an e-accurate solution to (MIP) if there exists an optimum x* such
that ||x* — X¢||co < €. (For a discussion on the relationship of e-accurate and e-approximate
optima and also the motivation to use the notion of e-accuracy, see [16, Section 1.2].)

» Theorem 1 (Algorithm for MIPs with few rows). The problem (MIP) can be solved in single-
exponential time (m||EHOO)O(m2) - R, where R is the time needed to solve the continuous
relazation of any (MIP) with the constraint matriz E.

Proof of Theorem 1. The integer problem can be solved in time (m[|Eo)2™") 4+ R(€) by
known techniques [12, 13] where R(e) is the e-accurate solution to the continuous relaxation
— essentially, first solve the continuous relaxation, then reduce b, 1, u using proximity bounds,
then solve a dynamic program. Now by Lemma 16, a mixed optimum x* is at most
wti(E) < (2m?||E||s + 1)2™+2 =: P far in 1-norm. The proximity bound implies that all
prefix sums of x} with Ez belong to the integer box R := [—||E||lcc - P, || E|| s - P]™, which
has at most (2||Elee - P+ 1)™ = (m|| E]|0s)°™") elements.

This allows us to construct a dynamic program with nz + 1 stages. Our DP table D
shall have an entry D(i,r) for i € [nz] and r € R whose meaning is the minimum objective
attainable if the prefix sum of x; and Fy restricted to the first ¢ coordinates is r. To that
end, for all r € R, define z}(r) to be the choice of z} € [—P, P] which minimizes f; and
such that E, ;x} =r; it is possible for the solution to be undefined if no number in [—P, P]
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satisfies the conditions. Similarly, define x%(r) to be an e-accurate minimizer of fgr satisfying
Egrxp =r. To compute D, set D(0,r) := 0 for r = 0 and D(0,r) := +oco otherwise, and for
i € [ng], set

D(i,r):= min D(i —1,r') + fi(z}(x")) .

’ "
r'r'eR:
r'+r”:r

The last stage is defined as

D(nz+1,0) := min ‘D(nz,r') + fr(xi (") .

! "
r'r"eR

r'+r’=0
The value of the optimal solution is D(nz+1, 0) and the solution x* itself can be computed
easily with a bit more bookkeeping in the table D.
As for complexity, the first ny stages of the DP can be computed in time at most
nz - |R|* = (m||E||Oo)O(m2)nZ, and the last stage solves the continuous relaxation |R| times,

taking time |R|R(e). Altogether, the algorithm takes time at most (|| E||00)C™ IR (e).

Regarding correctness, note that any e-accurate solution x* is such that xj is an e-accurate
minimizer of Frxgp = —Ezx;, Ig < xgp < ug, and x; is an integer minimizer of Ezxz =
—Frxg, 1z < xz < ug. Since the algorithm finds exactly such minimizers, its correctness
follows. <

4  Algorithms for the 2-Stage Stochastic Case

After giving the basic version of our algorithm for the case of few rows, we now develop
our algorithm for the case of fixed block-dimension. We first prove our bound of the mixed
Graver basis:

» Theorem 6 (2-stage stochastic mixed Graver upper bound). For any 2-stage stochastic
matriz E, the mazximum oco-norm of an element of its mized Graver basis is bounded by
h(r, s, ||El|lcc) for some computable function h.

Proof sketch. We first decompose the element of Gx(E) blockwise according to Lemma 15.

Then, we apply a recent result of [9] on the existence of submultisets with equal sums in
certain multisets of vectors with similar (but, notably, not identical) sums. This is made
possibly by the fact that we have not only a bound on g% (E) but a bound on the weight
of a one-fat decomposition. This gives us the desired one-fat decomposition for the 2-stage
stochastic case. <

From Theorem 6 and Lemma 16, it follows that:

» Corollary 19. Let z* € Z™ be an integer optimum of a 2-stage stochastic (MIP) instance.
Then there exists a mized optimum x* € X such that ||2* —x*|coc < h(r, s, | E|lco) for a double
exponential function h.

4.1 A Polynomial Algorithm for Fixed Block-Dimension

Using the upper bounds for 2-stage stochastic MIPs on proximity and weight as combined in
Corollary 19, we can now formulate an algorithm which solves the 2-stage stochastic MILP
problem in polynomial time whenever the block-dimensions are fixed. We recall that h is
the function from Theorem 6. In accordance with Remark 18, we note two things: Firstly,
by following a standard two-phase approach, we may assume that the problem at hand is
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integrally feasible. Then, secondly, the algorithm solves the integer program corresponding
to the instance to optimality, which is fixed-parameter tractable [1, 22]. We thereby obtain
an integer optimum z*, and we can now restrict ourselves to solving the following auxiliary
MILP to optimality:

minwx: Ex=0,1<x<a,xecZ"xR™ LueR" beZ" (AuxMILP)
Here, {; = max{l; — z*, —h(r, s, | E||oc)} and @; = min{u; — z7, h(r, s, | E|ls)}. Observe that
1=l < 2h(r,s, | E]l) (1)

holds. For an optimal solution x* to (AuxMILP), the augmented solution x* 4+ z* is then an
optimal solution to the original MILP, by Corollary 19.

What remains is to show how to solve (AuxMILP) in the claimed time bound. This is
effected by proving the following Lemma:

» Lemma 20. Let V' be the set of vertices of all integer slices of the auxiliary mized-integer
program (AuxMILP). There are at most (8h(r, s, || E||s)) "D 0T distinct global parts
appearing in V, and they can be enumerated with polynomial delay.

Proof sketch. The proof goes by analyzing the structure of invertible submatrices of two-
stage stochastic matrices. Then, it becomes apparent that the global part of a basic solution
is essentially determined by which subset of r blocks out of all n blocks influences the global
part. The number of such choices is clearly bounded by n”. The remainder of the bound
stems from various guessing steps, including some of the values for the integer variables.
Hence the appearance of h in the bound, making also the bounds from Theorem 6 crucially
come into play. |

Lemma 20 now suggests an obvious strategy to solve the (AuxMILP) to optimality:
» Proposition 21. (AuxMILP) can be solved in time h(r, s, ||E||s)°"®) - n".

Proof sketch. By Lemma 20, we may enumerate all possible global parts of vertices in
the required time bound, guess the corresponding global integer values, and then solve the
resulting block-diagonal mixed-integer system to optimality using the algorithm of Theorem 1
(notice that here we are in the special case of LP which can be solved exactly, i.e., with e = 0,
and in strongly polynomial time since || ||« is small, so R(0) = poly(n)). Among all choices
of global parts, pick the one that yields the optimal value for the full program. |

We have now obtained:

» Theorem 2 (Algorithm for 2-stage stochastic (MILPy,.)). The problem (MILPg,.) where
E is a 2-stage stochastic matriz with block-dimensions B; € Z'*" and A; € ZP*° can be
solved in time g(r, s, ||E||l) - n", for some computable function g.

Proof. As mentioned before, it is enough to first solve the integer program corresponding to
the MILP instances, and then solving the auxiliary problem using Proposition 21. |

» Remark 22. Let us note two things: Firstly, the exponent of n in our algorithm is
only dependent on the number r of global variables. Hence, for values of s such that
h(r,s, | Ellse)® < nf(") for some function f, our algorithm remains polynomial for fixed 7.

Secondly, note that we may choose strongly polynomial (or rather, strongly fpt) sub-
routines to solve the arising integer and mixed-integer programs. In this case, also the
algorithm we obtain is strongly polynomial for fixed block-dimensions.
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5 WIJ[1]-Hardness of 2-Stage Stochastic MILPs with Fractional Bounds

In the following we show that 2-stage stochastic (MILPfs.) and (MIP) with integral data is
WI(1]-hard parameterized by the block-dimension even if ||E||o = 1.

» Theorem 3 (Hardness for 2-stage stochastic MIP). The problem (MIP) with integral data is
WI(1]-hard when E is a 2-stage stochastic matriz with blocks of size bounded by a parameter
and || E||ec = 1 already for linear objective functions.

Proof Sketch of Theorem 3. We show the theorem using a parameterized reduction from
the well-known SUBSET SUM problem, which is W[1]-hard when parameterized by the number
of elements in a solution [11].

SUBSET SUM

Input: A set A of pairwise distinct natural numbers and two natural numbers k and ¢.
Goal:  Decide whether there is a subset S C A with |S| =k and ) _ s =17

Transformation: We give a formulation of SUBSET SUM as a 2-stage stochastic MILP. To do
so, we first scale all input numbers a1, as,...,a, in A and ¢ by 1/ max;{a;}. Denote the new
numbers as a}, aj,...,al, and ¢'. The scaling ensures that all considered sums are smaller or
equal to 1, which comes in handy later on.

Let 3:; be a binary variable that will indicate that a} is the jth number appearing in the
sum for all ¢ € [n] and j € [k]. We collect those numbers not appearing in a solution in a
binary slack variable zj_ , for each i € [n], yielding the constraints:

> ai=1 Vi € [n] (2)

To express the condition on the sum of the solution being ', we introduce fractional variables
y} that take on the value aj if and only if 2% = 1 for i € [n] and j € [k]. While this is trivially
achieved by y; = agxé, the crux is to model this without including a} as a coefficient, which
would not be bounded by the parameter any more. This is accomplished by requiring the

following:
yi <l vi € [n), V) € [K) 3)
k+1 )
Zy; =aj Vi € [n] (4)
J=1

This has the intended effect since a < 1 by construction. We will then store the solution

(3
indicated by the assignment to the x% variables in yet another set of variables, denoted as z;,
where j ranges from 1 to k

J
k
sz = t/ (5)
7j=1

While it is easy to project the y; to z;, the straightforward way to do so would blow up
the block size to (n). Indeed, to ensure that the z; have the intended semantics, consider
the following: The equality z; = yé ought to be satisfied for exactly one choice of i, say
when i = 7' (assuming distinct inputs); otherwise, z; = y; + sj holds for some non-zero
compensation term s}, whenever i 7# 1'. Note that, while the s% do satisfy a function similar
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to slack variables, they may well need to be negative. In addition, we introduce binary
variables 7 for all i € [n] and j € [k], indicating whether or not s’ = 0. The above semantics
are captured in the following constraints:

5=y + ) vi € [n], ] € [K] ©
zj > mina; "
icsian Vi € [n],Vj € [H] (8)

Our aim is then to minimize the number of times any of the s; are used, or conversely, to
make z; = y; for some 7 as often as possible, which is expressed in the choice of the objective
function

kK n
min Z Zr; (9)
j=1i=1
i

. J
(equivalently, r; = 0) holds for exactly one choice of i, making the optimum equal to kE(n—1).

As argued, note that in a solution of a yes instance, for a fixed j, z; = > min; a;

The above constraints define a 2-stage stochastic MILP formulation with fractional
variables z;, y§ and sé, and binary variables x§ and r; The global part is made up by the z;,
of which there are k. The remaining variables are distributed across n blocks of dimension
O(k) each, including the respective slack variables for the inequality constraints. The largest
entry in the constraint matrix is 1 = O(k), and clearly, the transformation can be carried
out in time polynomial in n and k. |

6 NP-hardness of n-Fold MIPs

The algorithmic upper bound for 2-stage stochastic programs stands in contrast to a much
stronger bound for the n-fold case. Namely, we show NP-hardness of n-fold (MILPg,,.) for
constant parameter values. By Lemma 8, we immediately get that n-fold (MIP) is also
NP-hard for constant parameter values.

» Theorem 4 (NP-hardness for n-fold MIP). The problem (MIP) with integral data is NP-hard
when E is an n-fold matriz with blocks of constant dimensions and ||E||lc = 1 already for
linear objective functions.

Proof of Theorem 4. We reduce from the well-known PARTITION problem. That is, given
integers ay, ..., a, the PARTITION problems asks for the existence of a subset I C [n] such
that 37, ai = 05 ai.

Let an instance of PARTITION be given. Without loss of generality, assume that amax :=
max; a; < 1; this can be achieved, e. g., by scaling every number of the original instance by
1/amax. We will have n bricks, with brick ¢ € [n] representing the choice whether ¢ € I or
1¢ 1.

Specifically, for each i € [n], introduce integer variables z¢,z% € {0,1} and continuous
variables y4, y4 with bounds 0 < yi,y < 1. The local constraints (matrix A) are as follows.
We enforce a disjunction on the z-variables by the constraint z¢ + x5 = 1 for every i and we
enforce that ¥4 = a; iff 4 = 1 and similarly y& = a; iff 25 = 1 by the constraints yi +y% = a1,
Yt <%, and y < 2% for every i.
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It is now easy to see that the following global constraint encodes the requirement that

Dier @i = Zigz Qi
S = v (10)
=1 =1

Altogether, the instance has four variables per block, four local constraints and one global
constraint, and is feasible if and only if the original PARTITION instance is. |

7 Lower Bound on the Graver Norm of n-fold MIPs

In this section, we show that the 1-norm of the mixed Graver norm can be unbounded even
for n-fold matrices.

We start with the following auxiliary lemma, which is crucial for constructing an element
of the mixed Graver basis with unbounded 1-norm.

» Lemma 23. Let n be an integer. There are two sets S and T of natural numbers with

|S| = |T'| = n such that:

(1) Yicgs5=2sert= 2"’ — 1 and

(2) for every two subsets 8" C S and T' C T, with 0 < |[S"UT’| < 2n, it holds that
Dsest S F Der b

Proof. Let X C N\ {0}. We denote by N(X), the natural number whose binary repres-
entation has a 1 at the i-th bit (with 1 being the lowest-value bit) if and only if i € X.
Conversely, for a natural number z, let B(z) be the set of all indices ¢ such that the binary
representation of = is 1 at the i-th bit. Note that B(N (X)) = X for every X C N\ {0}.

For every i and j with 1 <4,j <n, let p(¢,j) = (i — 1)n + j. For every ¢ with 1 <i <n,
we set:

s; is equal to N(R;), where R; = {p(i,5) | 1 <j < n},

t; is equal to N(C;), where C; = {p(4,7) | 1 < j < n}.
We claim that setting S = {s1,...,s,} and T = {t1,...,t,} satisfies the statement of the
lemma: As {B(s1),...,B(sn)} and {B(t),...,B(t,)} form a partition of [n?], it holds
that > g 5= N(U,es B(s)) and >, cpt = N(U,cqr B(t)) for every subsets S C S and
T' C T. Therefore, Y g5 = cpt=N([n%) = 27”1, which shows (1).

Towards showing (2), let S” and T” be any two subsets with S” C S and 7" C T such that
0<|S"UT'| <2n. As 0 < |S"UT'| < 2n, we obtain that either:

there are ¢ and j with 1 <4, < n such that s; € S\ " and ¢t; € T or

there are ¢ and j with 1 <4, j <n such that t; € T\ 7" and s; € S'.
Since the proofs for the two cases are analogous, we only give the proof for the former case.
Let O = B(s;) N B(t;) and note that O = R, N C; = {p(i,j)} # 0. Since t; € T", it holds
that O € U, B(t). However, due to s; ¢ S’, we have that O ¢ |J,.g B(s). Consequently,
Uses B(s) # U, B(t) and therefore also D g 5 # D, t- <

» Theorem 5 (n-fold mixed Graver lower bound). There is an n-fold matriz E with constant-
sized blocks and || E||s = 1 such that the mized Graver basis of E contains an element with
1-norm of size Q(n).

Proof sketch. Let n be an integer, X,, = (Z x R x R)", and E,, be the matrix given by the

0 I3
n-fold of ( 0 A
that the structure of the matrix F together with the fact that the first coordinate in each

) , where I3 is the identity matrix of dimension 3 and A = (1,1, 1). Note first
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block is integer ensures that any vector of the form (—1,s/V,1—s/V) and (1,—t/V,14¢/V)
for some s, t, V with 0 < s,¢t < V is contained in the mixed Graver basis Gx, (F) of E. This
allows us to construct g by using n/2 blocks of the form (—1,s/V,1 — s/V) and n/2 blocks
of the form (1,—t/V,1+t/V), where s € S and ¢t € T for some well-constructed sets S and
T of integers. Moreover, because of the first three rows (given by n-repetitions of I3) the
sum of the i-th coordinate over all blocks has to be 0. Therefore, to force that all n blocks of
g use non-zero kernel elements (of Gx, (E)), it suffices to construct the sets S and T in such
a way that ) g 5=, t for some subsets S’ C S and 7" C T if and only if $" = S and
T’ = T. We show that this is possible in an auxiliary lemma. <

8 Open Questions

Our work points towards two main directions for further research. First, note that we
formulate our algorithms in reference to 2-stage stochastic constraint matrices. As mentioned,
these are generalized by matrices of bounded primal treedepth, so-called multi-stage stochastic
matrices. They are structured in much the same way as in Fig. 1, but with diagonal blocks of
recursive multi-stage stochastic form (and the depth of this recursion is bounded). Judging
from previous results in the area, there is reason to believe that our algorithmic results
generalize to multi-stage stochastic programs. However, some caution seems appropriate.
After all, one key takeaway of both the lower bounds and the algorithms shown in this paper
is that block-structured mixed-integer programs do not behave as predictably as one might
hope.

A second natural, much more ambitious direction of investigation is to try to extend the
present algorithmic results on linear optimization to arbitrary separable convex objective
functions. Despite significant efforts, we were not able to push beyond the algorithms
obtained here. As for some intuition on why extending Theorem 2 to the separable convex
case in the style of Theorem 1 seems to fail: For the latter, the search space for optima is
naturally restricted already by the fact that there are only few constraints. For the former,
however, such a restriction is not possible based on rows alone; instead, we argue about
vertices of the associated polytope, which are related to mixed-integer optimal solutions. In
the separable convex case, this connection between optimal solutions and vertices disappears,
and we are left with no handle on the size of the search space. We consider the problem of
circumventing these roadblocks an intriguing and hard open question.
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Abstract. A long line of research on fixed parameter tractability of integer programming
culminated with showing that integer programs with n variables and a constraint matrix with dual
tree-depth d and largest entry A are solvable in time g(d, A)poly(n) for some function g. However,
the dual tree-depth of a constraint matrix is not preserved by row operations, i.e., a given integer
program can be equivalent to another with a smaller dual tree-depth, and thus does not reflect
its geometric structure. We prove that the minimum dual tree-depth of a row-equivalent matrix
is equal to the branch-depth of the matroid defined by the columns of the matrix. We design a
fixed parameter algorithm for computing branch-depth of matroids represented over a finite field
and a fixed parameter algorithm for computing a row-equivalent matrix with minimum dual tree-
depth. Finally, we use these results to obtain an algorithm for integer programming running in time
g(d*, A)poly(n) where d* is the branch-depth of the constraint matrix; the branch-depth cannot be
replaced by the more permissive notion of branch-width.

Key words. matroids, tree-depth, branch-depth, integer programming, fixed-parameter tract-
ability
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1. Introduction. Integer programming is a fundamental problem of both theo-
retical and practical importance. It is well-known that integer programming in fixed
dimension, i.e., with a bounded number of variables, is polynomially solvable since
the work of Kannan [31] and Lenstra [36] from the 1980s. Much subsequent research
has focused on studying extensions and speed-ups of the algorithm of Kannan and
Lenstra. However, research on integer programs with many variables has been sparser.
Until relatively recently, the most prominent tractable case has been that of totally
unimodular constraint matrices, i.e., matrices with all subdeterminants equal to 0
or *1; in this case, all vertices of the feasible region are integral and algorithms for
linear programming can be applied.

Besides total unimodularity, several recent results [24, 6, 14, 1, 23, 19, 18, 11]
on algorithms for integer programming exploited various structural properties of the
constraint matrix, yielding efficient algorithms for n-fold integer programs, tree-fold
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integer programs, multistage stochastic integer programs, and integer programs with
bounded fracture number and bounded tree-width. This research culminated in an
algorithm by Koutecky, Levin, and Onn [35], who constructed a fixed parameter
algorithm for integer programs with bounded (primal or dual) tree-depth and bounded
coeflicients.

These theoretical results well complement a long line of empirical research (see [5,
3,33, 15, 2, 41, 40, 17, 39]), demonstrating that instances of integer programming can
be solved efficiently when the constraint matrix is decomposable into blocks. So, the
recent algorithm of Koutecky, Levin, and Onn [35] gives a theoretical explanation for
this phenomenon. In particular, the Dantzig—Wolfe decomposition algorithm is known
to work very well when the constraint matrix has a so-called bordered block-diagonal
form with small blocks. It is usually necessary to describe this form explicitly but
Bergner et al. [3] have shown that it can be constructed automatically (by permuting
the rows of the constraint matrix), which has had significant performance benefits in
important benchmark instances.

However, the bordered block-diagonal form of a matrix, and, more generally, the
tree-depth of a constraint matrix, depends on the position of its nonzero entries. In
particular, a matrix with large dual tree-depth, i.e., without any apparent bordered
block-diagonal form, may be row-equivalent to another matrix with small dual tree-
depth and thus amenable to efficient algorithms. We overcome this drawback with
tools from matroid theory. To do so, we consider the branch-depth of the matroid
defined by the columns of the constraint matrix and refer to this parameter as the
branch-depth of the matrix. Since this matroid is invariant under row operations,
the branch-depth of a matrix is row-invariant and better captures the true geometry
of the instance, which can be obfuscated by the choice of basis. Our algorithm thus
allows taking the “automated Dantzig-Wolfe” approach of Bergner et al. [3] one step
further: it is possible to detect a block structure in a matrix even if it is obscured by
row operations, not just by permuting the rows.

Our main results concerning integer programming can be summarized as follows
(we state the results formally in the next subsection).

e The branch-depth of a matrix A is equal to the minimum dual tree-depth of
a matrix row-equivalent to A (Theorem 1).

e There exists a fixed parameter algorithm for computing a matrix of minimum
dual tree-depth that is row-equivalent to the input matrix and whose entry
complexity stays bounded (Theorem 35).

e Integer programming is fixed parameter tractable when parameterized by the
branch-depth and the entry complexity of the constraint matrix (Corollary 4).

Existing hardness results imply that the parameterization by both branch-depth and
entry complexity in Corollary 4 is necessary unless FPT = W[1], i.e., it is not suffi-
cient to parameterize only by one of the two parameters. In particular, integer pro-
gramming is W[1]-hard when parameterized by tree-depth only [19, 34] and NP-hard
for instances with bounded coefficients and dual tree-width (even dual path-width)
bounded by two [13, Lemma 102] (also cf. [35, 19]). The latter also implies that in-
teger programming is NP-hard when the branch-width and the entry complexity of
input instances are bounded (also cf. [16]). On the positive side, Cunningham and
Geelen [8] (also cf. [37] for detailed proofs and implementation) provided a slicewise
pseudopolynomial algorithm for nonnegative matrices with bounded branch-width,
i.e., the problem belongs to the complexity class XP for unary encoding of input. Fi-
nally, since the algorithm given in Corollary 4 is parameterized by the branch-depth of
the vector matroid formed by the columns of the matrix A, it is natural to ask whether
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the tractability also holds in the setting dual to this one, i.e., when the branch-depth
of the vector matroid formed by the rows of A is bounded. This hope is dismissed in
Proposition 16.

The algorithm from Theorem 35 is based on the following algorithmic result on
matroid branch-depth, which we believe to be of independent interest.

e There exists a fixed parameter algorithm for computing an optimal branch-
depth decomposition of a matroid represented over a finite field for the pa-
rameterization by the branch-depth and the order of the field (Theorem 31).

To apply this result, we show that every matroid represented by rational vectors that
has bounded branch-depth is isomorphic to a matroid representable over a finite field
(Lemma 34), where the order of the field depends on the branch-depth and the entry
complexity of the rational vectors.

We would like to point out that the algorithm from Theorem 31 is fully combi-
natorial, similar to the recent algorithm for computing the branch-width of matroids
represented over a finite field by Jeong, Kim, and Oum [30], which extends the classical
algorithm for tree-width by Bodlaender and Kloks [4], and unlike the older algorithm
by Hlinény and Oum [28, 29], which relies on an exponential upper bound on the size
of excluded minors for branch-width by Geelen et al. [21] and needs to precompute
the list of excluded minors. While it would likely be possible to follow a similar path
in the setting of branch-depth, we chose the more challenging route of designing a
fully combinatorial algorithm, i.e., one that is based on an explicit dynamic program-
ming procedure. The benefit of a fully combinatorial approach is that the hidden
constants are better, which is of importance to applications including those in model
checking [20, 25, 26, 27]; in particular, Hlinény [25, 26, 27] (in the analogy of Cour-
celle’s result [7] for graphs) proved that monadic second order model checking is fixed
parameter tractable for matroids with bounded branch-width represented over finite
fields.

1.1. Statement of integer programming results. To state our integer pro-
gramming results precisely, we first need to fix some notation. Vectors throughout our
exposition will be written in bold font. We consider the general integer programming
problem in standard form:

(1) min{f(x) | Ax=b,1<x<u, xeZ"},

where A € Z™*™ is an integer m X n matrix, b € Z™, Lu € (Z U {£oo})", and
[ :Z"™ — Z is a separable convex function, i.e., f(x) =Y ., fi(z;) where f; : Z — Z
are convex functions. In particular, each f;(x;) can be a linear function of x;. Integer
programming is well-known to be NP-hard even when f is a constant function and
either the entries of A are 0 and +1 (by a reduction from the vertex cover problem)
or m =1 (by a reduction from the subset sum problem).

We next demonstrate the previously mentioned drawback of parameterizing inte-
ger programs by tree-depth. The tree-depth of a graph G is the minimum depth of
a rooted forest on the same vertex set such that the two end vertices of every edge
of G are in ancestor-descendant relation. The dual tree-depth of a matrix A is the
tree-depth of the graph with vertices corresponding to the rows of A and with two
vertices being adjacent if the corresponding rows have a nonzero entry in the same
column. We define the branch-depth, which requires definitions from matroid theory,
and primal tree-depth of a matrix, in section 2. Consider the following matrices A
and A”:
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1 1 1 1 1 1 1 1
2 1 11 1 0 0 0
1 2 11 0 1 0 0
A= . A=

1 0
11 . o2 1 00 . 1 0
1 1 -- 1 2 o o --- 0 1

The dual tree-depth of the matrix A is equal to its number of rows while the dual
tree-depth of A’ is two; the graphs from the definition of the dual tree-depth are a
complete graph and a star, respectively. We remark that the branch-depth of both
matrices is two. Since the matrices A and A’ are row-equivalent, the integer programs
determined by them ought to be of the same computational difficulty. More precisely,
consider the following matrix B:

1 0 0 0 0

-1 1 0 0 0

-1 0 1 0 0
B =

-1 0

-1 0 0 - 1 0

-0 0 - 0 1

Since A’ = BA, it is possible to replace an integer program of the form (1) with an
integer program with a constraint matrix A’ = BA, right-hand-side b’ = Bb, and
bounds I’ =1 and v’ = u, and solve this new instance of integer programming, which
has dual tree-depth two and the same set of feasible solutions.

In section 4, we first observe that the branch-depth of a matrix A is at most its
dual tree-depth, and we prove that the branch-depth of a matrix A is actually equal
to the minimum dual tree-depth of a matrix A’ that is row-equivalent to A.

THEOREM 1. Let A be a matriz over a (finite or infinite) field F. The branch-
depth of A is equal to the minimum dual tree-depth of any matriz A’ that is Tow-
equivalent to A.

We use the tools developed to prove Theorem 1 together with existing results
on matroid branch-depth to obtain an algorithm that given a matrix A of small
branch-depth outputs a matrix B that transforms A to a row-equivalent matrix with
small dual tree-depth. The entry complexity of a matriz A, denoted by ec(A4), is
the maximum length of the binary encoding of an entry A;; (the length of binary
encoding a rational number r = p/q with p and ¢ being coprime is [log, (|p| +1)] +
[(logy |ql +1)]). An algorithm is called fized parameter if its running time for an
instance of size n is bounded by f(k)poly(n) where f : N — N is a computable
function and k is a parameter determined by the instance.

THEOREM 2. There exists an algorithm with running time polynomial in ec(A),
n and m that for an input m x n integer matrix A and an integer d either
e outputs that the branch-depth of A is larger than d, or
e outputs an invertible rational matrix B € Q™*™ such that the dual tree-depth
of BA is at most 4 and the entry complexity of BA is O(d2%? ec(A)).
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TABLE 1
Comparison of algorithms presented in Theorems 2 and 3. The first line describes the depen-
dence on the parameter d, the second and the third the tree-depth and the entry complezity of the
constraint matriz output by the algorithm, and the last line time needed to solve the instance by the
algorithm of Eisenbrand et al. [13].

Algorithm from Theorem 2 Theorem 3
2d+2

Hidden constant none gec(4)2? o

Tree-depth at most 224 d

Entry complexity O (d22d ec(A)) O (d222d ec(A))

O<6C<A)d2ec(A)d22d+22d+4d> o (ec(A)d3290(A)d222d+3d)
IP algorithm constant | 2 9

However, we go further and design a fixed parameter algorithm for computing the
branch-depth of a vector matroid (Theorem 35) and use this algorithm to prove the
following strengthening of Theorem 2.

THEOREM 3. There exists a fized parameter algorithm parameterized by d and e
with running time polynomial in n and m that for an input m X n integer matric A
with entry complexity at most e and an integer d either

e outputs that the branch-depth of A is larger than d, or

e oulputs an invertible rational matrix B € Q™*™ such that the dual tree-depth
of BA is equal to the branch-depth of A and the entry complexity of BA
is O(d?2% ec(A)).

While the algorithm in Theorem 2 runs in polynomial time, the output matrix can
have dual tree-depth (single) exponential in the minimum possible tree-depth; on the
other hand, the running time of the algorithm from Theorem 3 is triple exponential
in d but it always outputs a row-equivalent matrix with the minimum possible tree-
depth. Also see Table 1 for a comparison of the algorithms from Theorems 2 and
3.

As explained above, Theorems 2 and 3 allow us to perform row operations to
obtain an equivalent integer program with small dual tree-depth from an integer
program with small branch-depth. The function g depends on which of the theorems
is used to find the matrix B as displayed in Table 1. A proof of the corollary using
Theorem 2 is presented in section 5; a proof using Theorem 3 is completely the
same except that the obtained matrix A’ has dual tree-depth at most d and its entry
complexity is as given in Table 1.

COROLLARY 4. Integer programming is fixed parameter tractable when parame-
terized by branch-depth and entry complexity, i.e., an integer program given as in
(1) can be solved in time polynomial in g(bd(A),ec(A)), n, ec(b), ec(l), and ec(u),
where bd(A) is the branch-depth of the matriz A and g : N> — N is a computable
function.

We remark that the results of [13, 35] give a strongly fixed parameter algorithm,
i.e., an algorithm whose number of arithmetic operations does not depend on the size
of the numbers involved, if the objective function f is a linear function, and so the
algorithm from Corollary 4 is strongly polynomial in g(bd(A),ec(A)), and n when the
objective function is linear.

We note that the dependence of g on ec(A) and bd(A) is double and triple ex-
ponential, respectively, regardless of whether we use Theorem 2 or Theorem 3 to
prove Corollary 4. However, a rather pessimistic estimate on the entry complexity
of the integer matrix A” was used in the proof of Corollary 4 and it is likely that
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the constraint matrix with a row-equivalent matrix with a significantly smaller dual
tree-depth likely outweighs the increase of the entry complexity since the parame-
ter dependence in the algorithm of [13], which is a refined version of the algorithm
from [35], is 9(ec(A)+tdp(A)) tdp (4)249D M) _ gec(4)20(tdp (D)

1.2. Structure of the paper. We now briefly describe how the paper is orga-
nized. In section 2, we introduce notation used in this paper, in particular the notions
of (dual) tree-depth and branch-depth of matrices, and provide the relevant back-
ground on matroids. We also give the definition of an extended depth-decomposition,
which is a depth-decomposition of a matroid enhanced with information on the struc-
ture of subspaces represented by branches of the decomposition. Section 3 is devoted
to proving a structural result on matroids, which establishes the existence of ex-
tended depth-decompositions with optimal depth. The results of section 3 are used
to prove that the branch-depth of a matrix is equal to the minimum tree-depth of a
row-equivalent matrix in section 4. We next apply these results in section 5 to prove
Theorem 2 and Corollary 4, which implies that integer programming is fixed param-
eter tractable when parameterized by the branch-depth and the entry complexity of
the constraint matrix.

The rest of the paper is devoted to computing optimal branch-depth of matroids
and matrices. As a preparation for proofs of our main results, we develop additional
tools to manipulate depth-decompositions of vector matroids in section 6. These tools
are used in section 7 to construct a dynamic programming algorithm for computing op-
timal branch-depth decompositions of matroids represented over finite fields. Finally,
in section 8, we use the algorithm from section 7 to design a fixed parameter algo-
rithm for computing optimal branch-depth decompositions of matroids represented
over rationals and for computing row-equivalent matrices with optimal branch-depth
(Theorem 35).

2. Notation. In this section, we fix the notation used throughout the paper,
present the notions of graph tree-depth and matroid branch-depth, and include rel-
evant results concerning them that we will need later. To avoid our presentation
becoming cumbersome through adding or subtracting one at various places, we define
the depth of a rooted tree to be the maximum number of edges on a path from the
root to a leaf, and define the height of a rooted tree to be the maximum number of
vertices on a path from the root to a leaf, i.e., the height of a rooted tree is always
equal to its depth plus one. The height of a rooted forest F' is the maximum height of
a rooted tree in F'. The depth of a vertex in a rooted tree is the number of edges on
the path from the root to that particular vertex; in particular, the depth of the root
is zero. The closure cl(F') of a rooted forest F' is the graph obtained by adding edges
from each vertex to all its descendants. Finally, the tree-depth td(G) of a graph G is
the minimum height of a rooted forest F' such that the closure cl(F') of the rooted
forest F' contains G as a subgraph. It can be shown that the path-width of a graph G
is at most its tree-depth td(G) minus one, and in particular, the tree-width of G is
at most its tree-depth minus one (see, e.g., [9] for the definitions of path-width and
tree-width). As [32] is one of our main references, we would like to highlight that the
tree-depth as used in [32] is equal to the minimum depth of a rooted tree T such that
G C cl(T); however, we here follow the definition of tree-depth that is standard.

The primal graph of an mxn matrix A is the graph G p(A) with vertices {1,...,n},
i.e., its vertices one-to-one correspond to the columns of A, where vertices ¢ and j
are adjacent if A contains a row whose ith and jth entries are nonzero. The primal
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tree-depth tdp(A) of a matrix A is the tree-depth of its primal graph. Analogously,
the dual graph of A is the graph Gp(A) with vertices {1,...,m}, i.e., its vertices one-
to-one correspond to the rows of A, where vertices ¢ and j are adjacent if A contains a
column whose ith and jth entries are nonzero. Note that the dual graph Gp(A) is iso-
morphic to the primal graph of the matrix transpose A”. Finally, the dual tree-depth
of A, which is denoted by tdp(A), is the tree-depth of the dual graph Gp(A).

Before introducing the notion of the branch-depth of a matroid, we review basic
definitions from matroid theory. A detailed introduction to matroid theory can be
found in one of the standard textbooks on the topic, e.g., [38], but we include a brief
overview of relevant concepts for completeness. A matroid M is a pair (X,Z), where Z
is a nonempty hereditary collection of subsets of X that satisfies the augmentation
aziom. More specifically, the collection Z is hereditary if Z contains all subsets of X’
for every X’ € T, and the augmentation axiom asserts that for all X' € Z and X" € T
with | X’| < |X"|, there exists an element € X"\ X’ such that X'U{z} € Z. The sets
contained in Z are referred to as independent. The rank r(X') of a set X' C X is the
maximum size of an independent subset of X’; the rank r(M) of a matroid M = (X,7)
is the rank of X and an independent set of size r(M) is a basis of M. A circuit is a
set X’ C X such that X’ is not independent but every proper subset of X’ is. Two
elements z and 2’ of X are said to be parallel if r({z}) = r({z'}) = r({z,2'}) = 1,
and an element x is a loop if r({z}) = 0.

Two particular examples of matroids are graphic matroids and vector matroids.
If G is a graph, then the pair (E(G),Z) where Z contains all acyclic subsets of edges
of G is a matroid and is denoted by M (G); matroids of this kind are called graphic
matroids. If X is a set of vectors of a vector space and Z contains all subsets of X
that are linearly independent, then the pair (X,Z) is a matroid; matroids of this kind
are vector matroids. In the setting of vector matroids, the rank of X’ C X is the
dimension of the linear hull of X'. If (X,Z) is a vector matroid, we write £ (X’)
for the linear hull of the vectors contained in X’ C X and abuse the notation by
writing dim X’ for dim £ (X).

In what follows, we will need a notion of a quotient of a vector space, which we
now recall. If A is a vector space and K a subspace of A, the quotient space A/K is a
vector space of dimension dim A — dim K obtained from A by considering cosets of A
given by K and inheriting addition and scalar multiplication from A; see, e.g., [22]
for further details. Omne can show that for every subspace K of A, there exists a
subspace B of A with dimension dim A —dim K such that each coset contains a single
vector from B, i.e., every vector w of A can be uniquely expressed as the sum of a
vector wp of B and a vector wg of K. We call the vector wg the quotient of w by K.
Note that the quotient of a vector is not uniquely defined by K; however, it becomes
uniquely defined when the subspace B, which intersects each coset at a single vector,
is fixed.

If M = (X,Z) is a matroid and X’ C X, then the restriction of M to X', which
is denoted by M [X'], is the matroid (X',Z N 2X"). The contraction of M by X',
which is denoted by M/X’, is the matroid with the elements X \ X’ such that a
set X" C X \ X’ is independent in M /X’ if and only if (X" U X’) = | X"| + r(X’).
Analogously, if M = (X,Z) is a vector matroid and K a subspace of the linear
hull of X, then the matroid M/K obtained by contracting along the subspace K
is the matroid whose elements are the vectors of X, with a subset X’ C X being
independent in M/K if X’ is linearly independent in the quotient space £ (X) /K.
Note that if X’ C X, then M/X’ is the matroid obtained by contracting along the
linear hull of X’ and then restricting to the subset X \ X".
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A matroid M is said to be connected if every two (distinct) nonloop elements
of M are contained in a circuit. A set X’ C X of a matroid is a component of M if
it is an inclusionwise maximal subset of X such that the matroid M [X'] is connected
and X' is loop-free. Equivalently, X’ is a component of M if it is an inclusionwise
minimal nonempty subset of X such that r(X')+r(X \ X') = r(M). If M is a vector
matroid with rank at least one, then M is connected if and only if M has no loops
and there do not exist two vector spaces A and B such that A N B contains the zero
vector only, both A and B contains a nonloop element of M, and every element of M
is contained in A or B.

Since several algorithms presented in this paper work with matroids, we must fix
the way that the time complexity of algorithms involving matroids is measured. All
algorithms that we present work with vector matroids and we assume that matroids
are given by their vector representation. It is then possible to use standard linear
algebra algorithms to determine which subsets of the elements of such matroids are
independent. Hence, we say that an algorithm is polynomial time if its running time is
polynomial in the number of elements of the matroid and the complexity of its vector
representation. We remark that some of the algorithms that we use, in particular the
one in Theorem 8, are also polynomial in the more demanding setting when matroids
are given by the independence oracle, which we do not consider here.

A depth-decomposition of a matroid M = (X,Z) is a pair (T, f), where T is a
rooted tree and f is a mapping from X to the leaves of T such that the number of
edges of T is the rank of M and the following holds for every subset X' C X: the
rank of X’ is at most the number of edges contained in paths from the root to the
vertices f(z), x € X'. The branch-depth bd(M) of a matroid M is the smallest depth
of a tree T that forms a depth-decomposition of M. For example, if M = (X,7) is
a matroid of rank r, T is a path with r edges rooted at one of its end vertices, and
f is a mapping such that f(x) is equal to the (nonroot) leaf of T for all x € X, then
the pair (7, f) is a depth-decomposition of M. In particular, the branch-depth of
any matroid M is well-defined and is at most the rank of M. We remark that the
notion of matroid branch-depth given here is the one defined in [32]; another matroid
parameter, which is also called branch-depth but is different from the one that we use
here, is defined in [10]. Finally, the branch-depth bd(A) of a matrix A is the branch-
depth of the vector matroid formed by the columns of A. Since the vector matroid
formed by the columns of a matrix A and the vector matroid formed by the columns
of any matrix row-equivalent to A are the same, the branch-depth of A is invariant
under row operations.

Similarly to the relation between tree-depth of graphs and long paths, branch-
depth is related to the existence of long circuits in a matroid [32, Proposition 3.4].

PROPOSITION 5. Let M be a matroid. If the branch-depth of M is d, then every
circuit of M has at most 2% elements.

Kardos et al. [32] also established the following relations between the tree-depth
of a graph G and the branch-depth of the associated matroid M(G). It is worth
noting that Proposition 7 does not hold without the assumption on 2-connectivity
of a graph G: the tree-depth of an n-vertex path is |log, n|; however, its matroid is
formed by n — 1 independent elements, i.e., its branch-depth is one.

PROPOSITION 6. For any graph G, the branch-depth of the graphic matroid M (Q)
is at most the tree-depth of the graph G decreased by one.
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Fi1a. 1. An illustration of the definition of solid branches and branches at capacity. The picture
depicts the tree T of an extended depth-decomposition (T, f,g) such that the function g maps a
nonroot vertex labeled with i to the ith unit vector. If the f-preimage of the leaf of the branch of
T depicted by dashed edges is {(1,1,0,0,0,0),(0,1,1,0,0,0),(0,0,1,0,0,0), (0,0,0,1,0,0)}, then the
branch is at capacity (regardless of the structure of the matroid and the choice of f); however, if the
f-preimage s {(0,0,1,0,0,0),(0,0,0,1,0,0)}, then the branch is not at capacity. If the f-preimage
s {(0,0,1,1,0,0),(0,1,1,0,0,0),(1,0,0,1,0,0)}, then the branch is solid, and if the f-preimage is
{(0,0,1,0,0,0),(1,0,1,0,0,0), (1,0,0,1,0,0)}, then the branch is not solid.

PROPOSITION 7. For any 2-connected graph G, the branch-depth of the graphic
matroid M(G) is at least 3 log,(td(G) —1).

Further properties of depth-decompositions and the branch-depth of matroids can
be found in [32].

An extended depth-decomposition of a vector matroid M = (X,7) is a triple
(T, f, g) such that (T, f) is a depth-decomposition of M and g is a bijective mapping
from the nonroot vertices of T" to a basis of the linear hull of X that satisfies that every
element x € X is contained in the linear hull of the g-image of the nonroot vertices on
the path from f(z) to the root of T'. Note that g-images need not be elements of M in
general; if all g-images are elements of the matroid M, we say that an extended depth-
decomposition (7, f,g) is principal. Kardos et al. [32, Corollary 3.17] designed an
algorithm that outputs an approximation of an optimal depth-decomposition, which
is a principal extended depth-decomposition; we state the result here for the case of
vector matroids.

THEOREM 8. There exists a polynomial-time algorithm that given a vector ma-
troid M and an integer d either outputs that the branch-depth of M 1is larger than d
or outputs a principal extended depth-decomposition of M of depth at most 4%.

If (T, f, g) is an extended depth-decomposition and u is a vertex of T', then K, is
the linear hull of the g-images of the vertices on the path from u to the root of T'; in
particular, if u is the root, then K, contains the zero vector only. It will always be
clear from the context for which extended depth-decomposition of M the spaces K,
are defined, in particular, the vertex u determines which rooted tree T is considered.

A branch of a rooted tree T is a subtree S rooted at a vertex u of T' such that
u has at least two children, and the subtree S contains exactly u, one child u’ of u,
and all descendants of u’. In particular, a rooted tree has a branch if and only if it
has a vertex with at least two children. A branch S is primary if every ancestor of
the root of S has exactly one child. Every rooted tree T that is not a rooted path
has at least two primary branches and all primary branches are rooted at the same
vertex. Let (T, f) be a depth-decomposition of a matroid M. We write S for the set
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FiGc. 2. The trees T and T’ from the statement of Lemma 10.

of elements of the matroid M mapped by f to the leaves of S and ||S|| for the number
of edges of S. Let S be a branch of T" and Sy, ..., S be the other branches with the
same root. The branch S is at capacity if

(X (Siu--USk)) =) = 181 = 182l = -+ = 1Sl

where X is the set of all elements of the matroid M (see Figure 1 for an illustration).
Note that if S is primary, then the left side of the equality is r(g) and the right side
is h + ||S||, where h is the depth of the root of S. In particular, a primary branch S
is at capacity if and only if the rank of S is equal to the sum of ||S|| and h, i.e., if and
only if the rank inequality from the definition of a depth-decomposition holds with
equality for the set S. Finally, if (T, f, g) is an extended depth-decomposition of M,
we say that a branch S rooted at a vertex u is solid if the matroid (M/K,)[S] after
removal of its loops is connected, and that (T, f, g) is solid if all of its branches are;
again, an illustration can be found in Figure 1.

3. Optimal extended depth-decompositions. The goal of this section is to
show that every vector matroid has an extended depth-decomposition with depth
equal to its branch-depth. To do so, we start with showing that branches rooted at
the root of a decomposition tree are always at capacity.

LEMMA 9. Let (T, f) be a depth-decomposition of a vector matroid M. If T has
a branch S rooted at the root of T', then S is at capacity.

Proof. Suppose that a branch S rooted at the root of T is not at capacity. This
implies that dim S < ||S]|. Let X’ be the set of elements of M that are not contained
in S. By the definition of a depth-decomposition, dim X’ is at most (M) — ||S]|.
However, the submodularity of the dimension implies that dim S U X’ < r(M), which
is impossible. 0

The following lemma is a core of our argument that every matroid has a depth-
decomposition of optimal depth such that each primary branch is at capacity. An
illustration of the operation described in the statement of the lemma is given in
Figure 2.

LEMMA 10. Let (T, f) be a depth-decomposition of a vector matroid M. Assume
that T contains a primary branch S that is not at capacity. Let u be the root of S,
and let T be the rooted tree obtained from T by changing the root of S to be the parent
of u. Then, (T', f) is a depth-decomposition of M.
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Proof. By Lemma 9, u has a parent and thus 7" is well-defined. Let X be the set
of elements of M and fix a subset X’ of X. We need to show that dim X’ is at most
the number eq of edges on the paths in 77 from the vertices in the f-image of X’ to
the root. If X’ contains an element of X \ S, then the number of such edges is the
same in the trees T and 7" and the inequality follows from the fact that (T, f) is a
depth-decomposition of M. Hence, we will assume that X’ is a subset of S. Observe
that collectively the primary branches of T different from S contain r(M) — h — ||.S]|
edges, where h is the depth of u. We derive using the fact that (T, f) is a depth-
decomposition the following:

eo+ 1+ (r(M)—h—|S||) > dim X' U (X \ 5)
—dim X’ +dimX\ S —dim £ (X)L (X\§)
> dim X' +dim X \ § —dim £ (§) n£ (X 5)
= dim X’ + dim X \ § — (dim 5 4 dim X \ § — dim X)
=dim X’ — dim § + r(M).
This implies that dim X’ is at most
eo +dimS+1—h—|S| < ep,

where the inequality follows using that S is not at capacity, i.e., dimS < h + I1SI-
Hence, (T, f) is a depth-decomposition of M. d

We can now show that every matroid has a depth-decomposition of optimal depth
such that each primary branch is at capacity. We state the next two lemmas and
the theorem that follows them for an arbitrary depth-decomposition (7', f), i.e., a
depth-decomposition of not necessarily optimal depth, since we will need to apply the
algorithmic arguments used in their proofs for arbitrary depth-decompositions later.

LEMMA 11. Let (T, f) be a depth-decomposition of a vector matroid M = (X,T)
of depth d. There exists a depth-decomposition of M of depth at most d such that
every primary branch is at capacity.

Proof. If T is a rooted path, then the lemma holds vacuously. Suppose that T
is not a rooted path. If all primary branches of (T, f) are at capacity, then we are
done. If not, we consider a primary branch of T that is not at capacity and apply
Lemma 10 to obtain a depth-decomposition (77, f). If all primary branches of (77, f)
are at capacity, then we are done. If not, we consider a primary branch of 7" that is
not at capacity and iterate the process. Note that at each iteration, the sum of the
lengths of the paths from the leaves to the root decreases, so the process eventually
stops with a depth-decomposition such that all its primary branches are at capacity.O

Now we analyze depth-decompositions whose primary branches are at capacity.

LEMMA 12. Let (T, f) be a depth-decomposition of a vector matroid M = (X,T)
such that T is not a rooted path and each primary branch of T is at capacity. Let
S1,..., 8 be the primary branches of T, and let Ay, ..., Ay be the linear hulls of
S1,-..,Sk, respectively. Further, let h be the depth of the common root of S1,...,Sk
in T. There exists a subspace K of dimension h such that A; N A; = K for all 1 <
1<j<k.

Proof. ConsiderAi and j such that 1 < ¢ < j < k. Since 5; is at capzlgity,
we obtain that dim.S; = dim A; = h + ||S;]|. Analogously, it holds that dim.S; =
dim A; = h+ ||S;||. Since (T, f) is a depth-decomposition, we deduce that
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hA (1Sl + 1155 = dim A; U A;
= dlmA/L + dlmA] - dlmA, N Aj
= (A 115:ll) + (A +[1551) — dim A; N A;,

which implies that dim A; N A; > h. On the other hand, it holds that

dim A;NA; <dimA;nL | | Ay

'
i J'#i
k
=h+ 1S +dim | 4y —h =D 1Syl
' j'=1
k
<hA|Sill +h+ Y 1Syl =h = ISyl = h.
3/ #i J’=1

We conclude that dim A; N A; = h. This implies that the first inequality in the
expression above holds with equality, so

(2) Anc|Jay | =Aand=4n4=4nL([]A],
3’ #i V']

where the last step follows by the same argument above with indices i and 7 swapped.
Since the left-hand side of (2) is independent of the choice of j and the right-hand
side is independent of the choice of 4, it must hold that A; N A; is independent of the
choice of both ¢ and j. This intersection forms the required space K of dimension h.0

We are now ready to prove the main theorem of this section.

THEOREM 13. Let (T, f) be a depth-decomposition of a vector matroid M =
(X,Z) of depth d. There exists an extended depth-decomposition of M of depth at
most d.

Proof. The proof proceeds by induction on the rank of M. If T is a rooted path,
we assign elements of a basis of £ (X) to the nonroot vertices of T' arbitrarily, i.e.,
we choose g to be any bijection to a basis of £ (X), which yields an extended depth-
decomposition (T, f, g) of M. Note that if the rank of M is one, then T is the one-edge
rooted path, i.e., this case covers the base of the induction in particular.

We assume that T is not a rooted path for the rest of the proof. By Lemma 11,
we can assume that all primary branches of T' are at capacity. Let Si,...,Si be the
primary branches of T, and let h > 0 be the depth of the common root of S1,...,Sk.
By Lemma 12, there exists a subspace K of dimension i such that the intersection of
linear hulls of S; and S; is K for all 1 <i < j < k;let by,..., by be an arbitrary basis
of K. R

We define M;, i =1,...,k, to be the matroid such that the elements of M; are S;
and X’ C S; is independent if and only if the elements X' U {b1,...,bs} are linearly
independent. In particular, the rank of X’ C S\’l in M; is equal to dim X' U K — h.
The matroid M; can be viewed as obtained by taking the vector matroid with the
elements S; U {b1,...,b,} and contracting the elements by, ..., b,. In particular, M;

© 2022 Timothy F. Chan, Jacob W. Cooper, Martin Kouteck'y, Daniel Krdl, and Krist'yna Pekérkova



Downloaded 05/23/23 to 84.19.66.32 by Martin Koutecky (alquaknaa@gmail.com). Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy

676 CHAN, COOPER, KOUTECKY, KRAL, AND PEKARKOVA

is a vector matroid, and the vector representation of M; can be obtained from 5‘2 by
taking quotients by K. Note that the rank of M, is dim S; U K — h, i.e., its rank is
smaller than the rank of M and we will be able to eventually apply induction to it.
Let f; be the restriction of f to S;. We claim that (.S;, f;) is a depth-decomposition
of M;. Let X' be a subset of SA'Z', and let e; be the number of edges contained in the
union of paths from the elements f;(x), x € X', to the root of S;. By the definition
of M;, the rank of X’ in M; is equal to dim X' U K — h. Choose an arbitrary j # 1,
1 < j < k. Since the intersection of linear hulls of S; and S; is K, (T, f) is a depth-

o~

decomposition of M, and the branch S; is at capacity, i.e., dimS; = ||S;|| + h, we
obtain that the rank of X’ in M; is equal to

dim X' UK —h =dim X' US; —dim S,
<ei+||S;]| +h—dimS; = e;.

Hence, (S;, fi) is a depth-decomposition of M;.

We apply induction to each matroid M; and its depth-decomposition (S;, f;),
i=1,...,k, to obtain extended depth-decompositions (S}, f, g;) of M; such that the
depth of S} is at most the depth of S;. Let T” be a rooted tree obtained from a rooted
path of length h by identifying its nonroot end with the roots of Si,...,S}. Observe
that the depth of T” does not exceed the depth of T. Further, let f’ be the unique
function from X to the leaves of T" such that the restriction of f’ to the elements of M;
is f{. Finally, let g be any function from the nonroot vertices of T" such that the h
nonroot vertices of the path from the root are mapped by g to the vectors by, ...,b,
by g and g(v) = g;(v) for every nonroot vertex v of S;.

We claim that (77, f',g) is an extended depth-decomposition of M. We first
verify that, for every € X, f’(x) is contained in the linear hull of the g-image of
the nonroot vertices on the path from f’(x) to the root. Fix z € X and let i be
such that = € S;. Since (S%, fl,gi) is an extended depth-decomposition of M;, x is
contained in the linear hull of K and the g;-images of the nonroot vertices on the
path from f’'(z) = f;(x) to the root of S]. Hence, z is contained in the linear hull of
the g-image of the nonroot vertices on the path from f’(z) to the root of T".

Consider now an arbitrary subset X’ C X. We have already established that all
elements of X’ are contained in the linear hull of the g-image of the nonroot vertices
on the paths from f/(x), © € X', to the root of 7". Since the dimension of this linear
hull is at most the number of nonroot vertices on such paths, which is equal to the
number of edges on the paths, it follows that (77, f’) is a depth-decomposition of M .0

4. Optimal tree-depth of a matrix. In this section, we relate the optimal
dual tree-depth of a matrix A to its branch-depth. We start with showing that the
branch-depth of a matrix A is at most its dual tree-depth.

PROPOSITION 14. If A is an m x n matriz, then bd(A) < tdp(A).

Proof. We assume without loss of generality that the rows of the matrix A are
linearly independent. Indeed, deleting a row of A that can be expressed as a linear
combination of other rows of A does not change the structure of the matroid formed
by the columns of A. In particular, the branch-depth of A is preserved by deleting
such a row, and the deletion cannot increase the tree-depth of the dual graph Gp(A)
(the dual graph of the new matrix is a subgraph of the original dual graph and the
tree-depth is monotone under taking subgraphs).

Let X be the set of rows of the matrix A and Y be the set of its columns. Further,
let T be a rooted forest of height tdp(A) with the vertex set X such that its closure
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contains the dual graph Gp(A) as a subgraph. Consider the rooted tree T” obtained
from T by adding a new vertex w, making w adjacent to the roots of all trees in T" and
also making w to be the root of T". Since the rows of A are linearly independent, the
number of edges of T” is equal to the row rank of A, which is the same as its column
rank. In particular, the number of edges of T” is the rank of the vector matroid formed
by the columns of A.

We next define a function f : Y — V(T”) such that the pair (77, f) is a depth-
decomposition of the vector matroid formed by the columns of A. Let y be a column
of A, and observe that all rows x such that the entry in the row x and the column y
is nonzero form a complete subgraph of the dual graph Gp(A). Hence they must lie
on some path from a leaf to the root of T”; set f(y) to be any such leaf.

Since the depth of T” is tdp(A) (the height of T” is tdp(A) + 1), the proof will
be completed by showing that (7", f) is a depth-decomposition of the vector matroid
formed by the columns of A. Consider a subset Y’ C Y of columns of A and let X’
be the set of rows (vertices of the dual graph) on the path from f(y) for some y € Y’
to the root of T'. Note that |X’| is equal to the number of edges contained in such
paths. The definition of f yields that every column y € Y’ has nonzero entries only
in the rows x such that x € X’. Hence, the rank of Y’ is at most |X’|. It follows
that the pair (77, f) is a depth-decomposition of the vector matroid formed by the
columns of A. a0

We next prove the main theorem of this section.

THEOREM 15. Let A be an m x n matriz of rank m, let M be the vector matroid
formed by columns of A, and let (T, f,g) be an extended depth-decomposition of M.
Further, let Tm(g) = {w1, ..., wm}. The dual tree-depth of the m x n matriz A’ such
that the jth column of A is equal to

m
2 : I

Aijwi
i=1

is at most the depth of the tree T'.

Proof. Let F' be the rooted forest obtained from 7' by removing the root and
associate the ith row of A’ with the vertex v of F' such that g(v) = w;. Note that
the height of F' is the depth of T. We will establish that the dual graph Gp(A’)
is contained in the closure cl(F') of the forest F. Let i and ¢/, 1 < i < ¢’ < m, be
such that the vertices of F associated with the ith and 'th rows of A’ are adjacent
in Gp(A’). This means that there exists j, 1 < j < n, such that A;; # 0 and A}, ; # 0.
Let v be the leaf of T' that is the f-image of the jth column of A. The definition of an
extended depth-decomposition yields that the jth column is a linear combination of
the g-image of the nonroot vertices on the path from v to the root of T'. In particular,
the path contains the two vertices of T' mapped by g to w; and w; ; these two vertices
are associated with the sth and i'th rows of A’. Hence, the vertices associated with
the ith and 'th rows are adjacent in cl(F'). We conclude that Gp(A’) is a subgraph
of cl(F). d

We are now ready to prove Theorem 1.

Proof of Theorem 1. Let td},(A) be the smallest dual tree-depth of a matrix that
is row-equivalent to A. By Proposition 14, it holds that bd(A) < td}(A). We now
prove the other inequality. We can assume without loss of generality that the rank
of A is equal to the number of its rows; if this is not the case, we can apply the
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following arguments to the matrix A restricted to a maximal linearly independent set
of rows and then use row operations to make all entries of the remaining rows to be
equal to zero. Since rows with all entries equal to zero correspond to isolated vertices
in the dual graph, their presence does not affect the dual tree-depth of the matrix.
Let M be the vector matroid formed by the columns of A. By Theorem 13,
the matroid M has an extended depth-decomposition (T, f, g) with depth bd(A) =
bd(M). Let A’ be the matrix from the statement of Theorem 15. Note that A’ =
B~'A where B is the m x m matrix such that the columns of B are the vec-

tors wi, ..., w,, from the statement of Theorem 15. In particular, A’ is row-equivalent
to A since {wy,...,wy} is a basis. As tdp(A’) is at most the depth of T, which
is bd(A4), it follows that td},(A4) < bd(A). O

5. Algorithms for integer programming. The main purpose of this section
is to combine Theorem 1 with the existing approximation algorithm for branch-depth
(Theorem 8) to obtain an approximation algorithm for computing a row-equivalent
matrix with small dual tree-depth (if it exists).

Proof of Theorem 2. Let A be an m xn matrix. Without loss of generality, we can
assume that the rows of A are linearly independent, i.e., the rank of A is m. This also
implies that the rank of the column space of A is m, in particular, n > m. We apply
the approximation algorithm described in Theorem 8 to the vector matroid M formed
by the columns of the matrix A, and obtain an extended depth-decomposition (T, f, g)
of M. If the depth of T is larger than 4%, then the branch-depth of A is larger than d;
we report this and stop. Let B, be the matrix with the columns formed by the vectors
in Im(g) and let B = B, '. Note that the matrix A’ from the statement of Theorem 15
is equal to BA. By Theorem 15, the dual tree-depth of A’ is at most 4¢.

We will next show that the entry complexity of A’ is at most O(d-4%-ec(A)). Note
that the classical implementation of the Gaussian elimination in strongly polynomial
time by Edmonds [12] yields that the entry complexity of the matrix B is O(mlogm -
ec(A)) and this estimate is not sufficient to bound the entry complexity of A’ in
the way that we need. Let x be a column of A, and let W be the set of indices ¢,
1 < ¢ < m, such that the ith column of B, is g(v) for some nonroot vertex v on
the path from f(z) to the root of T. Note that |[W| < 49 since the depth T is
at most 4%. Since the column x is a linear combination of the g-images of nonroot
vertices on the path from f(x) to the root of T, the ith entry of the column of A’
that corresponds to x is zero if ¢ ¢ W. The remaining |W| entries of this column
of A’ form a solution of the following system of at most 4% linear equations: the
system is given by a matrix obtained from B, by restricting B, to the columns with
indices in W and to |W| rows such that the resulting matrix has rank |[W|, and
the right-hand side of the system is formed by the entries of the column z in A
corresponding to these |W| rows. It follows (using Cramer’s rule for solving systems
of linear equations involving determinants) that a solution of this system has entry
complexity at most O(log(49)!-ec(A)) = O(d-4%-ec(A)). Hence, the entry complexity
of the matrix A’ = BA, after dividing the numerator and the denominator of each
entry by their greatest common divisor, is O(d - 4¢ - ec(A)). |

As explained in section 1, Theorem 2 yields Corollary 4, which asserts that integer
programming is fixed parameter tractable when parameterized by the branch-depth
and the entry complexity of the constraint matrix.

Proof of Corollary 4 using Theorem 2. Consider an integer program as in (1)
that has branch-depth at most d. We apply the algorithm from Theorem 2 to obtain
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a rational matrix B such that the instance with A’ = BA, b’ = Bb,l' =1,and u’ = u
has dual tree-depth D at most 4% in case of Theorem 2.

To apply the algorithm from [13], we need to transform the matrix A’ into an
integer matrix. We do so by multiplying each row by the least common multiple of
the denominators of the fractions in this row. Since all denominators are integers
between 1 and 26"(‘4/), the value of this least common multiple is at most QQC(A/)TC(A/).
Hence, the entry complexity of the resulting integer matrix A” is O(ec(A’)2¢¢(A)).

Since the dependence of the algorithm from [13] on the entry complexity ec(A”) and

the dual tree-depth D of A" is 2(“(‘4”)+D)D2D, we obtain that the running time of
the resulting algorithm depends on ec(A) and d as given in Table 1. O

We complement Corollary 4 by showing that integer programming is not fixed
parameter tractable when parameterized by the “primal” branch-depth.

PROPOSITION 16. Integer programming is NP-hard for instances with constraint
matrices A satisfying bd(AT) = 1 and ec(A) = 1, i.e., for instances such that the
vector matroid formed by rows of the constraint matriz has branch-depth one.

Proof. An integer program as in (1) such that the rows of the matrix A are not
linearly independent is equivalent to an integer program with a matrix A’ obtained
from A by a restriction to a maximal linearly independent set of rows unless the
rank of the matrix A with the column b added is larger than the rank of A; in the
latter case, the integer program is infeasible. Hence, it is possible in polynomial
time either to determine that the input integer program is infeasible or to find an
equivalent integer program such that the rows of the constraint matrix are linearly
independent and the matrix is a submatrix of the original constraint matrix. However,
the branch-depth of the matroid formed by rows of such a (nonzero) matrix is one.
Since integer programming is already NP-hard for instances such that all the entries
of the constraint matrix are 0 or 1 (cf. [13, Proposition 101, part 2]), the proposition
follows. O

6. Structure of extended depth-decompositions. In this section, we pres-
ent structural results on extended depth-decompositions that we need to design a
fixed parameter algorithm to compute a depth-decomposition of a vector matroid
with an optimal depth. We start with the following lemma, which can be viewed as
a generalization of Lemma 12; indeed, if the set U in the statement contains only the
common root of the primary branches, then the statement of the lemma is the same
as that of Lemma 12.

LEMMA 17. Let (T, f) be a depth-decomposition of a vector matroid M and let U
be a set of vertices of T' such that every vertex contained in U has at least two children
and every ancestor u' of a vertexr in U such that v’ has at least two children is also
contained in U. Assume that every branch of T rooted at a vertex from U is at
capacity.

Then, every vertex u € U can be associated with a subspace L,, of the linear hull
of the elements of M such that the dimension of L,, is the depth of u and the following
holds. Let Sy, ...,S; be all branches rooted at w. If each ancestor of u has a single
child, let Lo be the vector space containing the zero vector only; otherwise, let u' be

the nearest ancestor of u with at least two children, and let Ly be the space L,/ . It
holds that
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Fic. 3. Notation used in the proof of Lemma 17.

dim S, ULy = ||S;| + dim L,  and £ (QULO) ne (SAjuLo) ~ L,

forall1 <i < j <k. In particular, Ly C L.

Proof. We proceed by induction on the size of U. If U is empty, the lemma
vacuously holds. Suppose that |[U| = 1 and let u be the only vertex contained in U.
By the assumption of the lemma, every branch rooted at u is primary. Hence, the
statement of the lemma is implied by Lemma 12 and the fact that each branch rooted
at u is at capacity.

Suppose that |U| > 2, and let u be any vertex of U with no descendant in U.
Apply induction to the set U\ {u} to get subspaces L./, v’ € U\ {u}, with properties
given in the statement of the lemma. Let Si, ..., Sk be all branches rooted at u, and
let Aq,..., A be the linear hulls of Sy,..., Sk, respectively. Further, let uy,...,us
be all the vertices with at least two children on the path from the parent of u to the
root (in this order), and let hy, ..., he, be the depth of uq,..., us, respectively. See
Figure 3 for an illustration of the notation. Note that {ui,...,us} C U; the choice
of u implies that £ > 1. Let S}, i = 1,...,4, be the branch rooted at u; that contains u
and A} be the linear hull of the elements assigned to leaves of the branches rooted

at u; different from S!. Note that gz = 3; u---u 3’;

Set L, =L, fort=1,...,¢ and also set L, to be the vector space containing
the zero vector only. Note that Lyyy C Ly C --- C Ly and the dimension of L;
is h; for i = 1,...,4; the space L; is the vector space Ly from the statement of
the lemma with respect to u. The following holds by the induction assumption for
every i = 1,...,¢: if R is a branch rooted at the vertex u;, then
(3) dimRU L; 1 = dim L; + || R|,

and if R’ is another branch rooted at the vertex u;, then

(4) c (}A%ULZ«H) ne (ﬁuLm) — L.

The identity (3) for ¢ = 1 and R = S yields that

(3" dim Ly U S] = dim L, + ||S}]].

Using (4) iteratively for ¢ = ¢,...,1, we obtain the following; the iterative argument

uses that 5\'{ UA, CL (Sj’;),
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(5) LiCL(AULiyq)C---CL(AU---UAY)),
c (§; U Lm) NL(A, UL 1) =L,
6) L(@ULiH)mE(AQUmUA;):Li.

Let A’ be the linear hull of A U---U Aj. The relations (5) and (6) yield for ¢ = 1 the
following:

(57) LiCL(AU---UA)) = A,

() c(s))nacr.

Now we obtain using (6) that

(7) dim A} U+ U A} = (M) — || S]]

This implies for ¢ = 1 that

(7) dim A" = r(M) — ||}
The lemma requires establishing the existence of a vector space L, such that
dimA; ULy = ||S;|| + dim Ly + h and LA UL )NL(A;UL) =1L,

for all 1 <4 < j <k and such that the dimension of L, is dim L, + h, where h is the
distance between u and u;. Since every branch rooted at u is at capacity, we obtain
using (7) that

(8) dimA; U A" =r(M) — (||S1]| = h —||Si]]) = dim A’ + h + ||S;]|
for every i = 1,...,k. Since every A; is a subspace of L (E'Z), we derive from (5’),

(6”), and (8) that
(9) =dimL; + R+ S|
Since (T, f) is a depth-decomposition, it holds that
(10)  dimA'U [ J A <r(M) = |[Si+ R+ D IS =dim A"+ h+ > IS
jed jeJ jed
for all J C {1,...,k}, and analogously to the proof of (9), we derive from (10) that
(11) dimLy U [ J A; <dim Ly +h+ Y _[IS;].
JjeJ jeJ

We now obtain using (9) and (11) for J = {4, j} that

dim Ly 4+ h + ||Si]| + ||

Z dlmAZ UAj UL1

=2dim L + 2h + ||S1|| + HSJH — dlIn,C(A7 U Ll) n E(A] U Ll)
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for all 1 <17 < j <k. It follows that

for all 1 <4 < j < k. On the other hand, it holds using (3’), (9), and (11) applied
for J={1,...,k}\ {i} that

C].IHLC,(Az U Ll) n ,C(Aj U Ll)

<dimL(A;UL)NL | Liu ] Ay

3
= dimA; ULy +dimLy U | J Ay —dimL; US]
3/
<dimLy +h+ S|+ dim Ly + A+ Y [|Sy]l — dim Ly — ||S] ]

J'#i
=dim Ly + h.

We conclude that equality always holds in (12). Hence, there exists a subspace L, of
dimension dim L; + h such that

,C(AiULl)ﬂ,C(AjULl):Lu

forall 1 <i<j<k. 0
Using Lemma 17, we prove the following.

LEMMA 18. Let (T, f) be a depth-decomposition of a vector matroid M, ui a
vertex of T' with at least two children, and us, ..., ux all ancestors of uy with at least
two children (listed in the increasing distance from uy). Assume that every branch
rooted at one the vertices ui,...,uy is at capacity, and let Ly be the space L, from
the statement of Lemma 17 applied with U = {uy,...,ur}. Further, let S; be any
branch rooted at uy and f1 the restriction of f to g} -

The pair (S1, f1) is a depth-decomposition of the vector matroid (M/L1)[S1] and
a branch of (S1, f1) is at capacity if and only if it is at capacity in (T, f). In addition,
if (S1, f1) is another depth-decomposition of the matroid (M/Ll)[gz], then (T", f') is
a depth-decomposition of the matroid M, where T" is obtained from T by replacing Sy
with S1, and the function f' is defined as f'(z) = fi(x) for x € S1, and f'(x) = f(x)
otherwise.

Proof. Let X be the set of elements of M, let A; be the linear hull of 3}, and
let A} be the linear hull of X \ S;. By Lemma 17, it holds that

(13) AN A/l CL; and L, C A/l

It follows that the matroids (M/ Ll)[gz] and (M /A'l)[éz] are the same. In addition,
since all branches rooted at wy,...,u; are at capacity, it also holds that dim A} =
dim M — S84 by (7). A
Instead of verifying that (Si, f1) is a depth-decomposition of (M/L1)[S1], we
verify that (51, f1) is a depth-decomposition of (M /A’l)[gq], which is equivalent since

Py

the two matroids are the same. Let X’ be any subset of S; and let e be the number of
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edges on the paths from the fi-image of X’ to the root of S;. Since (T, f) is a depth
decomposition of the matroid M, we obtain that

dim X' U A} = dim X' U (X \ 51) < dim M — ||y +e.

Since the rank of the set X’ in (M/A’l)[a] is dim X' U A} — dim A} and dim A} =
dim M — ||S1||, we obtain that the rank of X’ in (M/A’l)[rg:] is at most e as desired.
Hence, (51, f1) is a depth-decomposition of (M/Ll)[g\l]

Let S be a branch of S; rooted at a vertex u, let X’ be the elements assigned
to the leaves of the other branches rooted at u, and let ¢ be the number of edges
contained in the other branches rooted at u. The branch S is at capacity in the depth-
decomposition (S, f1) of the matroid (M/L1)[S1] if and only if the rank of Sy \
X' in the matroid (M/Ll)[g';] is ||S1]] — ¢/. The rank of the set Sy \ X’ in the
matroid (M/Ll)[gﬁ is equal to dim(g’;\X’) UL —dim Ly, which is equal to dim(gz\
X"YU A} —dim A] by (13). Since dim A} = dim M — ||Sy||, we infer that the branch S
is at capacity in the depth-decomposition (S1, f1) of the matroid (M/Ll)[a] if and
only if dim(E\X’) UA] is dim M —¢’. The latter holds if and only if S is at capacity
in the depth-decomposition (T, f) of the matroid M.

It remains to prove the last part of the lemma. We proceed by induction of k.
The base case is k = 1, i.e., the case when the branch S; is primary. Let (S7, f) be
another depth-decomposition of the matroid (M/ Ll)[fﬁ], and let (T, f’) be obtained
as described in the statement of the lemma. Denote by Ss,...,S; the remaining
branches rooted at u;. Let X’ be any subset of the elements of M, let ¢;, i = 1,....¢,
be the number of edges on the paths from the vertices in the f’-image of X'NS; to uy,
and let f;, i > 2 be the restriction of f to S;. Since (57, f1) is a depth-decomposition
of the matroid (M/Ll)[gi], we obtain that

(14) dim (X’ N 3\1) UL, —dimL; < ey.
Similarly, as (S;, f;) is a depth-decomposition of the matroid (M/L1)[S;] by the al-
ready proven part of this lemma, we obtain that

(15) dim (X’ N §) ULy —dimL; < e;.

Using (14) and (15), we infer that
¢ R ¢
dim X’ < dim X' UL, = dim| {(X’ NS)UL| <dmL + e
i=1 i=1

Since the choice of X’ was arbitrary, (77, f') is a depth-decomposition of M.

The inductive step proceeds as follows. Let k > 2, let Sy be the branch rooted
at us in T containing Sp, let S5 be the branch rooted at ws in 7" containing S,
and let fo and f} be the restrictions of f and f’, respectively, to the elements
of g; = g; Finally, let Lo be the space L,, from the statement of Lemma 17
applied with U = {uq,...,u;}. By the already proven part of the lemma, (S2, f2)
is a depth-decomposition of the matroid (M/ Lg)@} By the base of the induction,
which we have already proven, (S5, f5) is also a depth-decomposition of the ma-
troid (M/ Lg)[g] We now apply the induction to the vertex us of T with replacing
the branch Se with S} in T and conclude that (77, f') is a depth-decomposition of the
matroid M. O
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We next extend Lemma 10 to all branches.

LEMMA 19. Let (T, f) be a depth-decomposition of a vector matroid M and Sy
be a branch of T rooted at a vertexr ug such that Sy is not at capacity. Suppose that
every branch rooted at an ancestor of ug is at capacity. Let T’ be the rooted tree
obtained from T by changing the root of Sy to be the parent of ug. Then, (T, f) is a
depth-decomposition of M.

Proof. 1f S is primary, we apply Lemma 10. Hence, we can assume that Sy is not
primary. Let U be the set of ancestors of ug that have at least two children; note that
U is nonempty since the branch Sy is not primary. We next apply Lemma 17 to get
subspaces L., u € U, with properties described in the statement of the lemma. Let uq
be the vertex of U nearest to ug, L; the vector space L,,, S1 the branch rooted at u;
that contains ug, and f1 the function f restricted to the leaves of S;. By Lemma 18,
(S1, f1) is a depth-decomposition of the matroid (M/L1)[S:1] and the branch Sy is not
at capacity in (M/Ll)[gz]

Let S{ be the rooted tree obtained from S; by changing the root of Sy to be the
parent of ug. Since the branch Sy is primary in the depth-decomposition (S7, f1), we
obtain that (S7, f1) is a depth-decomposition of the matroid (M/Ll)[gz] by Lemma 10.
The fact that (77, f) is a depth-decomposition of M now follows from Lemma 18. 0O

We are now ready to present one of the main results of this section.

THEOREM 20. There exists a polynomial time algorithm that, given a vector ma-
troid M and a depth-decomposition (T, f) of M, outputs an extended depth-decompo-
sition (T', f',g) of M such that the depth of T' is at most the depth of T and every
branch of T' is at capacity.

Proof. The algorithm first modifies (7, f) to a depth-decomposition (7", f’) such
that every branch of T” is at capacity. This is done iteratively as follows. At each
iteration, the algorithm searches in the increasing order given by the distance from
the root for a vertex u with at least two children such that a branch rooted at u
is not at capacity. The depth-decomposition is then modified by changing the root
of the branch that is not at capacity to the parent of u (note that w cannot be the
root of the whole tree by Lemma 9). Lemma 19 implies that the new tree is again
a depth-decomposition of M. This finishes the iteration and the algorithm starts
a new iteration (again searching in the order given by the distance from the root).
Note that the number of leaves is preserved and at each iteration the sum of the
distances of the leaves to the root of the tree decreases. Since T has (M) edges, it
has at most (M) leaves and each leaf is at distance at most (M) from the root. It
follows that the algorithm stops after at most 7(M)? iterations producing a depth-
decomposition (T, f") of M such that every branch of T is at capacity. Since the
depth of the tree is never increased by the algorithm, the depth of T” is at most the
depth of T

We next construct the function g. Let U be the set containing the root of T” and
all vertices of (T, f’) with at least two children, and let L, be the vector spaces as
described in Lemma 17 while setting L,, to be the space containing the zero vector
only for the root u of T”. Observe that the spaces L,, u € U, can be algorithmically
constructed. Indeed, if u € U and the space L, has already been constructed for the
nearest ancestor /ti/ of u contained in U, then L, is the intersection of the linear hulls
of Sy UL, and Sy U L,s where S; and S5 are any two branches rooted at wu.

The function g is defined for the vertices of 7" in the order based on their distance
from the root. Let v be a vertex of T and assume that g has been defined for all
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ancestors of v (except the root). We distinguish two cases. The first case is that v has
at least two descendants that are leaves. If v has at least two children, then let u be
the vertex v itself, and let u be the nearest descendant of v contained in U otherwise.
We set g(v) to be any vector of L,, that is linearly independent of the g-image of the
vertices on the path from the parent of v to the root. Since the dimension of L, is the
depth of u, which is at least the depth of v, such a vector always exists. The other
case is that v and all its descendants have at most one child. If v is a leaf, let v’ be the
vertex v itself. Otherwise, let v’ be the only leaf descendant of v. We set g(v) to be
any vector in the f’-preimage of v’ that is linearly independent of the g-image of the
vertices on the path from the parent of v to the root. Since the branch S containing v
that is rooted at the nearest ancestor u of v contained in U is a depth-decomposition
of the matroid (M/L,)[S] (see Lemma 18), such a vector always exists. Note that
the function g can be algorithmically constructed.

We now verify that (77, f’,g) is an extended depth-decomposition of the ma-
troid M. Observe that for every vertex uw € U, L, contains all spaces L, for ances-
tors u’ of u contained in U. Hence, the g-image of the vertices on the path from u to
the root form a basis of L, for every v € U. In particular, K,, = L, for every u € U.
Let v be a leaf of 77 and w its nearest ancestor contained in U. By Lemma 18, the
branch S rooted at u containing v together with the restriction of f' to S is a depth-
decomposition of the matroid (M/L,)[S]. Note that the branch S is actually a path
rooted at uw. This implies that the g-image of the vertices on the path from v to
the child of u contained in S form a basis of the linear hull of the f’-preimage of v
quotiened by L,. Since the g-image of the vertices on the path from u to the root
form a basis of K, = L,, we conclude that every vector in the f’-preimage of v is
contained in the linear hull of the g-image of the vertices on the path from v to the
root of T”. 0

We obtain the following two statements as corollaries of Theorem 20.

COROLLARY 21. Ewvery vector matroid M has a depth-decomposition (T, f) with
depth bd(M) such that every branch of T is at capacity.

COROLLARY 22. If (T, f) is a depth-decomposition of a vector matroid M, then
there exists g such that (T, f,g) is an extended depth-decomposition of M.

Proof. Let (T', f’,g) be the extended depth-decomposition of M constructed in
Theorem 20. Since T” was obtained from T by rerooting some of the branches, the
vertices of T and T’ are in one-to-one correspondence. In particular, the roots of T'
and T’ are the same vertex, the functions f and f’ are identical, and g is a well-
defined function from the nonroot vertices of T'. Further, notice that any vertex
on a given root-to-leaf path in 7" is also on the path from the root to the corre-
sponding leaf in T. Since (1", f’,g) is an extended depth decomposition, any ele-
ment z of M is contained in the linear hull of the g-image of the vertices on the path
in T" from f(z) to the root, and thus (7, f,g) is an extended depth decomposition
as well. O

We conclude this section with a theorem that asserts that every vector matroid has
a depth-decomposition of minimum depth such that every branch is both at capacity
and solid. Before we can state and prove the theorem, we need three auxiliary lemmas.

LEMMA 23. Let M be a vector matroid with no loops and My, ..., My be its com-
ponents. For each i, suppose (T;, fi, gi) is an extended depth-decomposition of M;.
Let T be the rooted tree obtained from the trees T1,...,Ty by identifying their roots,
let f be the mapping from the elements of M to the leaves of T such that f(xz) = fi(x)
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if  belongs to M;, and let g be the mapping such that g(v) = g;(v) if v is a nonroot
vertex of T;. The triple (T, f,g) is an extended depth-decomposition of M.

Proof. Let Xq,..., X, be the elements of M contained in M,..., My, respec-
tively. Since My, ..., M} are components of M, the rank of M is the sum of the ranks
of My, ..., M. In particular, the number of edges of T is the rank of M. Since every
vertex & € X; can be expressed as a linear combination of the g;-image of the vertices
on the path from f;(z) to the root of T}, it is also a linear combination of the g-image
of the vertices on the path from f(x) to the root of T. In particular, the linear hull
of the g-image of all nonroot vertices of T is equal to the linear hull of X7 U--- U Xk.
This implies that the vectors in the g-image of all nonroot vertices of T' are linearly
independent. Let X’ be any set of vertices of M. Since any vector in X’ can be
expressed as a linear combination of the g-image of the nonroot vertices on the paths
from f(X’) to the root, the dimension of the linear hull of X’ is at most the number
of such vertices, which is equal to the number of edges on the paths. It follows that
(T, f,g) is an extended depth-decomposition of M. d

LEMMA 24. Let (T, f, g) be an extended depth-decomposition of a vector matroid M,
and let u be a vertex with at least two children. If S is a branch rooted at u, then S
is a union of some components and loops of M/K,.

Proof. Let X be all the vectors of M, A their linear hull, and Ag the linear hull
of the g-images of the nonroot vertices of S. Since the vectors of Im(g) form a basis
of the vector space A and every element x of the matroid M is a linear combination
of the vectors in the g-image of the vertices on the path from f(z) to the root, Ag is
a subset of the linear hull of S and the linear hull of S is a subset of the linear hull
of Ag UK,. Since the dimension of Ag is ||.S||, we obtain that

dim S UK, — dim K,, = dim Ag U K, — dim K,, = || 5]
Along the same lines, we obtain that

dim (X\§) UK, — dimK, = dim X — dim K, — ||S|.

Since the rank of M/K, is dim X — dim K, the rank of S in M/K, is ||S]|, and the
rank of X \ S in M/K; is dim X — dim K,, — ||S||. Hence, the set S is a union of
components and loops of M/K,. 1]

LEMMA 25. Let (T, f, g) be an extended depth-decomposition of a vector matroid M,
and let u be a vertexr with at least two children. Further, let S be a branch rooted
at uw and (T', f',¢') be an extended depth-decomposition of the matroid (M/K,)[S].
Let T" be the rooted tree obtained by removing from T the branch S and identifying
the root of T" with u, setting f"(x) = f'(x) for elements x € S and f"(x) = f(x)
for other elements x of M, and setting g" (v) = ¢g'(v) for nonroot vertices of T' and
g"(v) = g(v) for other nonroot vertices of T". The triple (T", f",g") is an extended
depth-decomposition of M.

Proof. Since the rank of the matroid (M/K,,)[S] is equal to dim SUK, —dim K,, =
[IS]|, the trees T and S have the same number of edges. This implies that the trees T
and T" also have the same number of edges. In order to establish that (7", f”,¢") is
an extended depth-decomposition of M, it is now enough to verify that every element x
of the matroid M is a linear combination of the g”-image of the vertices on the path
from f”(z) to the root. If this is the case, then the ¢g’-image of all nonroot vertices
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of T” form a basis of the vector space generated by the elements of M, and the rank
of any subset X’ of the elements of M is at most the number of nonroot vertices on
the paths from the f”-image of X’ to the root, which is equal to the number of edges
on such paths. R

Let = be any element of the matroid M. If x ¢ S, then f(z) = f”(z) and
the g-image of the vertices on the path from f(x) = f”(z) to the root is the same as
the g”-image, in particular, x is a linear combination of the g”-image of the vertices
on this path. Hence, we need to analyze the case when x € S. In this case, the path
from f”(z) to the root contains all vertices on the path from u to the root of 7", which
implies that the linear hull of the g”-image of the vertices on the path from f”(z)
to the root of T” contains K. Since (17", f’,¢’) is an extended depth-decomposition
of the matroid (M/Ku)[g], 2 is contained in the linear hull of the union of K, and
the ¢’-image of the vertices on the path from f’(z) to the root of T'. Hence, x is
contained in the linear hull of the g”-image of the vertices on the path from f”(z)
to the root of T”. We conclude that (7", f”,¢") is an extended depth-decomposition
of M. 0

We are now ready to prove the final theorem of this section.

THEOREM 26. Every wvector matroid M has an extended depth-decomposition
(T, f,9) of depth bd(M) such that every branch of T is both at capacity and solid.

Proof. We start with a depth-decomposition (7T, f,g) of M with depth td(M)
and modify it iteratively as follows. At each iteration, we first apply Theorem 20
to obtain a depth-decomposition such that every branch is at capacity. If every
branch is solid, we stop. If there is a branch S that is not solid, we proceed as
follows. Since S is not solid, the matroid (M/K,)[S] is not connected, where u is
the root of S. Let Mjy,..., M be the components of the matroid (M/K,)[S] and
let X,, be the set containing all loops of the matroid (M/Ku)[g] Let (Si, fi, i) be
an extended depth-decomposition of M;, i = 1,..., k, with depth bd(M;). Since the
branch-depth bd(M;) of M; is at most the branch-depth of (M/K,,) [§] (as the branch-
depth is a minor-monotone parameter), the depth of each of the trees Sy, ..., Sy is at
most the depth of S. By Lemmas 23 and 25, it is possible to replace the branch S
with the branches Si,...,S; rooted at the root of S while assigning the elements
of X, to arbitrary leaves of the branches Sip,...,S;. Note that the depth of the
new rooted tree does not exceed the depth of the original rooted tree. In this way,
we obtain a new extended depth-decomposition of M, and we proceed to the next
iteration.

We need to argue that the procedure described above eventually finishes. Let a; be
the sum of the degrees of the vertices at distance ¢ from the root. During the iterations,
the rooted tree T' is modified by the algorithm presented in Theorem 20 and by the
procedure described in the first paragraph. The algorithm presented in Theorem 20
selects a branch that is not at capacity and reroots it to the parent of its root. Hence,
there always exists io such that ao,...,a;,—1 are preserved and a;, has increased
by one. Similarly, in the procedure described in the first paragraph, the degree of
the vertex u has increased while the degrees of all vertices with distance to the root
smaller than uw have not changed, in particular, there exists 79 such that ao,...,a;,—1
are preserved and a;, has increased. We conclude that the vector (aq,..., Apd( M))
lexicographically increases at each modification of the tree T. Since the sum of the
degrees of the vertices at distance ¢ from the root is bounded by the rank r of M,
which is the total number of edges of T, there are at most rP4(M)+1 yectors that can
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Uy = U12

Fic. 4. An example of a depth-first-search transversal of a rooted tree.

represent a sequence of sums of degrees of vertices of T at distance 0,1,...,bd(M)
from the root. Hence, the procedure terminates after at most rP4(M)+1 jterations. O

7. Algorithm for finite fields. In this section, we design a fixed parameter
algorithm for computing a depth-decomposition of a vector matroid over a fixed fi-
nite field. To do so, we need to introduce additional notation. Let (T, f,g) be an
extended depth-decomposition of a vector matroid M, and let r be the rank of M.
Let ug, ..., us, be a depth-first-search transversal of the tree T (see Figure 4 for an
illustration). For i € {0,...,2r}, we define A; to be the linear hull of K,,, and the f-
preimage of the leaves among the vertices ug, ..., u;. Similarly, we define B; to be
the linear hull of K, and the f-preimage of the leaves among the vertices u;, . .., ua,.
The sequence (us, A, Bi)icqo,....2r} is called a transversal sequence for (T, f, g). Note
that A; N B; = K,, by the fact that Im(g) is a basis of the linear hull of elements
of M. If (T, f, g) is principal and (T”, f’, ¢’) is another extended depth-decomposition
of M, we say that a branch S of T is i-crossed if S contains the g-image of a vertex
on the path from u; to the root of T'.

LEMMA 27. Let M be a vector matroid with rank r, (T, f,g) a principal extended
depth-decomposition of M, and (T", f,g") a solid extended depth-decomposition of M.
Further, let (ui, Ai, Bi)icqo,...2ry be a transversal sequence for (T, f,g). If S is a
branch of (T', f',¢’) that is not i-crossed, then S is a subset of A; UK, or B; UK,,
where v is the root of S.

Proof. Let v be the root of S, V the set of all vertices of T” that are not descen-
dants of v in S, and C the linear hull of ¢’(V'). Since Im(g) is a base of the linear hull
of elements of M, the matroids (M/KU)[g] and (M/C)[g] are the same. Since the
branch $ is solid in (7", f', ¢'), it follows that S is the union of a component of M/C
and possibly some loops corresponding to vectors contained in K, C C.

Let X be the set of elements of M. By the definition of an extended depth-
decomposition, the sets X N A; and X N B; are unions of components and loops of
the matroid M/K,,. Since S is not i-crossed, the leaf f'(g(v’)) for every vertex v’ on
the path from u; to the root of T is contained in V. It follows that g(v’) is contained
in C, and so K, is a subspace of C. Hence, every component of the matroid M/K,,
is a union of components and loops of the matroid M/C. In particular, each of the
sets X N A; and X N B; is a union of components and loops of the matroid M/C.
Since S is the union of a component of M/C and possibly some vectors from K,, it
must hold that S is a subset of the union of X N A; and K, or the union of X N B;
and K,. The lemma follows. O
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Uy = U3z = up \,

f'g(u))

2

f'(g(ua))

Fi1G. 5. An example of the construction of an i-frontier. A part of the principal extended depth-
decomposition (T, f,g) is depicted on the left and the extended depth-decomposition (T', f',g") is
shown on the right; the subtree Ty for the 4-frontier is depicted in bold.

We will design a dynamic programming algorithm, which will construct an opti-
mal depth-decomposition of a vector matroid M using the information on the struc-
ture of M captured by an extended depth-decomposition of M produced by an ap-
proximation algorithm given in Theorem 8. The depth-decomposition will be con-
structed iteratively for elements of M in the order that the leaves corresponding
to them appear in the transversal sequence of the depth-decomposition produced
by the approximation algorithm. Since it would not be feasible to store all pos-
sible “partial” depth-decompositions, we need a more succinct way of represent-
ing an already constructed part of a depth-decomposition, which we now formally
introduce.

Let Ty be a rooted tree; we say that a mapping h from the nonroot vertices
to vectors is k-matchable for some k € N if there exists a surjective mapping g
from {1,...,k} to the leaves of Ty such that for every j = 1,...,k, the linear hull
of the h-image of the vertices on the path from g(j) to the root contains the jth
unit vector. A frontier is a tuple (Tp,d,a,b, h) such that T is a rooted tree, d, a,
and b are nonnegative integers that sum to the number of edges of Ty (in particu-
lar, Ty has at most d leaves), and h is a mapping from the nonroot vertices of Ty
to F4+atb guch that Im(h) is a basis of F¢+o+? and h is d-matchable. We will refer
the middle a coordinates of h-images as A-coordinates and to the last b coordinates
as B-coordinates.

Let (T, f,g) be a principal extended depth-decomposition of a vector matroid M
with rank 7 over a field F, (u;, Ai, Bi)icqo,....2r} @ transversal sequence for (T, f, g),
and (7", f', ¢') another extended depth-decomposition of a matroid M. The i-frontier
of (T, f', g") with respect to (T f, g) and (u;, Ai, Bi)ieqo,... 2} i the frontier (1o, d, a, b, h)
obtained as described below; see Figure 5 for an illustration.

e The integer d is the depth of u; in T'.

e Tj is the rooted subtree of T” formed by the paths from the root of 7" to
the f’-images of v}, ...,vY, where v}, ..., v} are the g-images of the vertices
on the path from the root of T to u; (in this order).

e The integers a and b are the smallest integers for that there exists an a-
dimensional subspace L4 of A; and a b-dimensional subspace Lg of B; such
that the linear hull of the ¢’-images of the vertices of T} is a subspace of the

linear hull of v, ...,vYy, L4, and Lp.
e Finally, h is a mapping from the nonroot vertices of Ty to F¢+o+b that sat-
isfies the following: Let vil,...,v2 be a basis of Ls, and let v, ... vf

be a basis of L. The value h(v) for a nonroot vertex v of Ty is equal
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T//I

¢o
:

¢

Fi1c. 6. An illustration of the operation described in the statement of Lemma 28. The trees T",
T", and T"' are respectively depicted on the left, middle, and right. The edges of the i-frontier are
drawn solid, the edges of branches S of T' such that S C A; UK 4 and branches S of T" such that
S C A; U Kp are drawn dashed, and the edges of branches S of T' such that S C BiUK4 and
branches S of T" such that S C B; UKp are drawn dotted; branches of T are drawn in the same
way as the branches of T' and T"' corresponding to them.

to the coordinates of ¢'(v) with respect to the (linearly independent) vec-
A A B B

tors vf, ..., vy, U1, .V, U0, U

Note that we use ¢ both as an index for the transversal sequence and as an index
of the frontier in order to emphasize the link between the two indices. To see that
i-frontiers are indeed frontiers, observe first that K, is the linear hull of v}, ..., v}.
Since K,, = A; N B; and K, is contained in the linear hull of the g’-images of the
vertices of Tp, the subspaces Ly C A; and L C B; are uniquely determined and the
dimension of the linear hull of the g’-images of the vertices of Ty is equal to d 4+ a + b.
Since ¢’ is a bijection from the nonroot vertices of T' to a basis of the linear hull of
elements of M, the number of edges of T must be d+a+b. Finally, since T contains
the f’-images of v}, ...,vY, the function h is d-matchable.

The following lemma justifies the definition of an i-frontier. Informally speaking,
the lemma says that an i-frontier splits an extended depth-decomposition into a left
and a right side, and that two depth-decompositions with the same i-frontier can be
glued together on it, taking one side from each decomposition; also see Figure 6 for
an illustration. In this way, the i-frontier contains all information that needs to be
stored when iteratively constructing a depth-decomposition of M in a dynamic way
for the elements of contained in Ag, Aq,..., As,.

LEMMA 28. Let (T, f,g) be a principal extended depth-decomposition of a vector
matroid M with rank r, let (u;, A;, Bi)ieqo,...2r} be a transversal sequence for (T, f, g),
and let (T', ', ¢") and (T", f",¢") be two solid extended depth-decompositions of M.
Suppose that i € {0,...,2r} is such that the i-frontiers of (T", f',¢") and (T”, ", g")
with respect to (T, f,g) and (us, As, Bi)icqo,....2ry are the same. Let Ty be the rooted
tree of the i-frontier, which we identify with the corresponding subtrees of T' and T".
Further, let K4 be the linear hull of the g'-image of the vertices of Ty, let Kg be
the linear hull of the ¢"-image of the vertices of Ty, and set C4 = Ka N A; and
Cg = KpnNB,. R

Obtain T from T' by removing all branches S with S C B; U K 4 that are not i-
crossed, T4, from T" by removing all branches S with S C A; UKp that are not i-
crossed, and T"" by gluing T'y and T together on the vertices of Ty (note that both T
and T} contain Ty). Finally, let f" be a function from the elements of M to the
leaves of T" defined as follows. If x € A; \ Ca, then f"'(x) = f'(x). If x € B; \ Cp,
then f"'(z) = f"(x). If x € Ca, then let f"'(x) be any leaf u of Ty such that x
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is contained in the linear hull of the g'-image of the vertices on the path from u to
the root. Finally, if x € Cp \ Ca, then let f"'(x) be any leaf u of Ty such that x is
contained in the linear hull of the g"-image of the vertices on the path from w to the
root. Then, (T", f""") is a depth-decomposition of M.

Proof. We first verify that f”’ is well-defined. Consider an element z of M and
suppose that € A; \ Cy4. Since the space C4 is the intersection of A; and K 4, the
element = does not belong to K4 and so f/(z) is not contained in Ty, i.e., f'(z) is
contained in a branch of 7" that is not i-crossed. Consider a maximal such branch S.
Lemma 27 yields that S C A; U K4 or S C B; UKy, and since € A; \ K4 and
A;NB; = K,, C Kj, it follows that S g B; U K 4. Hence, the branch S is contained
in 7% and f"'(x) is well-defined. The case that « € B; \ Cg is symmetric.

The next case that we analyze is that x € C4. Since C4 C K4 and the ¢’-image
of Tp is a basis of K 4, the element x can be uniquely expressed as a linear combination
of the elements of the ¢’-image of Ty. Moreover, as (17, f/, ¢') is an extended depth-
decomposition of M, the ¢’-preimage of the basis elements with nonzero coefficients in
this linear combination is contained in the path from f’(z) to the root of 7”. Hence,
this preimage is contained in a path from the root of Tj to one of its leaves, say, u
This implies that € K, in 7', so f"”/(x) can be set to be u. The final case is that
x € Cp\Ca. Since x € Cp, the argument above yields that there exists a leaf u of T
such that x € K, in T”, and so f"’(x) can be set to be u.

For completeness, we check that the sets 4; \ Ca, B; \ Cp, Ca, and Cp \ Cy4 are
pairwise disjoint so that f”/(z) is never multiply defined. Observe that A; \ Cq =
A; \ K4 is disjoint from B; as A; N B; = K,,, C K4. Hence A; \ C4 is disjoint from
both B; \ Cp and Cp \ Ca C B;. Similarly, B; \ Cp = B; \ Kp is disjoint from
both A; \ C4 and Cy4. The remaining pairs are disjoint by definition, so indeed f” is
a well-defined function.

We next verify that the number of edges of T" is the rank of M, which is

dim A; +dim B; —dim A; N B; = dim 4; + dim B; — dim K,,, = dim A; 4+ dim B; — d.

Let (To,d,a,b,h) be the common i-frontier of (77, f',¢") and (T, f”,¢"). Observe
that dim A; N KA =d+aand dimB; N K4 = d + b. By Lemma 27, it holds that
S C A;UK4 or S C B;UK 4 for every branch S of T” that is not i-crossed. Hence, A;
is contained in the linear hull of the ¢g’-image of T/ and the dimension of this linear
hull is dim A; 4+ b. Since Im(g’) is a basis, the number of edges of T% is dim A; +b. A
symmetric argument yields that the number of edges of T is dim B; +a. The tree Tj
has d 4+ a + b edges since (Tp,d, a,b, h) is a frontier, so T" has

(dimA; +b) + (dim B; + a) — (d+a+b) =dim A; + dim B; — d

edges, as desired.

To finish the proof of the lemma, we need to show that (7", f) is a depth-
decomposition of M. To do so, we define a function ¢ such that (7", "', ¢"") is
an extended depth-decomposition of M. Let u be a nonroot vertex of T". If u is
a nonroot vertex of a branch S of 7' with S C A; U K4 that is not i-crossed, we
set ¢"”’(u) to be any nonzero vector of A; such that ¢'(u) — ¢’ (u) € Kau, i.e., the
vectors ¢'(u) and ¢’ (u) are the same in the space quotiened by K 4. Similarly, if u
is a nonroot vertex of a branch S of T” with S C B; U Kp that is not i-crossed, we
set ¢ (u) to be any nonzero vector of B; such that ¢’ (u) — ¢"'(u) € Kp. It remains
to define the mapping ¢’ for nonroot vertices of the tree Ty. Let v},...,vY be the
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vectors assigned to the vertices on the path from w; to the root in T, let v{, ... ,vg‘ be
the basis of the space L 4 as in the definition of the i-frontier of 77, and let v, ..., vf
be the basis of the space Lp as in the definition of the i-frontier of T”. If u is a non-
root vertex of T, we set g"”’(u) to be the linear combination of the vectors vf, ..., v},

it ol 0B o8 with coefficients h(u). Finally, let K., K!, and K!” be the
spaces K, defined for trees 77, T”, and T""; we need to make this distinction here
since the spaces K/, K|/, and K" may differ. Observe that for every nonroot vertex u
of Ty, the intersection of K/ and A, is the same as the intersection of K" and A;. The
choice of ¢’ for the vertices of T not contained in Tj implies that K/, NA; C K|'NA;
for every vertex u of T’ (indeed, even equality can be shown). Similarly, it holds that
KN B; C K" N B; for every vertex u of Tj.

It remains to show that every element x of M is a linear combination of the g'’-
image of the vertices on the path from f”/(z) to the root in 7"”’. Fix an element z of M.
If x € A;\Ca, let u be the vertex () = f'(x) and observe that = belongs to T (as
we have already established that f"/(z) is well-defined). Since K] NA; C K./ N A;,
it follows that x is contained in the linear hull of the ¢’”’-image of the vertices on the
path from f"’(z) to the root. If z € Cj4, the vertex f”'(z) is a leaf of Ty such that
x € K], (as we have already established that f"/(z) is well-defined). Since C4 C A;,
it follows that x € K], N A; C K|’ N A, and z is contained in the linear hull of the ¢"'-
image of the vertices on the path from f”/(x) to the root in T"’. The cases x € B;
and z € Cp \ C4 follow the same line of reasoning. 0

To prove the main result of this section, we will need the following auxiliary
lemma.

LEMMA 29. Let (T, f,g) be a principal extended depth-decomposition of a vector
matroid M with rank v, (us, As, Bi)icqo,....2r} @ transversal sequence for (T, f,g), and
(T, f',g") a solid extended depth-decomposition of M. The following holds for ev-
ery i € {0,...,2r}. Let Ty be the rooted tree of the i-frontier, K the linear hull of
the g'-image of the vertices of Ty, Ta the rooted tree obtained from T" by removing
all branches S with S C B; U K that are not i-crossed, ga the restriction of g’ to Ta,
and M 4 the vector matroid obtained from the restriction of M to the elements of A;
by adding the g'-image of the vertices of Ty (note that parallel elements may be added
to M4 by this operation). There exists a function fa from the elements of M4 to
the leaves of Ta such that the triple (Ta, fa,ga) is an extended depth-decomposition
Of MA.

Proof. We define f as follows. If x is contained in the restriction of M to the
elements of A; and f'(x) is a leaf of Ta, we set fa(z) to f/(x). If z is contained in
the restriction of M to the elements of A; but f'(x) is not a leaf of Ty, we set fa(z)
to any leaf u such that x € K,. Finally, if x is not contained in A;, then z = ¢'(v)
for a vertex v of Ty and we set fa(x) to any leaf descended from wv.

We need to argue that fa(z) is well-defined for every element x of M,. This is
clear unless z is contained in the restriction of M to the elements of A; and f'(z) is
not a leaf of T4. In such a case, Lemma 27 implies that f'(x) is a leaf of a branch S
with S C B; UK. It follows that the element z is contained in

AN(B,UK)=(A4NB)UANK)=K,, UANK)CK, UK =K.
Since the ¢g’-image of T} is a basis of K, the element z can be uniquely expressed as

a linear combination of the elements of the g’-image of Ty. Moreover, as (T”, f', ¢’) is
an extended depth-decomposition of M, the g’-preimage of the basis elements with
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nonzero coefficients in this linear combination is contained in the path from f'(z) to
the root of TV. The subpath of this path containing the preimage is also contained
in Ty, and so T contains a path from one of its leaves, say, u, to its root such that
the preimage is also contained in this path. It follows that « € K,, and f4(z) can be
set to u.

To complete the proof, we need to show that (T4, fa,g4) is an extended depth-
decomposition of the matroid M 4. Observe that for every leaf u of T4, the g-image
and g4-image of the vertices on the path from u to the root are the same. Hence,
the space K, is the same with respect to g and g4 and it follows that x € Ky, (4
for every element = of M 4. Finally, since M4 contains all elements of A; and a basis
of K and the g4-image of the vertices of T4 is a basis of the linear hull of A; U K, the
number of edges of T4 is the rank of M 4. It follows that (T4, fa,94) is an extended
depth-decomposition of the matroid M 4. 0

Before stating the main result of this section, we need to establish that the number
of frontiers for any fixed d is bounded.

LEMMA 30. For all integers d and D and any finite field F, there exist at most
dQDHD\F\(dD)Z choices of a rooted tree T of depth at most d, integers a and b, and
a mapping h from the nonroot vertices of T to FP+a+Y such that (T, D,a,b,h) is a
frontier.

Proof. We first show that there are at most d2*~! rooted trees T with k leaves and
depth at most d. Such a tree can be encoded as follows: enumerate the k leaves of T  in
the depth-first-search order. Let d; be the depth of the first leaf, and for i = 2,...,k,
let d; be the depth of the ith leaf and m; be the number of edges shared by the paths
from the root to the (i — 1)th and ith leaves. Note that the numbers dy, ..., d; and
ma, ..., mi determine the tree T'. Since each d; is a positive integer that is at most d
and each m; is a nonnegative integer that is at most d — 1, it follows that there are
at most d?*~! rooted trees T with k leaves and depth at most d. Summing over all
the choices k = 1,..., D, we obtain that there are at most d?” rooted trees with at
most D leaves and depth at most d.

Fix a tree T' with at most D leaves and depth at most d, and let m be the number
of edges of T. Note that m < dD, and D+ a+b = m if (T,D,a,b,h) is to be a
frontier. Hence, the integers a and b can be chosen in at most m < dD ways, and the
mapping & can be chosen in at most [F|™" < [F|(@P)* ways (although some of these
choices would not yield a frontier). It follows that the number of choices of a, b, and
h, when T is fixed (which determines d), is at most dD|F|(??)° We conclude that for
a fixed D, the number of frontiers (T, D, a, b, h) such that the depth T is at most d
does not exceed d2P+1 D|F|(@D)° O

We are now ready to prove the main theorem of this section.

THEOREM 31. For the parameterization by a positive integer d and a prime power q,
there exists a fized parameter algorithm that for a vector matroid M over the q-
element field either outputs that bd(M) is larger than d or outputs an extended depth-
decomposition of M with depth at most d.

Proof. We first apply the algorithm from Theorem 8. The algorithm either out-
puts that the branch-depth of M is larger than d or outputs a principal extended
depth-decomposition of M with depth at most 4%. If the former applies, we stop and
report that the branch-depth of M is larger than d. Otherwise, let (T, f,g) be the
principal extended depth-decomposition returned by the algorithm.
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Let r be the rank of the matroid M, (u;, Ai, B;)icqo,....2r} @ transversal sequence
for (T, f,g), and d; the depth of u; in T. For i = 0,...,2r, the algorithm iteratively
computes the list of all frontiers (Tp,d;, a,b, h) with depth at most d for which the
following hold:

e there exists a vector matroid M’ with rank dim A; + b such that the linear
hull of its elements is contained in £ (A; U B;),

e M’ contains the restriction of M to the elements of A;,

e the matroid M’ has an extended depth-decomposition (T4, f4, g4) with depth
at most d, and

e (Ty,d;,a,b,h) is yielded by the procedure for creating i-frontiers performed
on (Ta, fa,ga) with respect to (T, f,g) and (u;, A;, B}), where B} is the
intersection of the linear hull of the elements of M’ and B;. (Note that we
cannot formally take i-frontiers of (T4, fa,ga4) since (T, f, g) is not a depth-
decomposition of M'.)

If the branch-depth of M is at most d, then M has a solid extended depth-
decomposition with depth bd(M) by Theorem 26 and the list is nonempty for every i =
0,...,2r by Lemma 29. By Lemma 30, the size of the list computed in the ith iteration
does not exceed dzdl'“di|IF|<ddi)2 and is therefore bounded by a function of d and |F|
only (since d; < 4% for every i). We emphasize that (Tp,d;,a,b, h) is not required to
be an i-frontier of M’ with respect to a principal depth-decomposition of M’.

We now describe the iterations of the algorithm in detail. For ¢ = 0, the list
of frontiers contains a single element (R,0,0,0,h), where R is the rooted tree that
contains the root only and h is the null function. Hence, assume that ¢ > 0 and
we have already computed the list for ¢ — 1. The iteration of the algorithm differs
according to whether u; is the parent or a child of u;_;.

We start with the case where u; is the parent of u;_1. Then the depth of u;_1
is d; + 1, and the following is performed for every frontier (Ty,d; + 1,a, b, h) in the list
from the previous iteration:

e If h is d;-matchable, we add (Tp, d;,a+1,b, k') to the list for the ith iteration,
where h' is a mapping from the nonroot vertices of Tj obtained from h by
changing the (d; + 1)th coordinate into an A-coordinate and applying an
invertible linear transformation to the a + 1 A-coordinates, i.e., we fix such a
linear transformation L and set h'(v) = L(h(v)) for all vertices v of Tj.

e For every leaf v of Tj) such that the linear hull of the h-image of the vertices
from v to the root contains the (d; + 1)th unit vector, we proceed as follows.
Let T} be the tree obtained by removing the path from v to the first ancestor
with at least two children, or to the root if there is no such ancestor. Let ¢ be
the number of edges on this path, and let A’ be the restriction of h to the non-
root vertices of Tj. If A’ is d;-matchable and the linear hull of Im(h') restricted
to the last b coordinates has dimension b, we add (T{,d;,a+ 1 —¢,b, k") to
the list for the ith iteration, where h” is a mapping from the nonroot vertices
of T} to Fditatl=ctb ghtained from A’ by changing the (d; + 1)th coordinate
into an A-coordinate and applying any full rank linear transformation L :
Fotl 5 Fatl=c to its a + 1 A-coordinates.

We next describe the case that wu; is a child of u;_1; note that d; = d;_1 + 1 in this
case. Let X; be the set of d;-dimensional vectors that formed by d; coordinates of
the elements of M contained in K, expressed with respect to the basis formed by
the g-image of the vertices on the path from the root of T to u; (in this order). The
following is performed for every frontier (Tp,d; — 1, a, b, h) in the list from the previous
iteration:
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e For every invertible linear transformation L of the B-coordinates of h and
every leaf v of Tj such that the linear hull of the L(h)-image of the vertices
on the path from v to the root contains the (d; — 1 4+ a + b)th unit vector, we
proceed as follows. Let h’ be the mapping obtained from L(h) by changing
the last coordinate into a new d;th coordinate. If for every x € X; there exists
a vertex v’ of Ty such that z is contained in the linear hull of the h’-image
of the vertices on the path from v’ to the root of Ty restricted to the first d;
coordinates, we add (Tp, d;,a,b— 1,h’) to the list for the ith iteration.

e For every rooted tree T}, obtained from Ty by adding a new leaf v joined by
a path with ¢ > 1 edges to Ty in a way that the depth of Tj is at most d, we
proceed as follows. Let h’ be the mapping obtained from A by adding new c
zero B-coordinates and extending it to each vertex on the newly added path
by mapping the vertex to one of the unit vector for the new coordinates in
a way that the dimension of of the h’-image is d; + a + b+ ¢ — 1. We next
consider all invertible linear transformations L of the b + ¢ B-coordinates
such that the L(h’)-image of the vertices on the path from v to the root
contains the (d; + a+ b+ c¢— 1)th unit vector, and, for each such L, we obtain
the mapping h” from L(h’) by turning the last coordinate into a new d;th
coordinate. If for every x € X; there exists a vertex v’ of Tjj such that z is
contained in the linear hull of the h”-image of the vertices on the path from v’
to the root of T} restricted to the first d; coordinates, we add (T§,d;,a,b +
¢ —1,h") to the list for the ith iteration.

The inspection of the steps of the algorithm yields that if (Ty, d;, a,b, h) is added to
the list in the ith iteration, then h is d;-matchable and the dimension of the h-image
is d;+a+b. Hence, the computed list of frontiers in the ith iteration contains exactly
the frontiers described at the beginning of the proof.

As we have already argued, if the branch-depth of M is at most d, the list of
frontiers is nonempty in all iterations. In particular, if the list becomes empty, we
stop and report that the branch-depth of M exceeds d. Hence, we assume that
the list is nonempty in all iterations. If the final list is nonempty, it contains a single
element (Ty, dar, a2y, bar, hor) = (R,0,0,0, h) where R is the rooted tree that contains
the root only and h is the null mapping. We now define (7}, d;, a;, b;, h;) for all i =
0,...,2r by tracing back the lists of frontiers for i = 2r,2r—1,..., 1: if (T}, d;, a;, b;, h;)
was added to the list in the iteration 4, then let (T;_1,d;—1,a;-1,b;—1,h;—1) be a
frontier that triggered (T3, d;, a;, b;, h;) to be added to the list.

We next use this sequence of frontiers to construct an extended depth-decompo-
sition of depth at most d. We first define inductively for i = 0, ..., 27 linear maps h}¥
from F4+% to the linear hull of the elements of M. The mapping héw is the null
mapping (note that do + agp = 0). If u; is a child of u;_1, we obtain hM from M,
by inserting the d;th coordinate, mapping the d;th unit vector to g(u;), and ex-
tending linearly to F%*%: If u, is the parent of u;_1, there exists a linear mapping L
from Fdi-1tai-1 to Fditai guch that the restriction of h; to the first d; +a; coordinates
is the L-transformation of the restriction of h;_; to the first d;_1 4+ a;_1 coordinates;
we set h to be the L-transformation of h |, ie., hM = L(hM)).

As the next step, we define inductively for i = 0,...,2r rooted trees TM such
that TM contains T} as a subtree, and mappings g™ from the vertices of T that
are not contained in 7; to the linear hull of the elements of M. The tree Tj7 is the
rooted tree that contains the root only and g}/ is the null mapping. If T; = T;_,
we set TM = TM and g™ = gM,. Otherwise, we proceed as follows. If u; is
a child of w;_1, then T; has been constructed from 7T;_; by attaching a path to

© 2022 Timothy F. Chan, Jacob W. Cooper, Martin Kouteck'y, Daniel Krdl, and Krist'yna Pekérkova



Downloaded 05/23/23 to 84.19.66.32 by Martin Koutecky (alquaknaa@gmail.com). Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy

696 CHAN, COOPER, KOUTECKY, KRAL, AND PEKARKOVA

one of its vertices, so we obtain T/ by attaching a path of the same length to the
corresponding vertex of TM, and set g™ = gM,. If u; is the parent of u;_1, we
set TM = TM, and define gM(v) = gM,(v) for vertices v of T, not contained
in T, and gM (v) = hM, (h;_1(v)) for vertices v of T;_1 not contained in T;. Observe
that T, is a subtree of TM and gM, is a restriction of gM for all i = 1,...,2r.
Furthermore, the depth of all trees T, i = 0,...,2r, is at most d, and the number
of edges of TM is dim A; + b; for every i = 0,...,2r.

We now establish the existence of a mapping fM such that (TJ, M g)) is
an extended depth-decomposition of M. Let x be an element of M and let i be
the smallest index such that z € K,,,. It follows that w;,_; is the parent of u,; and
x € Ky, \ Ky,_,. Since (T;,d;,a;,b;, hi) was included in the list in the iteration i,
there exists a vertex v of T; such that the linear hull of the h;-image of the vertices
on the path from v to the root of T; contains the vector defined by the d; coordinates
of = with respect to the basis formed by the g-image of the vertices on the path from
the root to u; in T' (in this order). The definition of g™ and the construction of the
list of frontiers imply that the the linear hull of the g!-image of the vertices of the
path from v to the root of T; contains z. Hence, f (v) can be chosen to be any leaf
descendant of v in T

We have shown that if the final list is nonempty, the matroid M has an extended
depth-decomposition of depth at most d. Since the trees TiM and the mappings hf‘/[
and g can be constructed algorithmically, the extended depth-decomposition (T2, fM
g3%) can also be constructed algorithmically. Finally, observe that the number of itera-
tions in the algorithm is twice the rank of M, the size of the list computed in each iter-
ation is bounded by a function of d and ¢ only, and the number of steps needed for each
element of these lists to be processed is bounded by a function of d and ¢ times a poly-
nomial in the size of M. Specifically, each list has at most d2*"" +14dg(#4")* = 429
elements and the number of steps needed to process each of their elements is bounded
by a polynomial in the size of M times ¢(44)” = ¢2°“”. Hence the presented algorithm
is a fixed parameter algorithm for parameterization by d and q. 0

Theorems 20 and 31 yield the following corollary.

COROLLARY 32. For the parameterization by a positive integer d and a prime
power q, there exists a fixed parameter algorithm that for a vector matroid M over
the g-element field either outputs that bd(M) is larger than d or computes bd(M) and
outputs an extended depth-decomposition with this depth such that every branch is at
capacity.

8. Algorithm for rational matrices. In this section, we adopt the algorithm
presented in section 7 to matroids over rationals. We start with an auxiliary lemma
on linear combinations appearing in extended depth-decompositions. We remark that
the bound of 22¢~! in Lemma 33 can be replaced with d - 2¢~! using a slightly more
careful analysis.

LEMMA 33. Let M be a vector matroid and (T, f) a depth-decomposition of M
with depth d such that every branch is at capacity. There ezists a mapping g such
that (T, f, g) is an extended depth-decomposition of M and every element of Im(g) is
a linear combination of at most 22471 elements of M.

Proof. We show that it is possible to choose a mapping g in such a way that
the g-image of a vertex at depth i > 0 is a linear combination of at most 2¢+i~1
elements of M. Let ug,...,ur be the vertices on the path from the root of T to a leaf,
in that order. Let i9 < --- < iy be the sequence of indices such that ig = 0, iy = k,
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and u;,,...,u;, , are exactly the vertices among uq,...,ui—1 that have at least two
children. By Lemma 17, each K, , 7 =0,...,¥¢, is the same for any function g such

J

that (T, f,g) is an extended depth-decomposition of M. Let L; be this space, which
has dimension i; and is determined by the choice of T" and f only, and note that the
elements g(u;;_,11),-..,9(ui;) always form a basis of L;/L; 1. We will establish that
it is possible to choose these elements in such a way that g(u;), ¢ = 1,...,k, is a linear
combination of at most 297! elements of M.

Suppose that we have already fixed g(u1),...,g(u;—1), and let j be the smallest
index such that ¢ < i;. Note that dimL; > ¢ — 1. If i; = k, then L;/L;_; is the
linear hull of the elements in f~'(u) quotioned by L;_; and so we choose g(u;) to
be any element of f~!(uz) that is linearly independent of g(uy),...,g(u;_1). Hence,
we assume that ¢; < k in the rest of the proof.

Let K be the linear hull of g(uq),...,g(u;—1), and let C' be the at most (1 4+
oo 20712471 = (28 — 1)29-! elements of M appearing in the linear combinations
used to express g(u1),...,g(ui—1). Consider any two branches rooted at u;; and let A
and B be the f-preimages of the leaves of the two branches. By Lemma 17, L; is
the intersection of the linear hulls of AU L;_; and B U L;_;. Since the linear hulls
of AUL;_; and AU K are the same, and the linear hulls of BU L;_; and BU K are
the same, L; is also the intersection of the linear hulls of AU K and BU K. Since the
dimension of L; is larger than dim K = ¢ — 1, K is a proper subspace of L; and so
the matroid (M/K)[AU B] contains a circuit X such that both X N A and X N B are
nonempty. Hence, L; \ K contains a nonzero element w that is a linear combination
of the elements of (X NA) UK C (XN A)UL(C) and also a linear combination of
the elements of (X N B) UK C (X N B)UL(C). By Proposition 5, every circuit
of M contains at most 2% elements, and since every circuit of M/K is a subset of a
circuit of M, we can by symmetry assume that |X N A| < 2¢-1. Hence, w is a linear
combination of at most 247*~1 elements of M contained in (X N A) U C and we can
set g(u;) to be the vector w. |

The next lemma allows us to convert a representation of a matroid with small
branch-depth over the rational numbers to a representation of an isomorphic matroid
over a finite field.

LEMMA 34. There exists an algorithm such that
e the input of the algorithm is an integer d > 1 and a matroid M represented
over Q such that all entries of the vectors in the representation are integers
between —K and +K,
e the running time of the algorithm is polynomial in the number of elements
of M and log K, and
e the algorithm either outputs that the branch-depth of M is larger than d or

gd+1 _od+2

computes a matroid M' represented over Fy for some ¢ < K? 22 , along

with an isomorphism between M and M’.

Proof. We describe how the algorithm from the statement of the lemma proceeds.
First, the algorithm from Theorem 8 is invoked for the input matroid M and an inte-
ger d. If the algorithm outputs that the branch-depth of M is larger than d, then we
stop and report this. Otherwise, we obtain a principal depth-decomposition (T, f, g)
of M with depth at most 4%. For each element 2 € M, we compute its represen-
tation z’ with respect to the basis Im(g). Note that all entries of the vector =’ are
zero except for those that correspond to the g-image of the vertices on the path
from f(z) to the root. Hence, computing the entries of a’ requires solving a system
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of at most 4¢ equations with integer coefficients between —K and +K, which implies
that the fractions appearing as the entries of 2’ have both numerator and denominator
at most (K 4d)4d by Cramer’s rule. We define ¢(x) to be the integer vector obtained
from 2’ by multiplying all its entries by the least common multiple of the denomina-
tors of the fractions that form the entries of 2’. Since the vector 2’ has at most 4¢
nonzero entries, all entries of ¢(z) are between —K’ and K’ where K’ = (K4d)42d.

d
Let ¢ be any prime larger than (2K’ 24d)24 and consider the vector matroid M’
over F, formed by the vectors Im(¢). Note that there exists such a prime ¢ that is at

most 2-(2K’24d)24d < K292 Observe that (T, f',¢’) is a depth-decomposition
of M' where f'(p(z)) is set to f(x) and ¢’(v) is the unit vector whose nonzero coor-
dinate corresponds to g(v). Indeed, the only nonzero coordinates of the vector (z)
are those corresponding to the g-images of the vertices on the path from f(z) to the
root. We conclude the branch-depth of M’ is at most 4¢.

It is well-known that if a set of integer vectors is linearly dependent over Q, then
it is linearly dependent over any finite field; in particular, if X is a linearly dependent
set of elements of M, then ¢(X) is linearly dependent over F,. On the other hand,
the choice of ¢ yields that if X is an independent set of at most 24" elements of M ,
then ¢(X) is independent over F,. Since the branch-depths of both M and M’ are at
most 4¢, neither M nor M’ has a circuit with more than 24" elements by Proposition 5.
Hence, the matroids M and M’ have the same set of circuits. It follows that the
matroids M and M’ are isomorphic and ¢ is an isomorphism between them. 0

Using Lemmas 33 and 34, we prove the main theorem of this section.

THEOREM 35. For the parameterization by positive integers d and K, there exists
a fixed parameter algorithm that, for a vector matroid M over Q such that the entries
of all vectors in M are between —K and +K, either outputs that bd(M) is larger
than d, or computes bd(M) and outputs an extended depth-decomposition (T, f,g)
of M with depth bd(M). Moreover, the entry complexity of the vectors in Im(g) is
bounded by a function of d and K.

Proof. Fix integers d and K. We first run the algorithm from Lemma 34 that
either outputs that the branch-depth of M is larger than d or outputs a matroid M’

d+1 d+2
with a representation over F, for ¢ < K 2" 92 that is isomorphic to M and an

isomorphism ¢ between M and M’. Hence, we can use the algorithm from Corol-
lary 32 to decide whether the branch-depth of M’ is at most d and, if so, to construct
a depth-decomposition (T, f’) of depth bd(M’) such that every branch of T is at
capacity. If the branch-depth of M’ exceeds d, then the branch-depth of M also
exceeds d, so we stop and report this. Otherwise, (T, f) is a depth-decomposition
of depth bd(M) = bd(M’) where f is obtained from f’ using the isomorphism be-
tween M and M’ ie., f(z) = f'(p(z)) for every element x of M. We now use the
procedure described in the proof of Lemma 33 to compute a function g such that
(T, f,g) is an extended depth-decomposition of M. Since computations given in the
proof of Lemma 33 involve solving systems of equations with at most 224~ variables,
the entry complexity of the vectors in Im(g) is bounded by O(d22?log K). |

Theorem 35 implies Theorem 3 as follows.

Proof of Theorem 3. Let M be the matroid formed by columns of A. The al-
gorithm from Theorem 35 either reports that bd(A) > d or outputs an extended
depth-decomposition (T, f,g) of M with branch-depth bd(A) such that the entry
complexity of Im(g) is bounded by a function of d and K. Let A’ be the matrix from
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Theorem 15. Since each element = of the matroid M is a linear combination of at
most bd(A4) < d elements from Im(g), which are those forming the g-image of the
vertices on the path from f(z) to the root of T, each entry of the matrix A’ can be
obtained by solving a system of at most d linear equations where the entry complexity
of the coefficients and the right-hand side is bounded by O(d22?log K). Hence, the
entry complexity of A’ is bounded by O(d?22¢log K). 0
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Abstract

An intensive line of research on fixed parameter tractability of integer programming
is focused on exploiting the relation between the sparsity of a constraint matrix A
and the norm of the elements of its Graver basis. In particular, integer programming
is fixed parameter tractable when parameterized by the primal tree-depth and the
entry complexity of A, and when parameterized by the dual tree-depth and the entry
complexity of A; both these parameterization imply that A is sparse, in particular, the
number of its non-zero entries is linear in the number of columns or rows, respectively.
We study preconditioners transforming a given matrix to a row-equivalent sparse
matrix if it exists and provide structural results characterizing the existence of a sparse
row-equivalent matrix in terms of the structural properties of the associated column
matroid. In particular, our results imply that the £ -norm of the Graver basis is bounded
by a function of the maximum ¢ -norm of a circuit of A. We use our results to design
a parameterized algorithm that constructs a matrix row-equivalent to an input matrix
A that has small primal/dual tree-depth and entry complexity if such a row-equivalent
matrix exists. Our results yield parameterized algorithms for integer programming
when parameterized by the ¢;-norm of the Graver basis of the constraint matrix,
when parameterized by the £{-norm of the circuits of the constraint matrix, when
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parameterized by the smallest primal tree-depth and entry complexity of a matrix
row-equivalent to the constraint matrix, and when parameterized by the smallest dual
tree-depth and entry complexity of a matrix row-equivalent to the constraint matrix.

Keywords Integer programming - Width parameters - Matroids - Graver basis -
Tree-depth - Fixed parameter tractability

Mathematics Subject Classification 90C10 - 05B35 - 90C27

1 Introduction

Integer programming is a problem of fundamental importance in combinatorial opti-
mization with many theoretical and practical applications. From the computational
complexity point of view, integer programming is very hard: it is one of the 21 prob-
lems shown to be NP-complete in the original paper on NP-completeness by Karp
[37] and remains NP-complete even when the entries of the constraint matrix are zero
and one only. On the positive side, Kannan and Lenstra [35, 45] showed that integer
programming is polynomially solvable in fixed dimension, i.e., with a fixed number
of variables. Another prominent tractable case is when the constraint matrix is totally
unimodular, i.e., all determinants of its submatrices are equal to 0 or &1, in which case
all vertices of the feasible region are integral and so linear programming algorithms
can be applied.

Integer programming (IP) is known to be tractable for instances where the constraint
matrix of an input instance enjoys a certain block structure. The two most important
cases are the cases of 2-stage IPs due to Hemmecke and Schultz [27], further investi-
gated in particular in [1, 13, 31, 39, 40, 44], and n-fold IPs introduced by De Loera et
al. [15] and further investigated in particular in [11, 12, 19, 26, 34, 44]. IPs of this kind
appear in various contexts, see e.g. [32, 41, 42, 48]. These (theoretical) tractability
results complement well a vast number of empirical results demonstrating tractability
of instances with a block structure, e.g. [2—4, 22, 23, 38, 49-51].

There tractability results on IPs with sparse constraint matrices can be unified
and generalized using depth and width parameters of graphs derived from constraint
matrices. Ganian and Ordyniak [24] initiated this line of study by showing that IPs with
bounded primal tree-depth td p (A) of a constraint matrix A and bounded coefficients
of the constraint matrix A and the right hand side b can be solved efficiently. Levin,
Onn and the second author [44] widely generalized this result by showing that IPs with
bounded || A||» and bounded primal tree-depth td p (A) or dual tree-depth tdp(A) of
the constraint matrix A can be solved efficiently; such IPs include 2-stage IPs, n-fold
IPs, and their generalizations.

Most of the existing algorithms for IPs assume that the input matrix is already
given in its sparse form. This is a substantial drawback as existing algorithms cannot
be applied to instances that are not sparse but can be transformed to an equivalent
sparse instance. For example, the matrix in the left below, whose dual tree-depth is 5,
can be transformed by elementary row operations to the matrix with dual tree-depth
2 given in the right; a formal definition of tree-depth is given in Sect. 2.1, however,
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just the visual appearance of the two matrices indicates which is likely to be more
amenable to algorithmic techniques.

2212131 2101121
2111211 0110010
2222221 — 1000000
2112211 0001000
2212132 0000201

This transformation is an example of a preconditioner that transforms an instance of
integer programming to an equivalent one that is more amenable to existing methods
for solving integer programming and whose existence we investigate in this paper.

Preconditioning a problem to make it computationally simpler is a ubiquitous pre-
processing step in mathematical programming solvers. An interesting link between
matroid theory and preconditioners to sparsity of matrices was exhibited by Chan and
Cooper together with the second, third and fourth authors [8, 9]. In particular, they
proved the following structural characterization of matrices that are row-equivalent,
i.e., can be transformed by elementary row operations, to a matrix with small dual tree-
depth: a matrix is row-equivalent to one with small dual tree-depth if and only if the
column matroid of the matrix has small contraction*-depth (see Theorem 1 below).
In this paper, we further explore this uncharted territory by providing a structural
characterization of matrices row-equivalent to matrices with small primal tree-depth,
designing efficient algorithms for finding preconditioners with respect to both primal
and dual tree-depth, and relating complexity of circuits and Graver basis of constraint
matrices.

1.1 Our contribution

We now describe the results presented in this paper in detail. We opted not to interrupt
the presentation of our results with various notions, some of which may be standard
for some readers, and rather collect all definitions in a single section—Sect.2. We
remark that the primal tree-depth of a matrix A is a structural parameter that measures
the complexity of interaction between the columns of A, and the dual tree-depth of a
matrix A measures the complexity of interaction between the rows of A.

1.1.1 Characterization of depth parameters

Observe that the column matroid of the matrix is preserved by row operations, i.e.,
the column matroid of row-equivalent matrices is the same. The main structural result
of [8, 9] is the following characterization of the existence of a row-equivalent matrix
with small dual tree-depth in terms of the structural parameter of the column matroid
[8, Theorem 1]. We remark that the term branch-depth was used in [8, 9] in line with
the terminology from [36] but as there is a competing notion of branch-depth [16], we
decided to use a different name for this depth parameter throughout the paper to avoid
confusion.
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Theorem 1 For every non-zero matrix A, it holds that the smallest dual tree-depth
of a matrix row-equivalent to A is equal to the contraction®-depth of M(A), i.e.,
td3 (A) = cd(A).

We discover structural characterizations of the existence of a row-equivalent matrix
with small primal tree-depth and the existence of a row-equivalent matrix with small
incidence tree-depth.

Theorem 2 For every matrix A, it holds that the smallest primal tree-depth of a matrix
row-equivalent to A is equal to the deletion-depth of M(A), i.e., tdji, (A) =dd(A).

Theorem 3 For every matrix A, it holds that the smallest incidence tree-depth of a
matrix row-equivalent to A is equal to contraction*-deletion-depth of M (A) increased
by one, i.e., td}(A) = cdd(A) + L

1.1.2 Interplay of circuit and graver basis complexity

Graver bases play an essential role in designing efficient algorithms for integer pro-
gramming. We show that the maximum £-norm of a circuit of a matrix A and the
maximum ¢ -norm of an element of the Graver basis of A, which are denoted by c1(A)
and g1 (A), respectively, are functionally equivalent.

Theorem 4 There exists a function fi : N — N such that the following holds for every
rational matrix A with dimker A > 0:

c1(A) = g1(A) = fi(ci1(A)).

The parameter c1(A) can be related to dual tree-depth and entry complexity as
follows (we have opted throughout the paper to use entry complexity rather than
[|Alloo as this permits to formulate our results for rational matrices rather than integral
matrices, which is occasionally more convenient).

Theorem 5 Every rational matrix A withdim ker A > 0 is row-equivalent to a rational
matrix A’ with tdp(A’) < c1(A)? and ec(A’) < 2[log,(c1(A) + 1)].

Our results together with Theorem 9 imply that the following statements are equiv-
alent for every rational matrix A:

— The £1-norm of every circuit of A, i.e., ¢ (A), is bounded.

— The ¢;-norm of every element of the Graver basis of A, i.e., g{(A), is bounded.

— The matrix A is row-equivalent to a matrix with bounded dual tree-depth and
bounded entry complexity.

— The contraction™-depth of the matroid M (A) is bounded, and the matrix A is row-
equivalent to a matrix with bounded entry complexity (with any dual tree-depth).
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1.1.3 Algorithms to compute matrices with small depth parameters

We also construct parameterized algorithms for transforming an input matrix to a row-
equivalent matrix with small tree-depth and entry complexity if one exists. First, we
design a parameterized algorithm for computing a row-equivalent matrix with small
primal tree-depth and small entry complexity if one exists.

Theorem 6 There exists a function f : N> — N and a fixed parameter algorithm for
the parameterization by d and e that for a given rational matrix A:

— either outputs that A is not row-equivalent to a matrix with primal tree-depth at
most d and entry complexity at most e, or

— outputs a matrix A’ that is row-equivalent to A, its primal tree-depth is at most d
and entry complexity is at most f(d, e).

The following algorithm for computing a row-equivalent matrix with small dual
tree-depth was presented in [8, 9].

Theorem 7 There exists a function f : N> — N and a fixed parameter algorithm
for the parameterization by d and e that for a given rational matrix A with entry
complexity at most e:

— either outputs that A is not row-equivalent to a matrix with dual tree-depth at most
d, or

— outputs a matrix A’ that is row-equivalent to A, its dual tree-depth is at most d
and entry complexity is at most f(d, e).

We improve the algorithm by replacing the parameterization by the entry complexity
of an input matrix with the parameterization by the entry complexity of the to be
constructed matrix. Note that if a matrix A has entry complexity e and is row-equivalent
to a matrix with dual tree-depth d, then Theorem 7 yields that A is row-equivalent to
a matrix with dual tree-depth d and entry complexity bounded by a function of d and
e. Hence, the algorithm given below applies to a wider set of input matrices than the
algorithm from Theorem 7.

Theorem 8 There exists a function f : N> — N and a fixed parameter algorithm for
the parameterization by d and e that, for a given rational matrix A:

— either outputs that A is not row-equivalent to a matrix with dual tree-depth at most
d and entry complexity at most e, or

— outputs a matrix A’ that is row-equivalent to A, its dual tree-depth is at most d
and entry complexity is at most f(d, e).

We point out the following difference between the cases of primal and dual tree-
depth. As mentioned, if a matrix A has entry complexity e and is row-equivalent to a
matrix with dual tree-depth d, then A is row-equivalent to a matrix with dual tree-depth
d and entry complexity bounded by a function of d and e. However, the same is not
true in the case of primal tree-depth. The entry complexity of every matrix with primal
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tree-depth equal to one that is row-equivalent to the following matrix A is linear in
the number of rows of A, quite in a contrast to the case of dual tree-depth.

1200 --- 0000
012 -+ 0000
0012 .---0000

(e

000 - 1200

0 -
0000 ---0120
0000 --- 0012

1.1.4 Fixed parameter algorithms for integer programming

One of the open problems in the area, e.g. discussed during the Dagstuhl workshop
19041 “New Horizons in Parameterized Complexity”, has been whether integer pro-
gramming is fixed parameter tractable when parameterized by g;(A), i.e., by the
£1-norm of an element of the Graver basis of the constraint matrix A. Our results on
the interplay of dual tree-depth, the circuit complexity and the Graver basis complexity
of a matrix yield an affirmative answer. The existence of appropriate preconditioners
that we establish in this paper implies that integer programming is fixed parameter
tractable when parameterized by

e g21(A),i.e., the £1-norm of the Graver basis of the constraint matrix,

e ¢1(A), i.e., the £;-norm of the circuits of the constraint matrix,

° td’;, (A) and ec(A), i.e., the smallest primal tree-depth and entry complexity of a
matrix row-equivalent to the constraint matrix, and

e td},(A) and ec(A), i.e., the smallest dual tree-depth and entry complexity of a
matrix row-equivalent to the constraint matrix.

We believe that our new tractability results significantly enhance the toolbox of
tractable IPs as the nature of our tractability conditions substantially differ from
prevalent block-structured sparsity-based tractability conditions. The importance of
availability of various forms of tractable IPs can be witnessed by n-fold IPs, which were
shown fixed-parameter tractable in [26], and, about a decade later, their applications
have become ubiquitous, see e.g. [6, 7, 10, 11, 28, 32, 33, 42, 43].

1.1.5 Hardness results

As our algorithmic results involve computing depth decompositions of matroids for
various depth parameters in a parameterized way, we establish computational hardness
of these parameters in Theorem 12, primarily for the sake of completeness of our
exposition. In particular, computing the following matroid parameters is NP-complete:

e deletion-depth,
e contraction-depth,
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e contraction-deletion-depth,
e contraction*-depth, and
e contraction*-deletion-depth.

2 Preliminaries

In this section, we fix the notation used throughout the paper. We start with general
notation and we then fix the notation related to graphs, matrices and matroids.

The set of all positive integers is denoted by N and the set of the first k positive
integers by [k]. If A is a linear space, we write dim A for its dimension. If K is a
subspace of A, the quotient space A/K is the linear space of the dimension dim A —
dim K that consists of cosets of A given by K with the natural operations of addition
and scalar multiplication; see e.g. [25] for further details. The quotient space A/K
can be associated with a linear subspace of A of dimension dim A — dim K formed
by exactly a single vector from each coset of A given by K; we will often view the
quotient space as such a subspace of A and write w + K for the coset containing a
vector w. For example, if A is R and K is the linear space generated by (0, 0, 1),
A/K can be associated with (or viewed as) the 2-dimensional space formed by vectors
(x,y,0),x,y e R.

2.1 Graphs

All graphs considered in this paper are loopless simple graphs unless stated otherwise.
If G is a graph, then we write V(G) and E(G) for the vertex set and the edge set of G,
respectively. If W is a subset of vertices of a graph G, then G \ W is the graph obtained
by removing the vertices of W (and all edges incident with them), and G[W] is the
graph obtained by removing all vertices not contained in W (and all edges incident
with them). If F is a subset of edges of a graph G, then G \ F is the graph obtained by
removing the edges contained in F and G/ F is the graph obtained by contracting all
edges contained in F' and removing resulting loops and parallel edges (while keeping
one edge from each group of parallel edges).

We next define the graph parameter tree-depth, which is the central graph parameter
in this paper. The height of a rooted tree is the maximum number of vertices on a path
from the root to a leaf, and the height of a rooted forest, i.e., a graph whose each
component is a rooted tree, is the maximum height of its components. The depth of
a rooted tree is the maximum number of edges on a path from the root to a leaf, and
the depth of a rooted forest is the maximum depth of its components. Note that the
height and the depth of a rooted tree always differ by one; we use both notions to avoid
cumbersome way of expressing that would otherwise require adding or subtracting
one. The closure c1(F) of arooted forest F is the graph obtained by adding edges from
each vertex to all its descendants. Finally, the tree-depth td(G) of a graph G is the
minimum height of a rooted forest F' such that the closure cl(F') of the rooted forest F
contains G as a subgraph. See Fig. 1 for an example. It can be shown that the path-
width, and so the tree-width, of any graph is at most its tree-depth decreased by one;
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Fig. 1 A rooted forest F' consisting of a single tree and its closure cl(F), which shows that tree-depth of
the depicted graph G is (at most) four

see e.g. [14] for a more detailed discussion of the relation of tree-depth, path-width
and tree-width, and their algorithmic applications.

2.2 Matroids

We next review basic definitions from matroid theory; we refer to the book of Oxley
[46] for detailed exposition. A hereditary collection of subsets of a set is a collection
closed under taking subsets; in particular, every non-empty hereditary collection of
subsets contains the empty set. A matroid M is a pair (X, Z7), where 7 is a non-empty
hereditary collection of subsets of X that satisfies the augmentation axiom, i.e., if
X' € Z, X" € T and |X'| < |X"|, then there exists an element x € X” \ X’ such
that X’ U {x} € Z. The set X is the ground set of M and the sets contained in Z
are referred to as independent. We often refer to elements of the ground set of M
to as elements of the matroid M, and if e is an element of (the ground set of) M,
we also write e € M. Two important examples of matroids are vector matroids and
graphic matroids. A vector matroid is a matroid whose ground set is formed by vectors
and independent sets are precisely sets of linearly independent vectors (note that the
augmentation axiom follows from the Steinitz exchange lemma). A graphic matroid
is a matroid whose ground set is formed by edges of a graph and independent sets are
precisely acyclic sets of edges, i.e., sets not containing a cycle.

The rank of asubset X’ of the ground set X, which is denoted by rj; (X”) or simply by
r(X') if M is clear from the context, is the maximum size of an independent subset of X’
(it can be shown that all maximal independent subsets of X’ have the same cardinality);
the rank of the matroid M, which is denoted by r (M), is the rank of its ground set.
Note that in the case of vector matroids, the rank of X’ is exactly the dimension of
linear space generated by X’. A basis of a matroid M is a maximal independent subset
of the ground set of M and a circuit is a minimal subset of the ground set of M that
is not independent. In particular, if X’ is a circuit of M, then r(X') = |X’| — 1 and
every proper subset of X’ is independent. An element x of a matroid M is a loop if
r({x}) = 0, an element x is a bridge if it is contained in every basis of M, and two
elements x and x" are parallel if r({x}) = r({x’}) = r({x,x’}) = 1. Note that in
the case of vector matroids, two non-loop elements are parallel if and only if they
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are non-zero multiple of each other. If M is a matroid with ground set X, the dual
matroid, which is denoted by M*, is the matroid with the same ground set X such
that X’ € X is independent in M* if and only if r3;(X \ X’) = r(M); in particular,
ry=(X) =ry (X \ X)) + |X'| — r(M) for every X’ C X.

For a field F, we say that a matroid M is F-representable if every element of M
can be assigned a vector from F"™) in such a way that a subset of the ground set of
M is independent if and only if the set of assigned vectors is linearly independent. In
particular, an element of M is a loop if and only if it is assigned the zero vector and
two non-loop elements of M are parallel if and only if they are non-zero multiples
of each other. Such an assignment of vectors of F"*) to the elements of M is an
F-representation of M. Clearly, a matroid M is F-representable if and only if it is
isomorphic to the vector matroid given by its F-representation. Matroids representable
over the 2-element field are referred to as binary matroids. We say that a matroid M
is F-represented if the matroid M is given by its [F-representation. If a particular field
F is not relevant in the context, we just say that a matroid M is represented to express
that it is given by its representation.

Let M be a matroid with a ground set X. The matroid kM for k € N is the matroid
obtained from M by introducing k — 1 parallel elements to each non-loop element
and k — 1 additional loops for each loop; informally speaking, every element of M
is “cloned” to k copies. Note that a subset X’ of the elements of kM is independent
if and only if it does not contains two clones of the same element and the set of the
elements of M corresponding to those contained in X’ is independent. Observe that
if M is a vector matroid, then kM is the vector matroid obtained by adding k — 1
copies of each vector forming M. Similarly, if M is a graphic matroid associated with
a graph G, then kM is the graphic matroid obtained from the graph G by duplicating
each edge k — 1 times.

If X’ C X, then the restriction of M to X’, which is denoted by M [X ! ], is the
matroid with the ground set X’ such that a subset of X’ is independent in M [X'] if
and only if it is independent in M. In particular, the rank of M [X’] is 7y (X"). For
example, if M is a graphic matroid associated with a graph G, then the restriction of
M to X' is the graphic matroid associated with the spanning subgraph of G with edge
set X’. The matroid obtained from M by deleting X' is the restriction of M to X \ X’
and is denoted by M \ X'.

The contraction of M by X’, which is denoted by M /X', is the matroid with the
ground set X \ X’ such that a subset X” of X \ X’ is independent in M /X’ if and
only if rys (X" U X" = | X"| + rp(X'). If X’ is a single element set and e is its only
element, we write M \ e and M /e instead of M \ {e} and M /{e}, respectively. If M
is a graphic matroid associated with a graph G and e is an edge of G, then M /e is the
graphic matroid associated with the graph obtained from G by contracting the edge
e (while keeping all resulting loops and parallel edges). If an F-representation of M
is given and X’ is a subset of the ground set of M, then an F-representation of M /X’
can be obtained from the F-representation of M by considering the representation in
the quotient space by the linear hull of the vectors representing the elements of X'.
This leads us to the following definition: if M is an F-represented matroid and A is a
linear subspace of F" ™) then the matroid M/ A is the F-represented matroid with the
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representation of M in the quotient space by A. Note that the ground sets of M and
M /A are the same, in particular, M and M /A have the same number of elements.

A matroid M is connected if every two distinct elements of M are contained in a
common circuit. We remark that the property of being contained in a common circuit
is transitive [46, Proposition 4.1.2], i.e., if the pair of elements e and ¢’ is contained in
a common circuit and the pair ¢’ and ¢” is also contained in a common circuit, then the
pair e and ¢” is also contained in a common circuit. If M is an F-represented matroid
with at least two elements, then M is connected if and only if M has no loops and there
do not exist two non-trivial linear spaces A and B of ") such that A N B contains
the zero vector only and every element of M is contained in A or B (the linear space
™) would be the direct sum of the linear spaces A and B). Also observe that if M
is a graphic matroid associated with a graph G, then the matroid M is connected if
and only if the graph G is 2-connected.

A component of a matroid M is an inclusion-wise maximal connected restriction of
M ; a component is trivial if it consists of a single loop, and it is non-trivial otherwise.
If M is a vector matroid, then each non-trivial component of M can be associated with
a linear space such that each element of M is contained in one of the linear spaces and
the linear hull of all elements of M is the direct sum of the linear spaces. We often
identify components of a matroid M with their element sets. Using this identification,
it holds that a subset X’ of a ground set of a matroid M is a component of M if and only
if X" is a component of M* (we use this equivalence to prove some of our hardness
results in Sect.6). We remark that (M*)* = M for every matroid M, and if e is an
element of a matroid M, then (M /e)* = M* \ e and (M \e)* = M*/e.

2.3 Matrices

In this section, we define notation related to matrices. If IF is a field, we write F*" for
the set of matrices with m rows and n columns over the field IF. If A is a rational matrix,
the entry complexity ec(A) is the maximum length of a binary encoding of its entries,
i.e., the maximum of [log, (| p| + 1)1 + [(log, |g| + 1)] taken over all entries p/g of
A (where p and g are always assumed to be coprime). If A is an integral matrix, then
ec(A) = O(log || Alleo)- Throughout the paper, we use the entry complexity rather than
the ¢o-norm of matrices as this permits formulating our results for rational matrices
rather than integral matrices only.

A rational matrix A is z-integral for z € Q if every entry of A is an integral multiple
of z. We say that two matrices A and A’ are row-equivalent if one can be obtained
from another by elementary row operations, i.e., by repeatedly adding a multiple of
one row to another and multiplying a row by a non-zero element. Observe that if A
and A’ are row-equivalent matrices, then their kernels are the same. For a matrix A,
we define M (A) to be the represented matroid whose elements are the columns of A.
Again, if matrices A and A’ are row-equivalent, then the matroids M (A) and M (A’)
are the same.

If A is a matrix, the primal graph of A is the graph whose vertices are columns
of A and two vertices are adjacent if there exists a row having non-zero elements
in the two columns associated with the vertices; the dual graph of A is the graph
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Fig.2 The primal graph, the dual graph and the incidence graph of the depicted matrix A

whose vertices are rows of A and two vertices are adjacent if there exists a column
having non-zero elements in the two associated rows; the incidence graph of A is the
bipartite graph with one part formed by rows of A and the other part by columns of A
and two vertices are adjacent if the entry in the associated row and in the associated
column is non-zero. See Fig. 2 for an example. The primal tree-depth of A, denoted by
tdp (A), is the tree-depth of the primal graph of A, the dual tree-depth of A, denoted
by tdp(A), is the tree-depth of the dual graph of A, and the incidence tree-depth of
A, denoted by td; (A), is the tree-depth of the incidence graph of A. Finally, td}, (A) is
the smallest primal tree-depth of a matrix row-equivalent to A, td},(A) is the smallest
dual tree-depth of a matrix row-equivalent to A, and td}(A) is the smallest incidence
tree-depth of a matrix row-equivalent to A.

A circuit of arational matrix A is a support-wise minimal integral vector contained
in the kernel of A such that all its entries are coprime; the set of circuits of A is denoted
by C(A). Note that a set X of columns is a circuit in the matroid M (A) if and only
if C(A) contains a vector with the support exactly equal to X. We write ¢1(A) for
the maximum ¢;-norm of a circuit of A and coo(A) for the maximum {,,-norm of a
circuit of A. Note if A and A’ are row-equivalent rational matrices, then C(A) = C(A")
and so the parameters ¢ () and ¢ (-) are invariant under elementary row operations.
Following the notation from [21], we write k4 for the least common multiple of the
entries of the circuits of A. Observe that there exists a function f : N — N such that
kKA < f(coo(A)) for every matrix A.

If x and y are two d-dimensional vectors, we write x T y if |x;| < |y;| for all
i € [d] and x and y are in the same orthant, i.e., X; and y; have the same sign (or one or
both are zero) for all i € [d]. The Graver basis of a matrix A, denoted by G(A), is the
set of the C-minimal non-zero elements of the integer kernel kerz (A). We use g1 (A)
and goo(A) for the Graver basis of A analogously to the set of circuits, i.e., g1 (A) is
the maximum £ {-norm of a vector in G(A) and goo(A) is the maximum £,-norm of a
vector in G(A). Again, the parameters g (-) and g (-) are invariant under elementary
row operations as the Graver bases of row-equivalent matrices are the same. Note that
every circuit of a matrix A belongs to the Graver basis of A, i.e., C(A) € G(A), and
so it holds that ¢ (A) < g1(A) and coo(A) < goo(A) for every matrix A.

The existence of efficient algorithms for integer programming with of constraint
matrices A with bounded primal and dual tree-depth is closely linked to bounds on
the norm of elements of the Graver basis of A. In particular, Koutecky, Levin and Onn
[44] established the following.
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Fig. 3 A deletion-tree and a contraction-tree of the depicted binary matroid M, which is also the graphic
matroid associated with the depicted graph

Theorem 9 There exist functions fp, fo : N?* — N such that the following
holds for every rational matrix A: goo(A) < fp(tdp(A),ec(A)) and gi(A) <
fp(tdp(A), ec(A)).

2.4 Matroid depth parameters

We now define matroid depth parameters that will be of importance further. We start
with the notion of deletion-depth and contraction-depth, which were introduced by
DeVos, Kwon and Oum [16].

The deletion-depth of a matroid M, denoted by dd(M), is defined recursively as
follows:

— If M has a single element, then dd(M) = 1.
— If M is not connected, then dd (M) is the maximum deletion-depth of a component
of M.
— Otherwise, dd(M) = 1 + Hélﬁ dd(M \ e), i.e., dd(M) is 1 plus the minimum
e

deletion-depth of M \ e where the minimum is taken over all elements e of M.

A sequence of deletions of elements witnessing that the deletion-depth of a matroid M
is dd(M) can be visualized by a rooted tree, which we call a deletion-tree, defined as
follows. If M has a single element, then the deletion-tree of M consists of a single vertex
labeled with the single element of M. If M is not connected, then the deletion-tree is
obtained by identifying the roots of deletion-trees of the components of M. Otherwise,
there exists an element e of the matroid M such that dd(M) = dd(M \ e) + 1 and
the deletion-tree of M is obtained from the deletion-tree of M \ e by adding a new
vertex adjacent to the root of the deletion-tree of M \ e, changing the root of the tree
to the newly added vertex and labeling the edge incident with it with the element
e. See Fig.3 for an example. Observe that the height of the deletion-tree is equal to
the deletion-depth of M. In what follows, we consider deletion-trees that need not
to be of optimal height, i.e., its edges can be labeled by a sequence of elements that
decomposes a matroid M in a way described in the definition of the deletion-depth
but its height is larger than dd(M). In this more general setting, the deletion-depth of
a matroid M is the smallest height of a deletion-tree of M.

The contraction-depth of a matroid M, denoted by cd(M), is defined recursively
as follows:

— If M has a single element, then cd(M) = 1.
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Fig.4 A binary matroid M of a b c de f
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— If M is not connected, then cd(M) is the maximum contraction-depth of a com-
ponent of M.
— Otherwise, cd(M) = 1 + miAr/Il cd(M/e), i.e., cd(M) is 1 plus the minimum
ee

contraction-depth of M /e where the minimum is taken over all elements e of
M.

It is not hard to show that dd(M) = cd(M™*) and cd(M) = dd(M*) for every matroid
M. We define a contraction-tree analogously to a deletion-tree; the contraction-depth
of a matroid M is the smallest height of a contraction-tree of M (an example is given
in Fig. 3).

We next introduce the contraction-deletion-depth; this parameter was studied
under the name fype in [17], however, we decided to adopt the name contraction-
deletion-depth from [16], which we find to better fit the context considered here. The
contraction-deletion-depth of a matroid M, denoted by cdd(M), is defined recursively
as follows:

— If M has a single element, then cdd(M) = 1.
— If M is not connected, then cdd(M) is the maximum contraction-deletion-depth
of a component of M.
— Otherwise, cdd(M) = 1 + l’l’liAI/Il min{cdd(M \ e), cdd(M/e)}, i.e., cdd(M) is 1
ec

plus the smaller among the minimum contraction-deletion-depth of the matroid
M \ e and the minimum contraction-deletion-depth of the matroid M /e where
both minima are taken over all elements e of M.

Observe that it holds that cdd(M) = cdd(M*), cdd(M) < dd(M) and cdd(M) <
cd(M) for every matroid M.

One of the key parameters in our setting is that of contraction*-depth; this parameter
was introduced under the name branch-depth in [36] and further studied in [8] but
we decided to use a different name to avoid a possible confusion with the notion of
branch-depth introduced in [16]. We first introduce the parameter for general matroids,
and then present an equivalent definition for represented matroids, which is more
convenient to work in our setting. The contraction™-depth of a matroid M, denoted
by cd(M), is the smallest depth of a rooted tree T with exactly r (M) edges with the
following property: there exists a function f from the ground set of M to the leaves
of T such that for every subset X of the ground set of M the total number of edges
contained in paths from the root to vertices of X is at least 7 (X). An example is given
in Fig. 4.
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There is an alternative definition of the parameter for represented matroids, which
also justifies the name that we use for the parameter. The contraction*-depth of a
represented matroid M can be defined recursively as follows:

— If M has rank zero, then cd(M) = 0.

— If M is not connected, then cd(M) is the maximum contraction*-depth of a com-
ponent of M.

— Otherwise, cd(M) is 1 plus the minimum contraction*-depth of a matroid obtained
from the matroid M by factoring along an arbitrary one-dimensional subspace.

As the contraction in the definition is allowed to be by an arbitrary one-dimensional
subspace, not only by a subspace generated by an element of M, it follows that
cd(M) < cd(M).

The sequence of such contractions can be visualized by a contraction®*-tree that is
defined in the same way as a contraction-tree except that one-vertex trees are associated
with matroids of rank zero (rather than matroids consisting of a single element) and the
edges are labeled by one-dimensional subspaces. If each one-dimensional subspace
that is the label of an edge of the tree is generated by an element of the matroid
M, we say that the contraction*-tree is principal and we view the edges of the tree
as labeled by the corresponding elements of M. Note that the minimum depth of a
principal contraction®*-tree of a matroid M is an upper bound on its contraction*-depth,
however, in general, the contraction*-depth of a matroid M can be smaller than the
minimum depth of a principal contraction*-tree of M. We point out that the notions of
principal contraction™-trees and contraction-trees differ in a subtle but important way.
For example, if M is a vector matroid of rank one containing a single element e, its
only contraction-tree consists of a root labeled by e while its only contraction*-tree has
aroot and a leaf adjacent to it and the edge joining them is labeled with (the subspace
generated by) e. However, if M is a vector matroid of rank one containing two parallel
elements e and ¢/, any contraction-tree and any contraction*-tree of M has depth one.
Still, the minimum depth of a principal contraction*-tree of M is either cd(M) — 1 or
cd(M).

Kardos et al. [36] established the connection between the contraction*-depth and
the existence of a long circuit, which is described in Theorem 10 below; Theorem 10
implies that cd(M) < k> + 1 where k is the size of the largest circuit of M.

Theorem 1 0 Let M be a matroid and k the size of its largest circuit. It holds that
logy k < cd(M) < k2. Moreover, there exists a polynomial-time algorithm that for an

input oracle-given matroid M outputs a principal contraction™-tree of depth at most
k2.

We next introduce the parameter of contraction*-deletion-depth, which we believe
to have not been yet studied previously, but which is particularly relevant in our context.
To avoid unnecessary technical issues, we introduce the parameter for represented
matroids only. The contraction*-deletion-depth of a represented matroid M, denoted
by cdd(M), is defined recursively as follows:

— If M has rank zero, then cdd(M) = 0;
— if M has a single non-loop element, then cdd(M) = 1.
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— If M is not connected, then ¢ dd(M) is the maximum contraction*-deletion-depth
of a component of M.

— Otherwise, cdd(M) is 1 plus the smaller among the minimum contraction®-
deletion-depth of the matroid M \ e, where the minimum is taken over all elements
of M, and the minimum contraction*-deletion-depth of a matroid obtained from
M by factoring along an arbitrary one-dimensional subspace.

Observe that cdd(M) < cdd(M) and cdd(M) < cd(M) for every matroid M.

Finally, if A is a matrix, the deletion-depth, contraction-depth, etc. of A is the
corresponding parameter of the vector matroid M (A) formed by the columns of A,
and we write dd(A), cd(A), etc. for the deletion-depth, contraction-depth, etc. of the
matrix A. Observe that the deletion-depth, contraction-depth etc. of a matrix A is
invariant under elementary row operations as elementary row operations preserve the
matroid M (A).

3 Structural results

In this section, we prove our structural results concerning optimal primal tree-depth
and optimal incidence tree-depth of a matrix. We start with presenting an algorithm,
which uses a deletion-tree of the matroid associated with a given matrix to construct
a row-equivalent matrix with small primal tree-depth.

Lemma 1 There exists a polynomial-time algorithm that for an input matrix A and a
deletion-tree of M (A) with height d outputs a matrix A’ row-equivalent to A such that
tdp(A)) <d.

Proof We establish the existence of the algorithm by proving that tdp(A’) < d in a
constructive (algorithmic) way. Fix a matrix A and a deletion-tree 7' of M (A) with
height d.

Let X be the set of non-zero columns that are labels of the vertices of 7. We show
that the columns contained in X form a basis of the column space of the matrix A.
As the matroid obtained from M (A) by deleting the labels of the edges of T has no
component of size two or more, the columns contained in X are linearly independent.
Suppose that there exists a non-zero column x that is not a linear combination of the
columns contained in X, and choose among all such columns the label of an edge
e as far from the root of T as possible. Since the element x does not form its own
component in the matroid obtained from M by deleting the labels of all edges on the
path from the root to e (excluding e), x is a linear combination of the labels of the
vertices and edges of the subtree of T delimited by e. This implies that either x is a
linear combination of the columns in X or there is a label of an edge of this subtree
that is not a linear combination of the columns in X contrary to the choice of x. We
conclude that X is a basis of the column space of A. In particular, unless A is the zero
matrix, the set X is non-empty.

Let A’ be the matrix obtained from A by elementary row operations such that
the submatrix of A’ induced by the columns of X is the unit matrix and with some
additional zero rows; note that the set X is determined by the input deletion-tree and
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a b c de f a b c de f
1 1 01 1 1 1 01 1 0O
01 1 1 0 0 01 1 1 0 0
01 1011 00 0 1 11
1 01 1 0 O 00 0 0 0 o0
matrix A deletion-tree matrix A’

Fig.5 A binary matrix A, a deletion-tree of the matroid M (A) and the matrix A’ as in the proof of Lemma 1.
Note that X = {a, b, f}

so the matrix A" depends on the deletion-tree. See Fig. 5 for an example. This finishes
the construction of A’ and, in particular, the description of the algorithm to produce
the output matrix A’. To complete the proof, it remains to show that the primal tree-
depth of A’ is at most d, i.e., the correctness of the algorithm. This will be proven by
induction on the number of columns of an input matrix A.

The base of the induction is the case when A has a single column. In this case,
the primal tree-depth of A’ is one and the tree T is a single vertex labeled with the
only column of A, and so its height is one. We next present the induction step. First
observe that every label of a vertex of T is either in X or a loop in M (A) (recall that
only non-zero columns of A are included to X)), and every label of an edge e is a linear
combination of labels of the vertices in the subtree delimited by e.

Suppose that the root of 7" has a label and let x be one of its labels; note that x is
either a loop or a bridge in the matroid M (A). Let B be the matrix obtained from A
by deleting the column x, and let 7’ be the deletion-tree of M (B) obtained from T by
removing the label x from the root. Let B’ be the matrix produced by the algorithm
described above for B and T'. If x is a loop, then the matrix A’ is the matrix B’
extended by a zero column with possibly permuted rows, and if x is a bridge (and so
x € X), then the matrix A’ is, possibly after permuting rows, the matrix B’ extended
by a unit vector such that its non-zero entry is the only non-zero entry in its row. In
either case, the vertex associated with the column x is isolated in the primal graph of
A’, and it follows that tdp (A") = tdp(B’) < d (the inequality holds by the induction
hypothesis). Hence, we can assume that the root of 7" has no label.

We next analyze the case that the root of T has a single child and no label. Let
x be the label of the single edge incident with the root of 7. Let B be the matrix
obtained from A by deleting the column x, and let 7’ be the deletion-tree of M (B)
obtained from 7 by deleting the edge incident with the root and rooting the tree at the
remaining vertex of the deleted edge. Let B be the matrix produced by the algorithm
described above for B and T’; note that the primal tree-depth of B’ is at most d — 1
by the induction hypothesis. Since B’ is the submatrix of A’ formed by the columns
different from x (possibly after permuting rows), the primal tree-depth of A’ is at most
tdp(B) + 1 =d.

The final case to analyze is the case when the root of 7 has k > 2 children (in
addition to having no label). Let T7, .. ., Tx be the k subtrees of T delimited by the k
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edges incident with the root of 7', let Yy, . . ., Yi be the labels of the vertices and edges
of these subtrees, and let By, ..., By be the submatrices of A formed by the columns
contained in Yq, ..., Y. Observe that T; is a deletion-tree of the matroid M (B;) for
i =1,...,k, and the matrix B] produced by the algorithm described above for B;
and 7; is the submatrix of A’ formed by the columns contained in Y; (possibly after
permuting rows). Since the support of the columns contained in Y; contains only the
unit entries of the columns of A" contained in X N Y;, the primal graph of A” contains
no edge joining a column of ¥; and a column of Y; fori # j. It follows that the primal
tree-depth of A’ is at most the maximum primal tree-depth of B;, which is at most d
by the induction hypothesis. It follows that tdp(A") < d as desired. The proof of the
correctness of the algorithm is now completed and so is the proof of the lemma. O

We are now ready to establish the link between the optimal primal tree-depth and
the deletion-depth of the matroid associated with the matrix.

Proof of Theorem 2 Fix a matrix A. By Lemma 1, it holds that td} (A) < dd(A) as
there exists a deletion-tree of the matroid M (A) with height dd(A). So, we focus on
proving thatdd(A) < tdj‘D (A). We will show that every matrix B satisfies thatdd(B) <
tdp (B); this implies that dd(A) < tdp(A’) for every matrix A" row-equivalent to A
as dd(A) = dd(A’) and so implies that dd(A) < td} (A).

The proof that dd(B) < tdp(B) proceeds by induction on the number of columns.
If B has a single column, then both dd(B) and tdp(B) are equal to one. We next
present the induction step. We first consider the case when the matroid M (B) is not
connected. Let By, ..., By be the submatrices of B formed by columns corresponding
to the components of M (B); note that some of the submatrices may consist of a single
zero column (if M (B) has a loop). The definition of the deletion-depth implies that
dd(B) is the maximum among dd(Bj), ..., dd(By). On the other hand, the primal
tree-depth of each of the matrices B; is at most the primal tree-depth of the matrix
B as the primal graph of B; is a subgraph of the primal graph of B. It follows that
dd(B;) < tdp(B), which implies that dd(B) < tdp(B).

We next assume that the matroid M (B) is connected and claim that the primal graph
of B must also be connected. Suppose that the primal graph of B is not connected, i.e.,
there exists a partition of rows of B into R| and R; and a partition of the columns into
C1 and C3, such that for each i = 1, 2, the support of each column in C; is contained
in R;. Therefore, for any dependent set of columns of B, either its subset formed by
columns contained in C is dependent, or its subset formed by by columns contained
in C; is dependent, or both these subsets are dependent. It follows that the support of
every circuit of M (B) is fully contained in either C; or C3; in particular, no there is
no circuit of M (B) containing a column from Cy and a column from C». This implies
that M (B) is not connected. Hence, the primal graph of B must be connected.

Since the primal graph of B is connected, there exists a column such that the matrix
B’ obtained by deleting this column satisfies thattd p (B") = td p (B) — 1. The induction
assumption yields that dd(B’) < tdp(B) — 1 and the definition of the deletion-depth
yields that the deletion-depth of M (B) is at most the deletion-depth of M (B”) increased
by one. This implies that dd(B) = dd(M(B)) < tdp(B) as desired. ]
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Before proceeding with our structural result concerning incidence tree-depth, we
use the structural results presented in Lemma 1 and Theorem 2 to get a parameterized
algorithm for computing an optimal primal tree-depth of a matrix over a finite field.

Corollary 1 There exists a fixed parameter algorithm for the parameterization by a
finite field F and an integer d that for an input matrix A over the field F,

— either outputs that td},(A) > d, or
— computes a matrix A" row-equivalent to A with tdp(A’) < d and also outputs the
associated deletion-tree of M (A) with height tdp (A").

Proof We first show that the property that a matroid M has deletion depth at most d can
be expressed in monadic second order logic. Recall that monadic second order formulas
for matroids may contain quantification over elements and subsets of elements of a
matroid, and the predicate v (-) used to test whether a particular subset is independent
in addition to logic connectives and the equality =, the set inclusion € and the subset
inclusion C. In the formulas that we present, small letters are used to denote elements of
amatroid and capital letters subsets of the elements. We next present a monadic second
order formula v¥4(X) that describes whether the deletion-depth of the restriction of
the matroid M to a subset X of the elements of M is at most d, which would imply the
statement. The following formula v/, (-, -) describes the existence of a circuit containing
two distinct elements:

Ve, V)= NAEX:xeXAye XA Y (X)AVzeX ¥ (X \2)).

The next formula ¢ (-) describes whether a subset X is a component of a matroid
(recall that the binary relation of two matroid elements being contained in a common
circuit is transitive):

YeX)=(x,yeX:ix#y=vYelx,y))AVx e X, y¢X:~e(x,y)).

The sought formula ¥4 (-) is defined inductively as follows (we remark that 4 (@) is
true for all d):

(X)) =Vx,ye X :x £y= Y.(x,y) and
YaX)=VX' CX Y (X)) =3Ix e X' g1 (X'\ {x}) ford > 2.

Hlinény [29, 30] proved that all monadic second order logic properties can be tested
in a fixed parameter way for matroids represented over a finite field F with branch-
width at most d when parameterized by the property, the field [F and the branch-width
d. Since the branch-width of a matroid M is at most its deletion-depth, it follows that
testing whether the deletion-depth of an input matroid represented over a finite field
F is at most d is fixed parameter tractable when parameterized by the field F and
the integer d. This establishes the existence of a fixed parameter algorithm deciding
whether td},(A) = dd(M(A)) < d (the equality follows from Theorem 2). To obtain
the algorithm claimed to exist in the statement of the corollary, we need to extend the
algorithm for testing whether the deletion-depth of an input matroid M represented
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over I is at most d to an algorithm that also outputs a deletion-tree of M with height
at most d; this would yield an algorithm for computing A’ by Lemma 1.

We now describe the extension of the algorithm from testing to constructing a
deletion-decomposition tree as a recursive algorithm. Let d be the computed deletion-
depth of an input matroid M. The deletion-depth of an input matroid M is one if
and only if every element of M is a loop or a bridge. Since the latter is easy to
algorithmically test, if d = 1, then the deletion-tree of height one consists of a single
vertex labeled with all elements of M. If d > 2 and the matroid M is not connected, we
first identify its components, which can be done in polynomial time even in the oracle
model, then proceed recursively with each component of M and eventually merge the
roots of all deletion-trees obtained recursively.

Finally, we discuss the case when d > 2 and the matroid M is connected. We loop
over all elements e of M and test using the monadic second order checking algorithm
of Hlinény [29, 30] whether dd(M \e) < d —1,1.e., whether ¥4_1 (M \ e) is true. Such
an element e must exist (otherwise, the deletion-depth of M cannot be d) and when e is
found, we recursively apply the algorithm to M \ e to obtain a deletion-tree 7 of M \ e
with height d — 1. Note that there is a single recursive call as we invoke recursion for a
single element e of the matroid M. The tree T returned by the recursive call is extended
to a deletion-tree of M by introducing a new vertex, joining it by an edge to the root
of T, rerooting the tree to the new vertex, and labeling the new edge with the element
e. This completes the description of the algorithm for constructing a deletion-tree of
height at most d if it exists. Observe that the running time of the described procedure
for constructing a deletion-tree is bounded by the product of the number of elements of
M and the running time of the test whether an input matroid is connected and the test
whether an input matroid satisfies ¥ (-), ..., ¥4(-); in particular, it is fixed parameter
when parameterized by a finite field F and an integer d. O

We conclude this section by establishing a link between the optimal incidence tree-
depth and the contraction*-deletion-depth of the matroid associated with the matrix.

Proof of Theorem 3 We prove the equality as two inequalities starting with the inequal-
ity cdd(A) < td} (A) — 1. To prove this inequality, we show that cdd(A) <td;(A)—1
holds for every matrix A with m rows and n columns by induction on m + n. The
base of the induction is formed by the cases when all entries of A are zero, n = 1 or
m = 1. If all entries of A are zero, then cdd(A) = 0 and td;(A) = 1.Ifn = 1 and A
is non-zero, then M (A) has a single non-loop element and so cdd(A) = 1 while the
incidence graph of A is formed by a star and possibly some isolated vertices and so
td;(A) = 2. Finally, if m = 1 and A is non-zero, then M (A) has rank 1, so contracting
any non-loop element of M (A) yields a matroid of rank zero and so cdd(A) = 1.On
the other hand, the incidence graph of A is formed by a star and possibly some isolated
vertices and so td; (A) = 2.

We now establish the induction step, i.e., we assume that the matrix A is non-
zero, m > 2 and n > 2. First suppose that the matroid M (A) is not connected.
Let X1, ..., X; be the components of M(A) and let Ay, ..., Ay be the submatri-
ces of A formed by the columns X1, ..., X, respectively. The definition of the
contraction*-deletion-depth implies that cdd(A) is the maximum of cdd(A;). The
induction hypothesis yields that cdd(A;) < td;(A;) — 1. Since the incidence graph of
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A; is a subgraph of the incidence graph of A, it follows that td; (A;) < td;(A) and so
cdd(A;) < td;(A) — 1. We conclude that cdd(A) < td;(A) — 1.

Next suppose that the matroid M (A) is connected but the incidence graph of A is not
connected. As the columns associated with vertices contained in different components
of the incidence graph of A have disjoint supports, such columns cannot be contained
in the same component of the matroid M (A). Hence, if the incidence graph of A is
not connected despite the matroid M (A) being connected, then the incidence graph
of A consists of a single non-trivial component and isolated vertices associated with
zero rows of A. Let x be one such row and let A’ be the matrix obtained from A
by deleting the row x. Since the matroids M (A) and M (A’) are the same, it holds
that cdd(A) = cdd(A’), and since the incidence graph of A is the incidence graph
of A’ with an isolated vertex added, it holds td;(A) = td; (A’). Hence, the induction
hypothesis yields that cdd(A") < td;(A)—1, which implies that cdd(A) < td;(A)—1.

Finally, suppose that the matroid M (A) is connected and the incidence graph of A is
also connected. The definition of the tree-depth implies that there exists a vertex w of
the incidence graph whose deletion decreases the tree-depth of the incidence graph by
one. Let A’ be the matrix obtained from A by deleting the row or the column associated
with the vertex w and note that td; (A”) = td;(A) — 1. If the vertex w is associated with
a column x, the matroid M (A’) is the matroid obtained from M (A) by deleting the
element x. If the vertex w is associated with a row x, the matroid M (A’) is the matroid
obtained from M (A) by contracting by the subspace generated by the unit vector with
the entry in the row x. In either case, the definition of the contraction*-deletion-depth
implies that cdd(A) < cdd(A’) + 1. The induction hypothesis applied to A’ yields
that cdd(A”) < td;(A’) — 1, which yields that cdd(A) < td;(A") = td;(A) — L.

To complete the proof of the theorem, it remains to show that the inequality td} (A) <
cdd(A) + 1 holds for every matrix A. The proof proceeds by induction on the number
n of columns of A. If n = 1 and the only column of A is zero, then the incidence graph
of A is formed by isolated vertices and so td;(A) = 1 while cdd(A) = 0 since the
rank of M (A) is zero. If n = 1 and the only column of A is not zero, then the incidence
graph of A is formed by a star and possibly some isolated vertices and so td; (A) = 2
while cdd(A) = 1. In either case, it holds that td}(A) <td;(A) = cdd(A) + 1.

We now establish the induction step. First suppose that the matroid M (A) is not
connected. Let X1, ..., X be the sets of columns forming the components of M (A)
and let A’ be the matrix row-equivalent to A such that there exist sets of rows Yy, ..., Y
such that |Y;| = rya)(X;) fori = 1,...,k and the only columns with non-zero
entries in the rows Y; are those of X; and all rows not contained in Y7 U - - - U Y} are
zero (such a matrix A’ exists since the matroid M (A) is union of its restrictions to

X1,..., Xi). Let A} be the submatrix of A’ formed by the rows of ¥; and the columns
of X;. Observe that all entries of the matrix A not contained in one of the matrices
A’l, el A;{ are zero. By the induction hypothesis, foreveryi = 1, ..., k, there exists a

matrix A row-equivalent to A; suchthattd; (A}) < cdd(M(A) [X;])+1, in particular,
td; (A7) < cdd(A) + 1. Let A” be the matrix obtained from A’ by replacing A} with
A7 fori = 1,..., k. Observe that A” is row-equivalent to A" and so to A. Since
the incidence graph of A” is the union of the incidence graphs of A”, i = 1,... k,
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and possibly some isolated vertices (which correspond to zero rows), it follows that
td;(A”) < cdd(A) + 1. Hence, it holds that td}(A) < cdd(A) + 1.

To complete the proof, we need to consider the case that the matroid M (A) is
connected. The definition of the contraction*-deletion-depth implies that there exists
an element x of M(A) such that cdd(M (A)\x) = cdd(M(A)) — 1 = cdd(A) — 1
or there exists a one-dimensional subspace such that the contraction by this subspace
yields a matroid M’ such that cdd(M’) = cdd(M(A)) — 1 = cdd(A) — 1. In the
former case, let A’ be the matrix obtained from A by deleting the column x. By
the induction hypothesis, there exists a matrix A” row-equivalent to A’ such that
td;(A”) < cdd(A’) + 1 = cdd(A), and let A” be the matrix obtained from A by
the same elementary row operations that A” is obtained from A’. Observe that the
incidence graph of A” can be obtained from the incidence graph of A” by deleting
the vertex associated with the column x. Hence, td; (A”") < td;(A”) + 1. Since A"
is row-equivalent to A, it follows that

td¥(A) < td;(A”) <td;(A”) +1 < cdd(A) + 1.

We now analyze the latter case, i.e., the case that there exists a one-dimensional
subspace such that the contraction by this subspace yields a matroid M’ with
cdd(M') = cdd(A) — 1. Let A’ be the matrix obtained from A by elementary row
operations such that the contracted subspace used to obtain M’ is generated by the unit
vector with the non-zero entry being its first entry, and let B be the matrix obtained
from A’ by deleting the first row. By the induction hypothesis, there exists a matrix
B’ row-equivalent to B such that td;(B’) < cdd(A’) + 1 = cdd(A), and let A”
be the matrix consisting of the first row of A and the matrix B’. Observe that A” is
row-equivalent to A. Since the incidence graph of B’ can be obtained from the inci-
dence graph of A” by deleting the vertex associated with the first row, it holds that
td; (A”) < td;(B’) + 1. Hence, it follows that

td¥(A) <td;(A”) <td;(B) + 1 < cdd(A) + 1.

The proof of the theorem is now completed. O

4 Primal tree-depth

In this section, we present a parameterized algorithm for computing a row-equivalent
matrix with small primal tree-depth and bounded entry complexity if such a matrix
exists.

Proof of Theorem 6 We first find a bound on kg when B is an integer matrix with
tdp(B) < d and ec(B) < e (recall that kg is the least common multiple of the entries
of the circuits of B). Consider such a square invertible matrix C with tdp(C) < d and
ec(C) < e. By the result of Brand, Ordyniak and the second author [5], the maximum
denominator appearing over all entries of C~! can be bounded by a function of d
and e; in particular, there exists kg < 294 d !)‘“/ 2 such that every entry of C —-lis
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1/k-integral for some k < kq. Set k¢ to be the least common multiple of the integers
1, ..., ko.By[21, Theorem 3.8], s is the smallest integer such that every denominator
of the inverse of every invertible square submatrix of B divides «p. Since the primal
tree-depth of any square submatrix of B at most the primal tree-depth of B, k5 divides
ko for every matrix B with tdp(B) < d and ec(B) < e. In particular, kg < K for
every matrix B with tdp(B) < d and ec(B) <e.

We next describe the algorithm from the statement of the theorem. Without loss of
generality, we can assume that the rank of the input matrix A is equal to the number
of its rows, in particular, A is non-zero. The algorithm starts with diagonalizing the
square submatrix of the input matrix A formed by an arbitrary basis of the column
space, i.e., performing elementary row operations so that the selected columns form
the identity matrix. The resulting matrix is denoted by A;. If the numerator or the
denominator of any (non-zero) entry of Ay does not divide kg, the algorithm arrives
at the first conclusion of the theorem as every (non-zero) entry of A; is a fraction that
can be obtained by dividing two entries of a circuit of A (indeed, consider the circuit
of the matrix A with support formed by a column x and some of the columns of the
chosen basis, and observe that each entry in the column x is equal to the x-entry of
the circuit divided by one of its other entries). Hence, we assume that both numerator
and denominator of each (non-zero) entry of A; divides «q in the rest. The algorithm
multiplies A; by k¢, which yields an integral matrix Ap with entries between —/cg and
2.

Let Mg be the column matroid of Ag when viewed as a matrix over rationals and
let M, be the column matroid of Ap when viewed as a matrix over a p-element field
I, for a prime p > Kg; note that such a prime p can be found algorithmically as the
algorithm is parameterized by d and e and ko depends on d and e only. Note that the
elements of both matroids Mg and M, are the columns of the matrix Ao, i.e., we can
assume that their ground sets are the same, and the matroid M is the column matroid
of A, which is a matrix over rationals.

We now establish the following claim: if A is row-equivalent to a matrix with
primal tree-depth at most d and entry complexity at most e, then the matroids Mg
and M, are the same. If a set X of columns forms a circuit in M, then there exists a
linear combination of the columns of X that has all coefficients integral and coprime,
i.e., not all are divisible by p, and that is equal to the zero vector (in fact, there exist
such coefficients that they all divide o by the definition of «); it follows that the
set X is also dependent in M. If a set X of columns is independent in Mg, let B;
be an invertible square submatrix of A; formed by the columns X and | X| rows, and
let By be the square submatrix of Ay formed by the same rows and columns. By [21,
Lemma 3.3], the matrix BI_l is 1/k 4-integral and the absolute value of both numerator
and denominator of each entry of BI_1 is at most k 4. Note that k 4 divides kg (here, we
use the definition of k¢ and the assumption that A is row-equivalent to a matrix with
primal tree-depth at most d and entry complexity at most ¢) and so the matrix B[_1
is 1/kp-integral and the absolute value of both numerator and denominator of each
entry of B;l is at most «p. Let B’ be the matrix obtained from B;] by multiplying
each entry by «g; note that B’ is an integer matrix with entries between —Kg and Kg.
The definitions of the matrices By, By and B’ yield that the product of the matrix B’
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when viewed as over IF, and the matrix By has numerically the same entries as the
matrix (ko Bl_l)(/co By), which is a diagonal matrix with all diagonal entries equal to
Kg. Hence, the matrix By is full rank (over the field IF,) and so the set X is independent
inMp.

We now continue the description of the algorithm that is asserted to exist in the
statement of the theorem. As the next step, we apply the algorithm from Corollary 1 to
the matrix Ao viewed as over the field IF,. If the algorithm determines that the deletion-
depth of Ay is larger than d, we arrive at the first conclusion of the theorem: either
the matroids Mg and M, are different (and so A is not row-equivalent to a matrix
with primal tree-depth at most d and entry complexity at most e), or the matroids
Mg and M, are the same but dd(A) = td}(A) > d. If the algorithm determines
that the deletion-depth of A is at most d, it also outputs a deletion-tree of M, with
height at most 4. If the output deletion-tree is not valid for the matroid Mg, which
can be verified in polynomial time, the matroids Mg and M), are different and we
again arrive at the first conclusion of the theorem. If the output deletion-tree is also
a deletion-tree of the matroid Mg, we use the algorithm from Lemma 1 to obtain a
matrix A’ row-equivalent to A such that the primal tree-depth of A’ at most the height
of the deletion-tree, i.e., tdp(A’) < d. As the matrix A’ contains a unit submatrix
formed by m rows and m columns, each (non-zero) entry of A’ is a fraction that can
be obtained by dividing two entries of a circuit of A (as argued earlier). If the absolute
value of the numerator or the denominator of any of these fractions exceeds k¢, then
Coo(A) > ko and we again arrive at the first conclusion of the theorem. Otherwise, we
output the matrix A’. Note that the primal tree-depth of A’ is at most d and its entry
complexity is at most 2[log, (ko + 1)7. As ko depends on d and e only, the matrix A’
has the properties given in the second conclusion of the theorem. O

5 Dual tree-depth, circuit complexity and Graver basis

In this section, we link minimum dual tree-depth of a matrix to its circuit complexity,
and also present related algorithmic results. We start with proving Theorem 5; in fact,
we show that a matrix row-equivalent to an input matrix A such that both its dual tree-
depth and entry complexity bounded by a function of ¢1(A) can be found efficiently.
Note that the algorithm presented in the next theorem is not a fixed parameter algorithm,
i.e., its running time is polynomial in the size of an input matrix.

Theorem 11 There exists a polynomial-time algorithm that for a given rational matrix
A withdimker A > 0 outputs a row-equivalent matrix A’ such that tdp (A’) < ¢ (A)?
and ec(A") < 2[log,(c1(A) + D7.

Proof We start with the description of the algorithm from the statement of the theorem.
Let A be the input matrix. We apply the algorithm from Theorem 10 to the matroid
M (A) given by the columns of the matrix A. Let T be the principal contraction*-tree
output by the algorithm and let X be the set of columns of A that are the labels of
the edges of T, i.e., the elements of M (A) used in the contractions. Observe that the
definition of the contraction*-depth and the principal contraction®-tree yields that the
labels of the edges of T form a basis X of M (A) and for every element z of M(A)
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there is a leaf v of T such that z is contained in the linear hull of the labels of the
edges on the path from v to the root of 7. Next perform row-operations on the matrix
A in a way that the submatrix formed by the columns of X is an identity matrix (with
additional zero rows if the rank of A is smaller than the number of its rows); let A’
be the resulting matrix; see Fig. 6 for an example. The algorithm outputs the matrix
A’. Note that the running time of the algorithm is indeed polynomial in the size of the
input matrix A.

We next analyze the matrix A’ that is output by the algorithm. Since dimker A > 0,
the matrix A has atleast one circuit. Recall that for every circuit C of the matroid M (A),
there exists a circuit of A whose support is exactly formed by the elements of C. This
implies that every circuit of M (A) contains at most ¢j(A) elements and so Theorem
10 implies that the depth of the principal contraction*-tree T is at most c{ (A)>.

Let F be a rooted forest obtained from the tree T as follows. For each edge e,
the vertex of e farther from the root is identified with the (unique) row of A’ that is
non-zero in the column that is the label of the edge e (recall that the columns of X
form an identity matrix), and then remove the root of 7'; also add an isolated vertex for
each zero row of A’. In this way, we obtain a rooted forest F with vertex set formed
by the rows of A’. Note that the height of F is at most ¢1 (A)%. We will show that the
dual graph of A’ is a subgraph of cl(F). As no column of X contributes any edges to
the dual graph of A’, it is enough to consider columns not contained in X. Let z be a
column of A’ that is not contained in X and let v be a leaf of T such that the column
z of A, which is an element of M (A), is contained in the linear hull of the labels of
the edges on the path from v to the root of 7. Hence, the column z of A’ contains
non-zero entries only in the rows with non-zero entries in the columns that are labels
of the edges on the path from v to the root of 7. Consequently, all edges contained in
the dual graph of A’ because of non-zero entries in the column z are between vertices
on the path from the vertex v in F to the root of the corresponding tree of F. It follows
that the dual graph of A’ is a subgraph of cl(F) and so its tree-depth is at most the
height of F, i.e., it is at most ¢ (A)%. We conclude that tdp (A < ¢ (A)2.

It remains to analyze the entry complexity of A’. The entries of A" in the columns
of X are zero or one. Next consider a column z of A’ that is not contained in X and
consider a circuit ¢ of A’ (and so of A) whose support contains z and some elements
of X (such a circuit exists as the columns of X form a basis of the column space
of A’). Observe that the entries in the column z are equal to —c,/c; (otherwise, ¢
would not be a circuit of A”). We conclude that the entry complexity of A’ is at most
2Mlog, (c1(A) + 1. o

We are now ready to prove Theorem 4. Note that the condition dim KerA > 0 in
the statement of the theorem is necessary as otherwise A has no circuit and so c{(A)
is not defined.

Proof of Theorem 4 Consider a rational matrix A with dim KerA > 0. Note that
c1(A) < g1(A) as every circuit of A is also an element of the Graver basis of A.
To prove the existence of the function f1, let fp be the function from Theorem 9 and
note that Theorem 11 implies that g;(A) < fp(ci(A)?, 2[log,y(c1(A) + D). O

We next combine the algorithms from Theorems 7 and 11.
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a b cde f a b c de f
2 0 0 2 01 10 0 1 01/2
-21 0 0 0 —1 01 0 2 00
0 3 501 001 100
01 0 2 11 00 0011
matrix A principal contraction*-tree matrix A’

Fig. 6 A rational matrix A, a principal contraction®*-tree T of the matroid M (A) and the matrix A’ as in
the proof of Theorem 11

Corollary 2 There exists a function f : N — N and a fixed parameter algorithm for
the parameterization by k that for a given rational matrix A:

— either outputs that c1(A) > k, or
— outputs a matrix A’ that is row-equivalent to A, its dual tree-depth is td},(A) and
its entry complexity is at most f (k).

Proof If dim KerA = 0 for an input matrix A, i.e., the rank of A is equal to the
number of the columns, which can be easily verified in polynomial time, then A is
row-equivalent to the unit matrix possibly with some zero rows added, i.e., to a matrix
with dual tree-depth one and entry complexity one. If dim KerA > 0, we apply the
algorithm from Theorem 11 to get a matrix A’ row-equivalent to A that has properties
given in the statement of Theorem 11. If the dual tree-depth of A’ is larger than k>
or the entry complexity of A’ is larger than 2[log,(k + 1)7, then ¢ (A) > k (by
Theorem 11) and we arrive at the first conclusion. Otherwise, we apply the algorithm
from Theorem 7 with parameters d = k% and e = 2 [log,(k + 1)] to compute a matrix
A" row-equivalent to A" and so to A such that the dual tree-depth of A” is td7,(A) and
the entry complexity of A” is bounded by a function of k only. O

Finally, the previous corollary together with Theorem 9 yields the parameterized
algorithm for testing whether an input matrix is row-equivalent to a matrix with small
dual tree-depth and small entry complexity as given in Theorem 8.

Proof of Theorem 8 Let fp be the function from the statement of Theorem 9 and set

k = fp(d,e); note fp(d,e) < 22([“0“)0(1) by Eisenbrand et al. [20]. Apply the
algorithm from Corollary 2 with the parameter k to an input matrix A. If the algorithm
reports that ¢ (A) > k, then A is not row-equivalent to a matrix with dual tree-depth
at most d and entry complexity at most e. If the algorithm outputs a matrix A’ and
tdp(A’) > d, then td},(A) > d and so the matrix A is not row-equivalent to a matrix
with dual tree-depth at most d. Otherwise, the dual tree-depth of A’ is at most d and
its entry complexity is bounded by f (k) = f(fp(d, e)) where f(-) is the function
from Corollary 2, i.e., the entry complexity of A’ is bounded by a function of d and e
only as required. O
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6 Computational hardness of depth parameters

In this section, we complement our algorithmic results by establishing computational
hardness of matroid depth parameters that we have discussed in this paper. The hard-
ness results apply even when the input matroid is given by its representation over a
fixed (finite or infinite) field.

We start with defining a matroid My (G) derived from a graph G. Fix a field F.
For a graph G, we define an F-represented matroid My (G) as follows. The matroid
Mp(G) contains |V (G)| + |E(G)| elements, each corresponding to a vertex or an
edge of G. We associate each element of My (G) with a vector of FV(%). An element
of My (G) corresponding to a vertex w of G is represented by e,, and an element of
My (G) corresponding to an edge ww’ of G is represented by e,, — e, Or e,y — ey, (an
arbitrary of the two vectors can be chosen as the choice does not affect the matroid).

We next define a graph G /A for a graph G and a linear subspace A of FV(©)_ Let W
be the subset of vertices of V (G) such that e,, € A for w € W, and let F be the set of
edges ww’ of G such that neither w nor w’ is contained in W and A contains a vector
ey + aeyy for a non-zero element o € F. The graph G/A is obtained by deleting all
vertices of W and then contracting a maximal acyclic subset of edges contained in F
(the remaining edges of F become loops and so get removed); note that we use an
acyclic subset of edges for contraction so that the resulting graph is well-defined.

The next lemma relates the number of components of the matroid Mp(G)/A and
the number of components of the graph G /A for a graph G and a linear subspace A
of FV(©).

Lemma2 Let G be a graph, F a field and A a linear subspace of V9. The number
of components of My(G)/A is at most the number of components of the graph G/ A.

Proof Fix a graph G, a field IF and a linear subspace of FV (), Let W and F be the
subsets of vertices and edges of G as in the definition of G/A, respectively. Let A’
be the linear subspace of FV(¥) generated by the vectors e,,, w € W, and the vectors
ey +aey € Aforww’ € F;clearly, A’ is a subspace of A. Note that the sets W and
F defined with respect to A would be the same if defined with respect to A’, and so
the graphs G/A and G/A’ are the same. We next describe an F-representation of the
matroid Mr(G)/A’ using vectors of FV(G/A) The matroid Mr(G) contains elements
corresponding to vertices and to edges of G. Consider a vertex w of V(G). If w € W,
then the element corresponding to w is a loop in Myp(G)/A’ and so represented by
the zero vector. If w ¢ W, then the element corresponding to w is represented by the
vector e, where u is the vertex of G/A’ that the vertex w was contracted to. Next
consider an edge ww’ of G.

— If both w and w’ belong to W, then the element corresponding to ww’ is a loop in
Mpr(G)/A’ and so represented by the zero vector.

— If exactly one of w and w’ belong to W, say w € W and w’ ¢ W, then the element
corresponding to ww’ is represented by the vector e, where u is the vertex of G /A’
that the vertex w’ was contracted to.

— If neither w nor w’ belongs to W and e,, — e,y € A’ (and so ww’ € F), then the
element corresponding to ww’ is a loop in Mp(G)/A’ and so represented by the
ZEero vector.
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— If neither w nor w’ belongs to W, e, — e,y ¢ A’ but ww’ € F, then the element
corresponding to ww’ is represented by the vector e, where u is the vertex of G/ A’
that the vertex w (and so the vertex w’) was contracted to.

— Finally, if neither w nor w’ belongs to W and ww’ ¢ F, the element corresponding
to ww' is the vector ae, + a’e,s where u is the vertex of G/A’ that the vertex w
was contracted to, u’ is the vertex of G/A’ that the vertex w’ was contracted to,
and the vector ae, + a’e, corresponds to the vector ey, — e, in FV () /A’; note
that uu’ is an edge of G/A’ and both coefficients o and «’ are non-zero.

It is straightforward to verify that the just described representation is indeed a repre-
sentation of the matroid Mr(G)/A’; note that each non-loop element of Mr(G)/A’ is
associated to a vertex or an edge of G/A’ and each vertex or an edge of G/A’ with at
least one (but possibly more) non-loop element of Mr(G)/A’.

We now analyze the matroid Mp(G)/A. The matroid Mp(G)/A can be viewed as
the matroid (Mp(G)/A")/(A/A’). Observe that the definition of A” implies that any
non-loop element of My(G)/A’ is non-loop in Mp(G)/A. Also observe that the space
A/ A’ viewed as a subspace of FV(G/ A") does not contain a vector e,, for w € V(G/A")
or a vector e,, + ae,, for a non-zero a € FF such that ww’ is an edge of E(G/A").
In particular, the support of every vector of A/A’ is at least two and if the support
has size two, then it does not correspond to an edge of E(G/A’). It follows that
if ww’ is an edge of E(G/A’), x is an element of Mp(G)/A’ associated with the
vertex w, x’ is an element of Mp(G)/A’ associated with the vertex w’, and x” is
an element of Mp(G)/A’ associated with the edge ww’, then the elements x, x’ and
x" form a circuit of (Mp(G)/A’)/(A/A’). Since the relation of being contained in a
common circuit is transitive, it follows that all elements of My(G)/A’ corresponding
to the vertices and the edges of the same component of G/A’ are contained in the
same component of (Mp(G)/A’)/(A/A"). In particular, the number of components of
the matroid (My(G)/A’)/(A/A’) is at most the number of components of the graph
G/A’. Since the graphs G/A and G /A’ are the same and the matroids My (G)/A and
(My(G)/A")/(A/A’) are also the same, the lemma follows. O

We next link the existence of a balanced independent set in a bipartite graph to the
contraction™-depth of a suitably defined matroid. We remark that the idea of using a
bipartite graph with cliques added between the vertices of its parts was used in [47]
to establish that computing tree-depth of a graph is NP-complete.

Lemma3 Let G be a bipartite graph with parts X and Y, let F be a field, and let
k be an integer. Let G' be the graph obtained from G by adding all edges between
the vertices of X and between the vertices of Y. The following three statements are
row-equivalent.

— The graph G has an independent set containing k elements of X and k elements
of Y.

— The contraction®-depth of Mp(G’) is at most | X| + |Y| — k.

— The contraction-depth of the matroid 2Mp (G') is at most | X| + |Y| — k + 1.

Proof Fix a bipartite graph G with parts X and Y, a field FF and an integer k. We first
show that if G has an independent set containing k elements of X and k elements of
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Y, then the contraction*-depth of Mr(G’) is at most | X |+ |Y| — k and the contraction-
depth of 2My(G’) is at most |X| + |Y| — k + 1. Let W be such an independent set
and let W’ be the set containing all elements e,, of Mp(G’) such that w ¢ W. Note
that |W’| = |X| + |Y| — 2k. The matroid Mr(G’)/W’ is the matroid obtained from
Mp(G'[W]) by adding

— aloop for every edge with both end vertices not contained in W, and
— an element represented by e,, for every edge joining a vertex w € W to a vertex
not contained in W.

In particular, the matroid Mp(G")/ W' has two non-trivial components, each of rank
k, and so the contraction*-depth of Mp(G’) is at most |W'| +k = |X| + |Y| — k.
Similarly, the matroid (2Mg(G’))/ W’ is the matroid obtained from 2My(G'[W]) by
adding

— aloop for every vertex not contained in W,

— two loops for every edge with both end vertices not contained in W, and

— two elements represented by e,, for every edge joining a vertex w € W to a vertex
not contained in W.

Since the matroid (2My(G’))/ W’ has two non-trivial components, each of rank %, its
contraction-depth is at most |W'| + k + 1 = | X| + |Y| — k + 1 (note that any rank r
matroid has contraction-depth at most r + 1).

We next argue that if the contraction*-depth of Mp(G’) is at most | X| + |Y| — k
or the contraction-depth of 2Mpr(G’) is at most | X| + |Y| — k + 1, then there exists a
subset W of V(G) = V(G’) that is independent in G, |[WN X| > kand |[WNY| > k.
To do so, we first show that there is no linear subspace A such that Mp(G’)/A would
have more than two components. Consider a linear subspace A of FY(G" such that the
matroid My(G’)/A is not connected. By Lemma 2, the graph G’/ A is disconnected.
Since the graph G’/ A cannot have more than two components (one is formed by some
of the vertices of X and another by some of the vertices of Y), it follows that the
graph G’/ A has exactly two components and so the matroid Mr(G’)/A has exactly
two components, too.

If the contraction*-depth of My(G’) is at most | X| + |Y| — k, there exists a linear
subspace A of FV (6" such that the matroid Mg(G’)/A is not connected and the rank
of each of its two components is at most | X| 4+ |Y| — k — dim A. We will prove that
the existence of such A is also implied by the assumption that the contraction-depth of
2Mp(G’) is at most | X |+ |Y | — k + 1. We next use that the matroid 2My(G'))/ F has
at most two non-trivial components for every subset F of the elements of 2My(G’). If
the contraction-depth of 2Mp(G’) is at most | X |+ |Y | —k+ 1, then there exists a subset
F of the elements of 2Mp(G’) such that the matroid (2Mp(G’))/F is not connected
and the rank of each of its two components is at most | X| + |Y| — k — rank F' (as the
contraction-depth of each of its two components is the rank of the component increased
by one because each element is parallel to at least one other element). It follows that
there exists a linear subspace A of FY(G), which is the hull of the vectors representing
the elements of the set F as above, such that the matroid Mp(G’)/A is not connected
and the rank of each of its two components is at most |X| + |Y| — k — dim A. We
conclude that if the contraction*-depth of My(G’) is at most |X| + |Y| — k or if the
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contraction-depth of 2Mp(G’) is at most | X| + |Y| — k + 1, then there exists a linear
subspace A of FV(G" guch that the matroid Mpr(G’)/A is not connected and the rank
of each of its two components is at most | X| + |Y| — k — dim A.

It remains to show that the existence of a subspace A of FV(S) such that the
matroid Mp(G')/A is not connected and the rank of each of its two components is at
most |X| 4+ |Y| — k — dim A implies that there exists an independent set containing
k elements of X and k elements of Y. Fix such a subspace A. Let W be the set of
vertices w such that e,, is contained in A and let Ay be the subspace of A generated
by the vectors e,,, w € W. Since G'/A is not connected, the graph G’ \ W is also
not connected (recall that G’/ A is obtained by removing the vertices of W and then
contracting some edges). By Lemma 2 the matroid Mr(G’)/Aw is also not connected.
Since the space Ay is a subspace of A, the rank of each component of Mp(G')/Aw
is larger by at most dim A — dim Aw compared to the corresponding component of
Mr(G’)/A. Hence, the rank of each of the two components of Mr(G’)/Aw is at most
| X|+ Y| —k—dim Aw = |X|+1|Y|—k —|W]|. It follows that each component of the
graph G’/ Aw = G’ \ W contains at most | X | + |Y | — k — | W] vertices. Since the sum
of the sizes of the two components of G’ \ W is | X| + |Y| — |W|, each component of
G’ \ W has at least k vertices. In addition, the vertex set of each component of G'\ W
is either a subset of X or a subset of Y, which implies that there is no edge joining a
vertex of X \ W and a vertex of ¥ \ W and both sets X\ W and Y\ W have at least k
vertices. Hence, the graph G has an independent set containing k elements of X and
k elements of Y (such an independent set is a subset of V(G) \ W). O

We are now ready to state our hardness result.

Theorem 12 For every field F, each of the following five decision problems, whose
input is an F-represented matroid M and an integer d, is NP-complete:

— Is the contraction-depth of M at most d?

— Is the contraction®-depth of M at most d ?

Is the contraction-deletion-depth of M at most d?
— Is the contraction*-deletion-depth of M at most d?
— Is the deletion-depth of M at most d?

Proof 1t is NP-complete to decide for a bipartite graph G with parts X and Y and an
integer k whether there exist k-element subsets X’ € X and Y’ C Y such that X’ U Y’
is independent [47]. For an input bipartite graph G, let G’ be the graph obtained from
G by adding all edges between the vertices of X and between the vertices of Y. We
claim that the existence of such subsets X’ and Y’ is equivalent to each of the following
four statements:

— The matroid 2My(G") has contraction-depth at most | X| + |¥Y| — k + 1.

— The matroid Mr(G’) has contraction*-depth at most | X| + |Y| — k.

— The matroid (|V (G')| + 1) Mr(G’) has contraction-deletion-depth at most | X| +
Y| —k+ 1.

— The matroid (|V (G’)| + 1) Mr(G’) has contraction*-deletion-depth at most | X| +
Y| — k.
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The equivalences to the first and second statements follow directly from Lemma 3.
Since the rank of the matroid (|V(G")| + 1)My(G’) is |G’|, its contraction-deletion-
depth is at most |G’| + 1 and its contraction*-deletion-depth is at most |G'|. As each
element of the matroid (|V (G')|+1) Mr(G’) is parallel to (atleast) |V (G’)| elements of
the matroid, it follows that the contraction-deletion-depth of Mp(G’) is the same as its
contraction-depth and its contraction*-deletion-depth is the same as its contraction™-
depth. Lemma 3 now implies the equivalence of the third and fourth statements. As
the matroids 2Mpr(G’), Mr(G’) and (|V(G’)| + 1)Mp(G’) can be easily constructed
from the input graph G in time polynomial in |V (G)|, the NP-completeness of the
first four problems listed in the statement of the theorem follows.

For an F-represented matroid M, it is easy to construct an F-represented matroid
M* that is dual to M in time polynomial in the number of the elements of M [46,
Chapter 2]. Since the contraction-depth of M is equal to the deletion-depth of M*, it
follows that the fifth problem listed in the statement of the theorem is also NP-complete.

O

7 Concluding remarks

We would like to conclude with addressing three natural questions related to the work
presented in this paper.

In Sect.5, we have given a structural characterization of matrices A with gj(A)
bounded by showing that g(A) is bounded if and only if A is row-equivalent to a
matrix with small dual tree-depth and small entry complexity. Unfortunately, a similar
(if and only if) characterization of matrices A with g, (A) bounded does not seem to
be in our reach.

Problem 1 Find a structural characterization of matrices A with g, (A) bounded.

In view of Theorem 9, it may be tempting to think that such a characterization can
involve matrices with bounded incidence tree-depth as if a matrix A has bounded primal
tree-depth or it has bounded dual tree-depth, then go,(A) is bounded. However, the
following matrix A has incidence tree-depth equal to 4 and yet goo(A) grows with the
number ¢ of its columns; in particular, the vector (r — 1, 1, 1, ..., 1) is an element of
its Graver basis as it can be readily verified. We remark that a similar matrix was used
by Eiben et al. [18] in their NP-completeness argument.

1—1—1—=1---—1-1
01 —-10--0 0
01 0—1---0 0

0 0---—-10
0 0

1
1 -0 -1

In Sect.3, we have given structural characterizations of matrices that are row-
equivalent to a matrix with small primal tree-depth or small incidence tree-depth,
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which complements the characterization of matrices row-equivalent to a matrix with
small dual tree-depth from [8, 9]. We have also presented fixed parameter algorithms
(Theorems 6 and 8) for finding such a row-equivalent matrix with bounded entry com-
plexity if one exists; both of these algorithms are based on fixed parameter algorithms
for finding deletion-depth decompositions and contraction*-depth decompositions of
matroids over finite fields, which are presented in Corollary 1 in the case of deletion-
depth and in [8, 9] in the case of contraction®*-depth. We believe that similar techniques
would lead to a fixed parameter algorithm for contraction®-deletion-depth decomposi-
tions of matroids represented over a finite field (note that contraction*-deletion-depth
does not have an obvious description in monadic second order logic and so the algo-
rithmic results of Hlinény [29, 30] do not readily apply in this setting). However, it is
unclear whether such an algorithm would yield a fixed parameter algorithm for ratio-
nal matrices as we do not have structural results on the circuits of rational matrices
with small incidence tree-depth, which would reduce the case of rational matrices to
those over finite fields.

Another natural question is whether the upper bound on the depth of the principal
contraction™-tree given in Theorem 10, which is quadratic in the length of the longest
circuit of a represented matroid, can be improved. However, this turns out to be impos-
sible as we now argue. Since the minimum depth of a principal contraction*-tree of a
matroid M differs from cd(M), i.e. the minimum height of a contraction-tree of M,
by at most one, it is enough to construct a sequence of matroids M,, such that

— the length of the longest circuit of M,, is is at most O(n), and
— the contraction-depth of M, is at least Q2 (n3).

Hence, the quadratic dependence of the minimum depth in Theorem 10 is optimal up
to a constant factor. Still, it can be the case that the bound on the contraction*-depth
can be improved.

The matroids M,, are the graphic matroids of graphs G,, which are constructed
inductively. To facilitate the induction we will require slightly stronger properties.
Each of the graphs G, contains two distinguished vertices, denoted by r, and b,,, and
the following holds:

1. The length of any path in G,, between the vertices r,, and b,, is between n and 2n.
2. The length of any circuit in M,, is at most 4n.
3. The contraction-depth of M,, is at least (g)

If n = 1, we set G to be the two-vertex graph formed by two parallel edges, and
r1 and by are chosen as the two vertices of G . Note that the graph G and the matroid
M| = M (G) has the properties (7), (7), and (7). To obtain G,,, we start with a cycle
of length 2n and choose any two vertices at distance n to be r, and b,. This cycle
containing the vertices r, and b, will be referred to as the root cycle. We then add n
copies of G,,_1, connect the vertex r,_1 in each copy to the vertex r,, and connect the
vertex b,_1 in each copy to b,. The construction is illustrated in Fig.7.

Assuming that the matroid M, _; and the graph G,,_; have the properties (7), (7),
and (7), and we will show that the matroid M, and the graph G, also have these
properties.
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Gp—1 Gp—1 Gn—1

Fig. 7 The construction of the graph G,,. The vertices r; and r,,_; are drawn red while b, and b,_| are
drawn blue

We start with showing that G, has the property (7). Indeed, a path from r, to b, is
either contained in the root cycle or consists of a path between r,,_; and b,_1 in one
of the copies of G, —1, whose length is between n — 1 and 2(n — 1), together with two
edges joining r,_1 to r, and b,_1 to b,. In either of the cases, the length of the path
is between n and 2n as required.

Having established the property (7), we prove the property (7). Any circuit of the
matroid M,, corresponds to a cycle in the graph G,,, thus we can simply investigate the
lengths of cycles in G,,. First observe that a cycle of G,, contains either both vertices
r, and b, or neither of them. Every cycle containing r,, and b, consists of two paths
between r,, and b, and so its length is at most 4n, and every cycle containing neither
r, nor b, is contained entirely within a copy of G,_; and so its length is at most
4(n — 1) < 4n.

Finally, we argue that contraction-depth of M, is at least (g) Recall that contracting
an element of M,, corresponds to contracting the associated edge in the graph G,,, and
components of a graphic matroid correspond to blocks, i.e., maximal 2-edge-connected
components, of an associated graph. Since the length of any path between r, to b, is
at least n, until at least n edge contractions are performed in graph G,, the vertices
r, and b, are distinct and are contained in the same block. Hence, after n — 1 edge
contractions followed by deleting all blocks not containing the vertices r, and by,
(if such blocks appear), the graph still contains an intact copy G,_. It follows that
cd(My) = (n — 1) +cd(M,_1), which implies that cd(M,)) > (n — 1) + ("3 ") = (3).
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Parameterized algorithms for block-structured
integer programs with large entries*
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Abstract

We study two classic variants of block-structured integer programming. Two-stage stochastic programs
are integer programs of the form {A;x + D;y; = b; for all ¢ = 1,...,n}, where A; and D; are bounded-size
matrices. Intuitively, this form corresponds to the setting when after setting a small set of global variables x,
the program can be decomposed into a possibly large number of bounded-size subprograms. On the other
hand, n-fold programs are integer programs of the form {d"  Ciy; =a and D;y; = b; forall i = 1,...,n},
where again C; and D; are bounded-size matrices. This form is natural for knapsack-like problems, where we
have a large number of variables partitioned into small-size groups, each group needs to obey some set of local
constraints, and there are only a few global constraints that link together all the variables.

A line of recent work established that the optimization problem for both two-stage stochastic programs
and n-fold programs is fixed-parameter tractable when parameterized by the dimensions of relevant matrices
A;, C;, D; and by the maximum absolute value of any entry appearing in the constraint matrix. A fundamental
tool used in these advances is the notion of the Graver basis of a matrix, and this tool heavily relies on the
assumption that all the entries of the constraint matrix are bounded.

In this work, we prove that the parameterized tractability results for two-stage stochastic and n-fold
programs persist even when one allows large entries in the global part of the program. More precisely, we
prove the following: In this work, we prove that the parameterized tractability results for two-stage stochastic
and n-fold programs persist even when one allows large entries in the global part of the program. More
precisely, we prove the following;:

e The feasibility problem for two-stage stochastic programs is fixed-parameter tractable when parameter-

ized by the dimensions of matrices A;, D; and by the maximum absolute value of the entries of matrices D;.
That is, we allow matrices A; to have arbitrarily large entries.
e The linear optimization problem for n-fold integer programs that are uniform — all matrices C; are equal
— is fixed-parameter tractable when parameterized by the dimensions of matrices C; and D; and by the
maximum absolute value of the entries of matrices D;. That is, we require that C; = C foralli =1,...,n,
but we allow C to have arbitrarily large entries.
In the second result, the uniformity assumption is necessary; otherwise the problem is NP-hard already when
the parameters take constant values. Both our algorithms are weakly polynomial: the running time is measured
in the total bitsize of the input.

In both results, we depart from the approach that relies purely on Graver bases. Instead, for two-stage
stochastic programs, we devise a reduction to integer programming with a bounded number of variables using
new insights about the combinatorics of integer cones. For n-fold programs, we reduce a given n-fold program
to an exponential-size program with bounded right-hand sides, which we consequently solve using a reduction
to mixed integer programming with a bounded number of integral variables.
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1 Introduction

We study two variants of integer programming problems, where the specific structure of the constraint matrix
can be exploited for the design of efficient parameterized algorithms. Two-stage stochastic programs are integer
programs of the following form:

x €75, yi € 7%, and
(M) Ax+D;y; =b; forall:=1,2,...,n.

Here, A;, D; are integer k x k matrices' and each b; is an integer vector of length k. This form arises naturally

when the given integer program can be decomposed into multiple independent subprograms on disjoint variable

sets y;, except there are several global variables x that are involved in all the subprograms and thus link them. See

the survey of Shultz et al. [41] as well as an exposition article by Gavenéiak et al. [19] for examples of applications.
We moreover study n-fold programs which are integer programs of the form

yi € Z;Ov
(&) Z C’iyi = a, and
i=1

D;y; =b; foralli=1,2,...,n,

where again C;, D; are integer k x k matrices and a, b, are integer vectors of length k. These kind of programs
appear for knapsack-like and scheduling problems, where blocks of variables y; correspond to some independent
local decisions (for instance, whether to pack an item into the knapsack or not), and there are only a few
linear constraints that involve all variables (for instance, that the capacity of the knapsack is not exceeded).
See [9, 14, 19, 23, 28, 30, 32, 33] for examples of n-fold programs appearing naturally “in the wild”. Figure 1
depicts constraint matrices of two-stage stochastic and n-fold programs.

c, Cy ... C, B ¢, Cy ... C,
jl Dy D D, Ay Dy
2 2 D, Ao D,

Figure 1: Constraint matrices in two-stage stochastic, n-fold, and 4-block integer programs, respectively. (The
last kind will be discussed later.) Every block is a k x k matrix, where k is the parameter. Empty spaces denote
blocks of zeroes.

Both for two-stage stochastic programs and for n-fold programs, we can consider two computational problems.
The simpler feasibility problem just asks whether the given program has a solution: an evaluation of variables
in nonnegative integers that satisfies all the constraints. In the harder (linear) optimization problem, we are
additionally given an integer weight w, for every variable x appearing in the program, and the task is to minimize
Y 2 variable Wa - @ over all solutions.

Two-stage stochastic and n-fold programs have recently gathered significant interest in the theoretical
community for two reasons. On one hand, it turns out that for multiple combinatorial problems, their natural
integer programming formulations take either of the two forms. On the other hand, one can actually design
highly non-trivial fixed-parameter algorithms for the optimization problem for both two-stage stochastic and
n-fold programs; we will review them in a minute. Combining this two points yields a powerful algorithmic
technique that allowed multiple new tractability results and running times improvements for various problems of
combinatorial optimization; see [9, 19, 23, 28, 29, 30, 32, 33, 37| for examples.

Delving more into technical details, if by A we denote the maximum absolute value of any entry in the
constraint matrix, then the optimization problem for

TReliance on square matrices is just for convenience of presentation. The setting where blocks are rectangular matrices with

dimensions bounded by k can be reduced to the setting of k X k square matrices by just padding with 0Os.
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2
e two-stage stochastic programs (#) can be solved in time A2t -nlogo(kg) n [L1]; and

o n-fold programs (&%) can be solved in time (kA)O*") . nlog®**) p [10].

The results above are in fact pinnacles of an over-a-decade-long sequence of developments, which gradually
improved both the generality of the results and the running times [2, 10, 11, 14, 15, 16, 21, 24, 26, 35], as well
as provided complexity lower bounds [22, 34]. We refer the interested reader to the monumental manuscript of
Eisenbrand et al. [16] which provides a comprehensive perspective on this research area.

We remark that the tractability results presented above can be also extended to the setting where the global-
local block structure present in two-stage stochastic and n-fold programs can be iterated further, roughly speaking
to trees of bounded depth. This leads to the study of integer programs with bounded primal or dual treedepth,
for which analogous tractability results have been established. Since these notions will not be of interest in this
work, we refrain from providing further details and refer the interested reader to the works relevant for this
direction [3, 4, &, 10, 11, 15, 16, 26, 27, 34, 35].

All the abovementioned works, be it on two-stage stochastic or n-fold programs, or on programs of bounded
primal or dual treedepth, crucially rely on one tool: the notion of the Graver basis of a matrix. Intuitively
speaking, the Graver basis of a matrix A consists of “minimal steps” within the lattice of integer points belonging
to the kernel of A. Therefore, the maximum norm of an element of the Graver basis reflects the “granularity” of
this lattice. And so, the two fundamental observations underlying all the discussed developments are the following:

e in two-stage stochastic matrices (or more generally, matrices of bounded primal treedepth), the £, norm of

the elements of the Graver basis is bounded in terms of k (the dimension of every block) and the maximum
absolute value of any entry appearing in the matrix (see [16, Lemma 28]); and

e an analogous result holds for n-fold matrices (or more generally, matrices of bounded dual treedepth) and

the /1 norm (see [16, Lemma 30]).
Based on these observations, various algorithmic strategies, including augmentation frameworks [24, 35] and
proximity arguments [10, 11, 15], can be employed to solve respective integer programs.

The drawback of the Graver-based approach is that it heavily relies on the assumption that all the entries
of the input matrices are (parametrically) bounded. Indeed, the norms of the elements of the Graver basis are
typically at least as large as the entries, so lacking any upper bound on the latter renders the methodology
inapplicable. This is in stark contrast with the results on fixed-parameter tractability of integer programming
parameterized by the number of variables [12, 13, 18, 25, 38, 40], which rely on different tools and for which no
bound on the absolute values of the entries is required. In fact, two-stage stochastic programs generalize programs
with a bounded number of variables (just do not use variables y;), yet the current results for two-stage stochastic
programs do not generalize those for integer programs with few variables, because they assume a bound on the
absolute values of the entries.

The goal of this paper is to understand to what extent one can efficiently solve two-stage stochastic and n-fold
programs while allowing large entries on input.

Our contribution. We prove that both the feasibility problem for two-stage stochastic programs and the
optimization problem for uniform n-fold programs (that is, where C; = Cy = ... = C,,) can be solved in fixed-
parameter time when parameterized by the dimensions of the blocks and the maximum absolute value of any entry
appearing in the diagonal blocks D;. That is, we allow the entries of the global blocks (A; and C;, respectively)
to be arbitrarily large, and in the case of n-fold programs, we require that all blocks C; are equal. The statements
below summarize our results. (||P|| denotes the total bitsize of a program P.)

THEOREM 1.1. The feasibility problem for two-stage stochastic programs P of the form (#) can be solved in time
f(k, max; || Dilloo) - | P]| for a computable function f, where k is the dimension of all the blocks A;, D;.

THEOREM 1.2. The optimization problem for n-fold programs P of the form (&) that are uniform (that is, satisfy
Cy = ... = Cy) can be solved in time f(k,max; ||D;|so) - [|P|CY) for a computable function f, where k is the
dimension of all the blocks C;, D;.

The uniformity condition in Theorem 1.2 is necessary (unless P = NP), as one can very easily reduce SUBSET
SUM to the feasibility problem for n-fold programs with ¥ = 2 and D, being {0, 1}-matrices. Indeed, given an
instance of SUBSET SUM consisting of positive integers a, ..., a, and a target integer ¢, we can write the following
n-fold program on variables y1,...,Un, Y5, Yp € Zso: yi+y, =1foralli=1,...,nand > a;y; = t. We
remark that uniform n-fold programs are actually of the highest importance, as this form typically arises in
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applications. In fact, many of the previous works named such problems “n-fold”, while our formulation (&) would
be called “generalized n-fold”.

We also remark that the algorithm of Theorem 1.2 does not use the assumption that the number of rows of
matrix C' is bounded by k (formally, in the formal statement proved in the full version of this work, we do not
consider this number among parameters). However, we stress that the bound on the number of columns of C' is
heavily exploited, which sets our approach apart from many of the previous works [10, 15, 35].

Further, observe that Theorem 1.1 applies only to the feasibility problem for two-stage stochastic programs.
We actually do not know whether Theorem 1.1 can be extended to the optimization problem as well, and we
consider determining this an outstanding open problem. We will discuss its motivation in more details later on.
Also, we remark that Theorem 1.1 seems to be the first algorithm for feasibility of two-stage stochastic programs
that achieves truly linear dependence of the running time on the total input size; the earlier algorithms of [11, 35]
had at least some additional polylogarithmic factors.

Finally, note that the algorithms of Theorems 1.1 and 1.2 are not strongly polynomial (i.e., the running time
depends on the total bitsize of the input, rather than is counted in the number of arithmetic operations), while the
previous algorithms of [10, 11, 15, 35] for the stronger parameterization are. At least in the case of Theorem 1.1,
this is justified, as the problem considered there generalizes integer programming parameterized by the number
of variables, for which strongly polynomial FPT algorithms are not known.

Not surprisingly, the proofs of Theorems 1.1 and 1.2 depart from the by now standard approach through
Graver bases; they are based on entirely new techniques, with some key Graver-based insight needed in the case
of Theorem 1.2. In both cases, the problem is ultimately reduced to (mixed) integer programming with a bounded
number of (integral) variables, and this allows us to cope with large entries on input. We expand the discussion
of our techniques in Section 2, which contains a technical overview of the proofs.

4-block programs. Finally, we would like to discuss another motivation for investigating two-stage stochastic
and n-fold programs with large entries, namely the open question about the parameterized complexity of 4-block
integer programming. 4-block programs are programs in which the constraint matrix has the block-structured
form depicted in the right panel of Figure 1; note that this form naturally generalizes both two-stage stochastic
and n-fold programs. It is an important problem in the area to determine whether the feasibility problem for
4-block programs can be solved in fixed-parameter time when parameterized by the dimension of blocks k£ and
the maximum absolute value of any entry in the input matrix. The question was asked by Hemmecke et al. [20],
who proposed an XP algorithm for the problem. Improvements on the XP running time were reported by Chen
et al. [7], and FPT algorithms for special cases were proposed by Chen et al. [5]; yet no FPT algorithm for the
problem in full generality is known so far. We remark that recently, Chen et al. [6] studied the complexity of
4-block programming while allowing large entries in all the four blocks of the matrix. They showed that then the
problem becomes NP-hard already for blocks of constant dimension, and they discussed a few special cases that
lead to tractability.

We observe that in the context of the feasibility problem for uniform 4-block programs (i.e., with A4; = A
and C; = C for all i = 1,...,n), it is possible to emulate large entries within the global blocks A, B, C' using only
small entries at the cost of adding a bounded number of auxiliary variables. This yields the following reduction,
whose proof can be found in the full version of this work.

OBSERVATION 1. Suppose the feasibility problem for uniform 4-block programs can be solved in time f(k,A) -
| P|°DM) for some computable function f, where k is the dimension of every block and A is the mazimum absolute
value of any entry in the constraint matrixz. Then the feasibility problem for uniform 4-block programs can be
also solved in time g(k, max; | Di||oo) - | P|[CD) for some computable function g under the assumption that all the
absolute values of the entries in matrices A, B,C" are bounded by n.

Consequently, to approach the problem of fixed-parameter tractability of 4-block integer programming, it is
imperative to understand first the complexity of two-stage stochastic and n-fold programming with large entries
allowed in the global blocks. And this is precisely what we do in this work.

We believe that the next natural step towards understanding the complexity of 4-block integer programming
would be to extend Theorem 1.1 to the optimization problem; that is, to determine whether optimization of
two-stage stochastic programs can be solved in fixed-parameter time when parameterized by k and max; || D;||oc-
Indeed, lifting the result from feasibility to the optimization problem roughly corresponds to adding a single
constraint that links all the variables, and 4-block programs differ from two-stage stochastic programs precisely
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in that there may be up to k such additional linking constraints. Thus, we hope that the new approach to block-
structured integer programming presented in this work may pave the way towards understanding the complexity
of solving 4-block integer programs.
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Hausdorff Research Institute for Mathematics (HIM) in Bonn, Germany. We thank the organizers of the trimester
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2 Overview

In this section we provide a technical overview of our results aimed at presenting the main ideas and new conceptual
contributions. Complete and formal proofs of all our results can be found in the full version of this paper.

2.1 Two-stage stochastic programming. We start with an overview on the proof of Theorem 1.1. We will
heavily rely on the combinatorics of integer and polyhedral cones, so let us recall basic definitions and properties.

Cones. Consider an integer matrix D with ¢ columns and k rows. The polyhedral cone spanned by D is the
set cone(D) :={Dy:y € Rtgo} C R’;O, or equivalently, the set of all vectors in R’;O expressible as nonnegative
combinations of the columns of D. Within the polyhedral cone, we have the integer cone where we restrict
attention to nonnegative integer combinations: intCone(D) := {Dy:y € Zt)o} C ZF. Finally, the integer lattice is
the set lattice(D) := {Dy: y € Z!} C Z* which comprises all integer combinations of columns of D with possibly
negative coefficients.

Clearly, not every integer vector in cone(D) has to belong to intCone(D). It is not even necessarily the case
that intCone(D) = cone(D) N lattice(D), as there might be vectors that can be obtained both as a nonnegative
combination and as an integer combination of columns of D, but every such integer combination must necessarily
contain negative coeflicients. To see an example, note that in dimension k = 1, this is the Frobenius problem:
supposing all entries of D are positive integers, the elements of intCone(D) are essentially all nonnegative numbers
divisible by the gcd (greatest common divisor) of the entries of D, except that for small numbers there might be
some aberrations: a positive integer of order O(||D||%,) may not be presentable as a nonnegative combination of
the entries of D, even assuming it is divisible by the gcd of the entries of D.

However, the Frobenius example suggests that the equality intCone(D) = cone(D) N lattice(D) is almost true,
except for aberrations near the boundary of cone(D). We forge this intuition into a formal statement presented
below that says roughly the following: if one takes a look at intCone(D) at a large scale, by restricting attention
to integer vectors v € Z* with fixed remainders of entries modulo some large integer B, then intCone(D) behaves
like a polyhedron. In the following, for a positive integer B and a vector r € {0,1,..., B — 1}*, we let AZ be the
set of all vectors v € ZF such that v = r mod B, which means v; = r; mod B for all i € {1,...,k}.

THEOREM 2.1. (REDUCTION TO POLYHEDRAL CONSTRAINTS) Let D be an integer matriz with t columns and k
rows. Then there exists a positive integer B, computable from D, such that for everyr € {0,1,..., B — 1}¥, there
ezists a polyhedron Qy such that

AZ nintCone(D) = AP N Q,.
Moreover, a representation of such a polyhedron Qy can be computed given D and r.

In other words, Theorem 2.1 states that if one fixes the remainders of entries modulo B, then membership in
the integer cone can be equivalently expressed through a finite system of linear inequalities. Before we sketch the
proof of Theorem 2.1, let us discuss how to use this to solve two-stage stochastic programs.

The algorithm. Consider a two-stage stochastic program P = (A;, D;,b;: i € {1,...,n}) such that blocks
A;, D; are integer k x k matrices and all entries of blocks D; are bounded in absolute value by A. The
feasibility problem for P can be understood as the question about satisfaction of the following sentence, where
all quantifications range over Z’;O:

(2.1) Ix ( N\ 3y, Aix+ Diy; = bi> . or equivalently, Iy ( /\ bi—Aix € intCone(Di)> .

=1 =1

Applying Theorem 2.1 to each matrix D; yields a positive integer B;. Note that there are only at most (2A + 1)’€2
different matrices D; appearing in P, which also bounds the number of different integers B;. By replacing all B;s

Copyright (© 2024

744 Copyright for this paper is retained by authors



Downloaded 08/26/24 to 84.19.66.32 . Redistribution subject to SIAM license or copyright; see https.//epubs.siam.org/terms-privacy

with their least common multiple, we may assume that By = By, = ... = B, = B. Note that B is bounded by a
computable function of A and k.

Consider a hypothetical solution x, (y;: i € {1,...,n}) to P. We guess, by branching into B* possibilities,
a vector r € {0,1,...,B — 1}’“ such that x = r mod B. Having fixed r, we know how the vectors b; — A;x look
like modulo B, hence by Theorem 2.1, we may replace the assertion b; — A;x € intCone(D;) with the assertion
b; — A;x € Q,,, where r; € {0,1,..., B — 1}* is the unique vector such that b; — A;r = r; mod B. Thus, (2.1)
can be rewritten to the sentence

\/ I (x—rmodB)/\</n\biA¢X€Qri>,
i=1

re{0,1,...,.B—1}*

which is equivalent to

(2.2) \ 3,3, (x:B~z+r)/\</n\b7;—Aierri>.

re{0,1,...,B—1}¥ i=1

Verifying satisfiability of (2.2) boils down to solving B* integer programs on 2k variables x and z and linearly
FPT many constraints, which can be done in linear fixed-parameter time using standard algorithms, for instance
that of Kannan [25].

We remark that the explanation presented above highlights that Theorem 2.1 can be understood as a quantifier
elimination result in the arithmetic theory of integers. This may be of independent interest, but we do not pursue
this direction in this work.

Reduction to polyhedral constraints. We are left with sketching the proof of Theorem 2.1. Let
Z = AP nintCone(D). Our goal is to understand that Z can be expressed as the points of AZ that are contained
in some polyhedron Q = Q,.

The first step is to understand cone(D) itself as a polyhedron. This understanding is provided by a classic
theorem of Weyl [12]: given D, one can compute a set of integer vectors F C ZF such that

cone(D) = {v € R* | (f,v) >0 for all f € F}.

Here, (-,-) denotes the scalar product in R¥. We will identify vectors f € F with their associated linear functionals
v — (f,v). Thus, cone(D) comprises all vectors v that have nonnegative evaluations on all functionals in F. It
is instructive to also think of the elements of F as of the facets of cone(D) understood as a polyhedron, where
the functional associated with f € F measures the distance from the corresponding facet.

Recall that in the context of Theorem 2.1, we consider vectors of AZ, that is, vectors v € ZF such that
v =rmod B. Then (f,v) = (f,r) mod B for every f € F, hence we can find a unique integer ps € {0,1,...,B—1},
pe = (f,r) mod B, such that (f,v) = pfmod B for all v.€ AZ. Now (f,v) is also nonnegative provided
v € cone(D), hence

(f,v) € {ps,ps + B,pr + 2B, ...} for all f € F and v € AZ N cone(D).

Now comes the key distinction about the behavior of v € AZ N cone(D) with respect to f € F: we say that f
is tight with respect to v if (f,v) = pg, and is not tight otherwise, that is, if (f,v) > pr + B. Recall that in the
context of Theorem 2.1, we are eventually free to choose B to be large enough. Intuitively, this means that if f is
not tight for v, then v lies far from the facet corresponding to f and there is a very large slack in the constraint
posed by f understood as a functional. On the other hand, if f is tight with respect to v, then v is close to the
boundary of cone(D) at the facet corresponding to f, and there is a potential danger of observing Frobenius-like
aberrations at v.

Thus, the set R := AZ N cone(D) can be partitioned into subsets {Rg: G C F} defined as follows: Rg
comprises all vectors v € R such that G is exactly the set of functionals f € F that are tight with respect to v.
Our goal is to prove that each set Rg behaves uniformly with respect to Z: it is either completely disjoint or
completely contained in Z. To start the discussion, let us look at the particular case of Rg for G = (). These are
vectors that are deep inside cone(D), for which no functional in F is tight. For these vectors, we use the following
lemma, which is the cornerstone of our proof.
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LEMMA 2.1. (DEEP-IN-THE-CONE LEMMA, SIMPLIFIED VERSION) There exists a constant M, depending only
on D, such that the following holds. Suppose v € cone(D) N Z* is such that (f,v) > M for all f € F. Then
v € intCone(D) if and only if v € lattice(D).

Proof. The left-to-right implication is obvious, hence let us focus on the right-to-left implication. Suppose then
that v € lattice(D).

Let w = > 4cp L - d, where the summation is over the columns of D and L is a positive integer to be fixed
later. Observe that for every f € F, we have (f,v —w) > M — L-% ", _,(f,d). Therefore, if we choose M to
be not smaller than L - max¢er ||f]|1 - || D|/co, then we are certain that (f,v —w) > 0 for all f € F, and hence
v —w € cone(D). Consequently, we can write v—w = Dy for some y € Rtgo- Lety’ € Z;O be such that y; = |y;]
for alli e {1,...,t}, and let v/ = w 4+ Dy’. Then

v =¥'lloc = 1Dy =¥ )lloc <t [IDloc-

On the other hand, we clearly have v/ € intCone(D) and by assumption, v € lattice(D). It follows that
v — V' € lattice(D). From standard bounds, see e.g. [39], it follows that there exists z € Z' with v —v’ = Dz such
that ||z||; is bounded by a function of D and ||v — v'||s, which in turn is again bounded by a function of D as
explained above. (Note here that ¢ is the number of columns of D, hence it also depends only on D.) This means
that if we choose L large enough depending on D, we are certain that ||z||; < L. Now, it remains to observe that

v=w+Dy +(v—v)=DL-1+y +2z),

where 1 denotes the vector of ¢ ones, and that all the entries of L-1+y’ 4+ z are nonnegative integers. This proves
that v € intCone(D). |

We remark that the statement of Lemma 2.1 actually follows from results present in the literature, concerning
the notion of diagonal Frobenius numbers. See the work of Aliev and Henk [1] for a broader discussion and pointers
to earlier works. As we will discuss in a moment, in this work we actually use a generalization of Lemma 2.1.

Consider any u,v € R. Since all the entries of u — v are divisible by B, it is not hard to prove the following:
if we choose B to be a large enough factorial, then u € lattice(D) if and only if v € lattice(D). Hence, from
Lemma 2.1 it follows that Ry is either entirely disjoint or entirely contained in Z.

A more involved reasoning based on the same fundamental ideas, but using a generalization of Lemma 2.1,
yields the following lemma, which tackles also the case when some functionals of F are tight with respect to the
considered vectors.

LEMMA 2.2. Suppose u,v € R are such that for every £ € F, if £ is tight with respect to u, then f is also tight
with respect to v. Then u € Z implies v € Z.

We remark that the proof of Lemma 2.2 actually requires more work and more ideas than those presented in
the proof of Lemma 2.1. In essence, one needs to partition functionals that are tight with respect to u into those
that are very tight (have very small pg¢) and those that are only slightly tight (have relatively large pg) in order to
create a sufficient gap between very tight and slightly tight functionals. Having achieved this, a delicate variant
of the reasoning from the proof of Lemma 2.1 can be applied. It is important that whenever a functional f € F
is tight with respect to both u and v, we actually know that (f,u) = (f,v) = ps. Note that this is exactly the
benefit achieved by restricting attention to the vectors of AZ.

Using Lemma 2.2, we can immediately describe how the structure of Z relates to that of R.

COROLLARY 2.1. For every G C F, either RgNZ =0 or Rg C Z. Moreover, if Rg C £ and Rg is non-empty,
then Rgr C Z for all G’ C G.

Corollary 2.1 suggests now how to define the polyhedron Q. Namely, Q is defined as the set of all v € RF
satisfying the following linear inequalities:

e inequalities (f,v) > 0 for all f € F that define cone(D); and

e for every G C F such that Rg is nonempty and Rg N Z = {, the inequality

g v) =1+ > pe.

g€eg g€eg
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In essence, the inequalities from the second point “carve out” those parts R¢ that should not be included in Z.
We note that computing the inequalities defining Q requires solving several auxiliary integer programs to figure
out for which G C F the corresponding inequality should be included.

It is now straightforward to verify, using all the accumulated observations, that indeed Z = RN Q as required.
This concludes a sketch of the proof of Theorem 2.1.

2.2 n-fold programming. We now give an overview of the proof of Theorem 1.2. For simplicity, we make the
following assumptions.

e We focus on the feasibility problem instead of optimization. At the very end, we will remark on what
additional ideas are needed to also tackle the optimization problem.

e We assume that all the diagonal blocks D; are equal: D; = D for all i € {1,...,n}, where D is a k x k
integer matrix with ||D|cc < A. This is only a minor simplification because there are only (2A + 1)"32
different matrices D; with || D;||cc < A, and in the general case, we simply treat every such possible matrix
“type” separately using the reasoning from the simplified case.

Breaking up bricks. Basic components of the given n-fold program P = (C,D,a,b;: i € {1,...,n}) are
bricks: programs Dy, = b, for i € {1,...,n} that encode local constraints on the variables y;. While the entries
of D are bounded in absolute values by the parameter A, we do not assume any bound on the entries of vectors b;.
This poses an issue, as different bricks may possibly have very different behaviors.

The key idea in our approach is to simplify the program P by iteratively breaking up every brick Dy = b
into two bricks Dy = b’ and Dy = b” with strictly smaller right-hand sides b’, b”, until eventually, we obtain an
equivalent n-fold program P’ in which all right-hand sides have f,,-norms bounded in terms of the parameters.
The following lemma is the crucial new piece of technology used in our proof. (Here, we use the conformal order
on ZF: we write u C v if |uli]| < |v[i]| and u[i] - v[i] >0 for all i € {1,...,k}.)

LEMMA 2.3. (BRICK DECOMPOSITION LEMMA) There ezists a function g(k,A) € 2068 guch that the
following holds. Let D be an integer matriz with t columns and k rows and all absolute values of its entries
bounded by A. Further, let b € ZF be an integer vector such that ||bllec > g(k,A). Then there are non-zero
vectors b’ b" € ZF such that:

e b’ b"Cbandb=>b'+b"; and

e for every v € Zéo satisfying Dv = b, there exist v/, v" € Zéo such that

v=v +v’, Dv' =P/, and Dv" =b".

In other words, Lemma 2.3 states that the brick Dy = b can be broken into two new bricks Dy’ = b’
and Dy” = b” with conformally strictly smaller b’, b” so that every potential solution v to Dy = b can be
decomposed into solutions v/, v” to the two new bricks. It is easy to see that this condition implies that in P, we
may replace the brick Dy = b with Dy’ = b’ and Dy” = b” without changing feasibility or, in the case of the
optimization problem, the minimum value of the optimization goal. In the latter setting, both new bricks inherit
the optimization vector c¢; from the original brick.

Before we continue, let us comment on the proof of Lemma 2.3. We use two ingredients. The first one is the
following fundamental result of Klein [26]. (Here, for a multiset of vectors A, by > A we denote the sum of all
the vectors in A.)

LEMMA 2.4. (KLEIN LEMMA, VARIANT FROM [11]) Let Th,..., T, be non-empty multisets of vectors in Z¥ such
that -1y = > Ty = ... = >.T,, and all vectors contained in all multisets Ty, ..., T, have Lo-norm bounded
by A. Then there are non-empty multisets S1 C Ti,...,S, C Ty, each of size at most QO(kA)k, such that

S =8 =...= Y5,

In the context of the proof of Lemma 2.3, we apply Lemma 2.4 to the family of all multisets 7" that consist
of columns of D and satisfy YT = b. By encoding multiplicities, such multisets correspond to vectors v € Z’;O
satisfying Dv = b. (We hide here some technicalities regarding the fact that this family is infinite.) By Lemma 2.4,
from each such multiset 7', we can extract a submultiset S of bounded size such that all the submultisets .S sum
up to the same vector b’. Denoting b” = b — b/, this means that every vector v € Zgo satisfying Dv = b can

be decomposed as v = v/ + v” with v/,v" € Z;O so that Dv/ = b’ and Dv” = b”. Namely, v’ corresponds
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to the vectors contained in S and v” corresponds to the vectors contained in 7" — S, where T is the multiset
corresponding to v.

There is an issue in the above reasoning: we do not obtain the property b’, b” C b, which will be important in
later applications of Lemma 2.3. To bridge this difficulty, we apply the argument above exhaustively to decompose
b as b; 4+ ...+ b,,, for some integer m, so that every vector b; has the /,,-norm bounded by 20(k2)* and every
vector v € ZZO satisfying Dv = b can be decomposed as v = vy + ...+ v,, where v; € Z’;O satisfies Dv; = b;.
Then, we treat vectors by, ..., b,, with the following lemma.

m

LEMMA 2.5. Let uy,...,u,, be vectors in Z* of ls.-norm bounded by Z, and let b = Yoisiui. Then the vectors

uj,..., U, can be grouped into non-empty groups Uy, ..., Uy, each of size at most O(A)zk_l, so that > U; C b
foralli=1,... 4.

More precisely, Lemma 2.5 allows us to group vectors by,...,b,, into groups of bounded size so that the
sum within each group is sign-compatible with b. Assuming ||b||s is large enough, there will be at least two
groups. Then, any non-trivial partition of the groups translates into a suitable decomposition b = b’ + b” with
b’,b” C b.

The proof of Lemma 2.5 is by induction on k and uses arguments similar to standard proofs of Steinitz
Lemma. This concludes a sketch of the proof of Lemma 2.3.

Once Lemma 2.3 is established, it is natural to use it iteratively: break b into b’,b”, then break b’ into
two even smaller vectors, and so on. By applying the argument exhaustively, eventually we obtain a collection of
vectors by, ..., b, C bsuch that b=b; +...+ by, ||bi|lec < (k)™ gy all i € {1,...,m}, and every v € Z’;O
satisfying Dv = b can be decomposed as v =vy + ...+ v, with v; € Z’;O and Dv, = b; for all i € {1,...,m}.

We call such a collection a faithful decompostion of b of order (k)™

There is an important technical caveat here. Observe that the size m of a faithful decomposition of a right-
hand side b can be as large as Q(||b||1), which is ezponential in the bitsize of the program P. So we cannot
hope to compute a faithful decomposition explicitly within the target time complexity. However, observe that all
vectors b; in a faithful decomposition B are bounded in ¢, -norm by = = Q(kA)O(k), and there are only at most
(22 + 1)* different such vectors. Therefore, B can be encoded by storing, for each vector b’ present in B, the
multiplicity of b’ in B. Thus, describing B takes 22 . log |b||s bits.

With this encoding scheme in mind, we show that a faithful decomposition B of a given vector b of order at
most Z can be computed in fixed-parameter time f(A, k) - (log ||b||o0)°™"), for a computable function f. For this,
we show that one can extract parts of the decomposition in “larger chunks”, at each step reducing the ¢;-norm
of the decomposed vector by a constant fraction; this gives a total number of steps logarithmic in ||b|;. In each
step, to extract the next large chunk of the decomposition, we use the fixed-parameter algorithm for optimization
problems definable in Presburger arithmetic, due to Koutecky and Talmon [36]. We remark that in our context,
this tool could be also replaced by the fixed-parameter algorithm of Eisenbrand and Shmonin [17] for V3 integer
programming.

Reduction to (mixed) integer programming with few variables. With faithful decompositions
understood, we can compute, for every right-hand side b; part of P, a faithful decomposition {b},...,b""}
of b;. This allows us to construct an equivalent (in terms of feasibility and optimization) n-fold program P’ by
replacing each brick Dy; = b; with bricks Dy! = b for j € {1,...,m;}. Thus, the program P’ has an exponential
number of bricks, but can be computed and described concisely: all right-hand sides are bounded in the £,-norm
by at most =, so for every potential right-hand side b, we just write the multiplicity in which b appears in P’.
We remark that such high-multiplicity encoding of n-fold integer programs has already been studied by Knop et
al. [31].

For convenience, let RHS := {—Z,...,Z}* be the set of all possible right-hand sides, and for b € RHS, by
count[b] we denote the multiplicity of b in P’.

It is now important to better understand the set of solutions to a single brick Dy = b present in P’. Here
comes a key insight stemming from the theory of Graver bases: as (essentially) proved by Pottier [39], every
solution w € Z’;O to Dw = b can be decomposed as w = w + g1 + ... + g, where

oW € Z’;O is a base solution that also satisfies DW = b, but |W| is bounded by a function of A

and ||b||s, and
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® gi,...,8 € Z’;O are elements of the Graver basis of D.

Here, the Graver basis of D consists of all conformally-minimal non-zero vectors g satisfying Dg = 0. In particular,
it is known that the Graver basis is always finite and consists of vectors of £, norm bounded by (2kA +1)* [15].
The decomposition explained above will be called a Graver decomposition of w.

For b € RHS, let Base[b] be the set of all possible base solutions W to Dy = b. As ||b|jx < Z and E is
bounded by a function of the parameters under consideration, it follows that Base[b] consists only of vectors of
bounded /,,-norms, and therefore it can be efficiently constructed.

Having this understanding, we can write an integer program M with few variables that is equivalent to P’.
The variables are as follows:

e for every b € RHS and W € Base[b], we introduce a variable (2 € Zs that signifies how many times in

total w is used in the Graver decompositions of solutions to individual bricks.

o for every nonnegative vector g in the Graver basis of D, we introduce a variable dg € Z3( signifying how

many times in total g appears in the Graver decompositions of solutions to individual bricks.
Note that since program P’ is uniform, the guessed base solutions and elements of the Graver basis can be assigned
to any brick with the same effect on the linking constraints of P’. Hence, it suffices to verify the cardinalities and
the total effect on the linking constrains of P’, yielding the following constraints of M:

e the translated linking constraints:  ycris 2w eBase[b] ¢b.ow+ > _geGraver(D),g>0 g - C8 = a.

o for every b € RHS, the cardinality constraint } g cpacemn) (2 = count[b].

Noting that the number of variables of M is bounded in terms of the parameters, we may apply any fixed-
parameter algorithm for integer programming parameterized by the number of variables, for instance that of
Kannan [25], to solve M. This concludes the description of the algorithm for the feasibility problem.

In the case of the optimization problem, there is an issue that the optimization vectors ¢; may differ between
different bricks, and there may be as many as n different such vectors. While the Graver basis elements can be
always greedily assigned to bricks in which their contribution to the optimization goal is the smallest, this is not
so easy for the base solutions, as every brick may accommodate only one base solution. We may enrich M by
suitable assignment variables w‘%z to express how many base solutions of each type are assigned to bricks with
different optimization vectors; but this yields as many as Q(n) additional variables. Fortunately, we observe that
in the enriched program M, if one fixes any integral valuation of variables Q‘% and dg, the remaining problem on
variables w‘l;v’i corresponds to a flow problem, and hence its constraint matrix is totally unimodular. Thus, we may
solve M as a mixed integer program where variables w‘%i are allowed to be fractional. The number of integral
variables is bounded in terms of parameters, so we may apply the fixed-parameter algorithm for mixed integer
programming of Lenstra [38].
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