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Abstract. Segmentation into topically coherent segments is one of the crucial
points in information retrieval (IR). Suitable segmentation may improve the results
of IR system and help users to find relevant passages faster. Segmentation is
especially important in audiovisual recordings, in which the navigation is difficult.
We present several methods used for topic segmentation, based on textual, audio
and visual information. The proposition of our approach to topic segmentation
based on the fusion of audio and visual data is presented in the article.

Introduction
Information Retrieval could be defined as “finding material (usually documents) of an unstructured
nature (usually text) that satisfies an information need from within large collections (usually stored on
computers)” [Manning et al. (2008)]. We are interested in the case when the documents are in audiovisual
format and the queries on the collection are in textual format. This kind of retrieval could be converted
into retrieval in textual documents using automatically processed audio track of the recording [Heeren
et al. (2009)].
But the retrieval in a speech or audiovisual documents still differs from the retrieval in textual
documents. The biggest difference is that no indentation is given in speech. The sentence boundaries are
difficult to identify in speech, similarly to the segmentation into more complex units. The transcripts
also contain numerous errors and the vocabulary used in speech differs from the vocabulary used in
texts. On the other hand, speech contains different type of information, such as pauses, which could be
useful for segmentation into coherent parts. Such topic segmentation may, in turn, influence the quality
of information retrieval in audiovisual recordings.

Topic Segmentation
According to Morris and Hirst (1991) the sentences and the phrases of any sensible text refer to the
same topic and text thus has a quality of unity. This cohesion could be achieved using particular means,
such as back-reference, conjunction and semantic word relations.
The nature of topics is hierarchical. For instance, a whole book could be considered as one topically
coherent segment. In a closer view, chapters could be recognised as book’s subsegments and the paragraphs are the subsegments of the chapters. Sometimes, one sentence or n-gram form a topically coherent
segment. Therefore, the exact definition of a topic varies with the utilization of the segmentation.
Eskevich and Jones (2011) showed that the quality of topic segmentation used in the recordings
affects the quality of information retrieval. When comparing TextTiling and C99 algorithms, the retrieval
worked significantly better if TextTiling segmentation algorithm was employed in their experiments.
Eskevich et al. (2012) then applied several segmentation methods, including TextTiling segmentation
and regular segmentation according to the number of words in text, and compared the results of the
information retrieval in dependency on a segmentation type.
Topic segmentation of an audiovisual recording could be based on the segmentation of the transcript
of the audio track of the recording. The influence of the transcripts errors on the segmentation quality
is ambiguous. Malioutov et al. (2007) showed differences in the evaluation of segmentation algorithms
in dependency on employing either manual or automatic transcripts. On the other hand, Hsueh and
Moore (2007) showed that despite the word recognition error (word error rate is equal to 39.1%), their
segmentation system was not significantly worse if it worked with automatically processed transcripts
than if it worked with reference transcripts. But Hsueh and Moore (2007) used also audio and visual
features, which could have reduced the number of errors.
Approaches to Topic Segmentation
Topic segmentation algorithms can be divided into three categories:
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1. Lexical-Cohesion-Based
These systems use only textual information. They are based on the assumption that the segment
we are looking for is lexically coherent (for instance it uses coherent vocabulary). Examples of
such systems are TextTiling [Hsu et al. (2004)], C99 [Choi (2000)], LCSeg [Galley et al. (2003)],
MinCut [Malioutov and Barzilay (2006)], Dotplot [Kumar et al. (2011)], IClustSeg [Pérez and
Pagola (2010)], TextLec [Rojas and Pagola (2007)], DivSeg [Song et al. (2011)], NM09 [Niekrasz
and Moore (2009)], U00 [Utiyama and Isahara (2001)], JSeg [Bartkova (2006)], Transeg [Labadié
and Prince (2008)], LCP [Kozima (1993)], TopSeg [Hsu et al. (2004)].
2. Feature-Based
Particular features are mined from the text or recording when this system is being used. Then, a
selected machine learning technique is applied. Examples of such systems are [Hsueh and Moore
(2007)], [Franz et al. (2003)], [Kauchak and Chen (2005)], [Passonneau and Litman (1997)], [Tür
et al. (2001)], [Kauchak and Chen (2005)].
3. Model-Based
These systems are based either on Hidden Markov Models [Jeong and Titov (2010); Tür et al.
(2001)] or on some sampling methods [Eisenstein and Barzilay (2008); Utiyama and Isahara (2001)].
Lexical-Cohesion-Based Systems
The basic property of the lexical-cohesion-based systems is a metric which is applied to calculate
similarities between the segments. The systems also approach differently in the way of extracting the
segments (between which the similarity is then calculated) and postprocessing calculated similarity.
C99 and TextTiling are two most frequently used lexical-cohesion-based systems. Both are based
on the cosine similarity. The cosine similarity between segments x and y is calculated as follows:
P
j fx,j ∗ fy,j
sim(x, y) = qP
P 2
2
j fx,j ∗
j fy,j
where fi,j denotes the frequency of word j in segment i.
In C99 algorithm the similarity between each pair of sentences is calculated and the similarity matrix
is based on these values. Subsequently, ranked matrix is created according to the values of the similarity
matrix. Each value in the similarity matrix is replaced by its rank – a number of neighbouring segments
with a lower similarity value [Choi (2000)]. Finally, clustering is applied and the regions with maximum
density are located in the ranked matrix. These regions form coherent segments.
In contrast, a fixed-length window is slid through the text in TextTiling algorithm. The cosine
distance between the left and the right side of the window is calculated and this information is converted
into a digital signal. Signal is eventually smoothed and the shape of this post-processed signal determines
the segment breaks [Hearst (1993)].
Feature-Based Systems
The advantage of this approach comparing with the lexical-cohesion-based approach is that the
information from all modalities can be used. Authors who used this approach present many possible
features but not all of them have been actually used. We can divide these features according to their
modality:
1. Textual Features
Lexical Features such as cue words and n-grams that often stand at the beginning or at the end
of the segment (e.g. now, okay, let’s, um, so, good night . . . ) [Hsueh and Moore (2007)]. Or,
only selected word classes can be used, for instance Franz et al. (2003) uses only nouns.
Contextual Features such as dialogue act type [Hsueh and Moore (2007)] or tense [Niekrasz and
Moore (2009)]. It is also possible to use the role of a speaker, if it is available (e.g. interlocutor,
guest or project manager).
Vocabulary used in a segment. Part of speech tags, some groups of words such as months, days,
country names or named entities can be used as well. Hsueh and Moore (2007) claim that
a interlocutor often mentions agenda items (e.g. presentation, meeting) around the segment
boundary. Information about whether the segment contains a pronoun, a number or a direct
speech could also be used.
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Lexical Chains and information about whether the word appears in the next or previous few
word/sentences are suggested to be used [Beeferman et al. (1999); Kauchak and Chen (2005)].
2. Audio Features
Prosodic Features such as fundamental frequency (maximum, mean or its pattern across the
segment boundary) [Tür et al. (2001)], energy at multiple points, the pitch contour [Tür et al.
(2001)], which must be relative to the speaker’s baseline, the rate of speech (number of words
and the number of syllables spoken per second), silence [Bartkova (2006)] and the duration of
pauses [Shriberg et al. (2000)], vowels [Bartkova (2006)] and especially final vowels and final
rhymes [Tür et al. (2001)]. The length of silence seems to be particularly important [Hsueh
and Moore (2007)]. Shriberg et al. (2000) observed that the segment is likely to start with
higher pitched sounds and with a lower rate of speech and the speaker have a tendency to fall
in pitch and, again, to decelerate at the end of the segment.
Conversational Features for instance the amount of overlapping speech [Hsueh and Moore
(2007)] and the frequency of speaker’s change [Niekrasz and Moore (2009)].
3. Visual Features
Color Similarity which is mainly based on a histogram.
Motion Similarity usually uses pixel comparison. Hsueh and Moore (2007) showed that frontal
shots and a hand movement could be a significant feature. Eisenstein and Barzilay (2008)
introduced segmentation based on gestural features, especially on the eye gaze behaviour.
Some authors recall edges detection as another applicable feature.
Bag of Visual Words is a method based on the detection of several points and regions of interest
and their further classification according to the created dictionary of visual features.
More features could be also combined into a single one. For instance, some authors proclaim that
lexical features should be particularly combined with the audio and the visual features, such as pauses
or speaker changes.

Multimodal Fusion Models
Llinas et al. (2004) defined information fusion as “an information process that associates, correlates
and combines data and information from single or multiple sensors or sources to achieve refined estimates
of parameters, characteristics, events and behaviours”. Fusion thus can be an effective method for mixing
various data modality in the segmentation process. It could especially help to make segmentation more
robust.
There are three basic levels of fusion: early, intermediate and late fusion. The early fusion strategy
concatenates all possible features and only one decision is taken using all of these features. In contrast,
the late fusion strategy takes one decision for each data source. In the intermediate fusion strategy
different feature vectors are created and further processed by Hidden Markov Models.

Proposed Solution
At first, we would like to examine topical segmentation in Search subtask of Search and Hyperlinking
task in MediaEval1 Benchmark. The main aim of the Search subtask is to find exact segments relevant
to the given query in the collection of audiovisual data. Therefore, we will segment the recordings and
use IR system to retrieve the relevant segment. Created system should be further adapted and applied
in Dialogy corpus2 . As a result, system will enable information retrieval in this corpus.
As far as the proposed system is concerned, there are several points that must be taken into account.
For instance, the most of the recordings provided by MediaEval Benchmark are in English but the most
of the recordings in Dialogy corpus are in Czech. Our system should therefore be language independent.
The type of the data also differs; MediaEval works with the unprofessional news from Blip.tv3 and Dialog
corpus consists of Czech Television discussion programmes. The size of training data in MediaEval and
1 http://www.multimediaeval.org

3 http://blip.tv

2 http://ujc.dialogy.cz
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in Dialogy corpus is expected to be small but it would be possible to use another type of data for training,
such as TDT4 or Malach5 corpora.
We would like to use all kinds of modality in the proposed system. Therefore, machine learning
method based on the features appears to be the best solution of our problem. Different modality features
will be mixed together using a fusion. Our method thus will be similar to the approach described by
Hsu et al. (2004). Hsu employs Maximum Entropy statistical model with following features: the anchor
face, commercials detection, pitch jump, length of pauses, speech segments, speech rapidity and a variety
of lexical, semantic and structural features calculated from ASR transcripts. The most of the features
used in our system will be text-based. The output of cohesion-based algorithm (TextTiling) will be one
of them because this system achieved good results (comparing to another cohesion-based algorithm) in
[Eskevich and Jones (2011)]. Smaller amount of visual features will be used in our experiments. We
will put the emphasis on using shot detection, which is available with MediaEval data and could also be
relatively easy to obtain in Dialogy corpus.
We would also like to enable users to correct the segmentation in Dialogy corpus. Therefore, it
should be possible to incorporate these corrections to improve the segmentation. Some kind of active
learning technique may be used for this purpose.
For the retrieval in the set of created segments we will use one of available open source IR software.
Middleton and Baeza-yates (2007) give an overview of such systems with their positive sides and drawbacks. Precision and recall of retrieval are especially important for us. According to the results of the
comparison, we will use Terrier6 search engine. Not only Terrier achieved good results in the comparison,
but it also offers a wide range of possible settings.

Conclusion
We described various methods used for segmentation of audiovisual recordings to allow their further
usage in information retrieval process. The closer description of several algorithms based on a lexical
cohesion was given, as well as the list of features which may be used by the feature-based segmentation
algorithms. Eventually, the projects in which we would like to employ the segmentation were described
and a solution was proposed with a respect to the given attributes of these projects.
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