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Abstract. The aim of this paper is to investigate whether non-negative
matrix factorization (NMF) can be useful for semantic segmentation of
large full-text documents. NMF is a universal technique that decomposes
the monolithic structure of a massive dataset into different trends. In case
of textual data these trends can be interpreted as topics. Thereby NMF
can associate each document with topics covered in it, however, without
linking topics to the certain parts of that document. In this paper, we
complement this traditional NMF technique with a new goal: for a given
full-text document we build a semantic map which links document’s parts
with topics covered in it.

Keywords: non-negative matrix factorization, text segmentation, topic
modeling.

1 Introduction

Text segmentation is a very interesting challenge in the field of natural language
processing. It arises in many information retrieval applications providing users
with quick access to document repositories. Since full-text documents stored in
such repositories are usually large to read and analyze, information retrieval
applications should be able to divide them into chunks and deliver the most
relevant chunks to users in accordance to their requests [1].

In this paper, we focus on the task of segmentation of full-text documents
from a topic modeling perspective. In recent years, topic modeling is gaining mo-
mentum in data mining in general [2], and in particular in the text segmentation
field [3]. Recent work in this field has shown that using topic distribution over
documents instead of term distribution can significantly increase segmentation
performance [4,5,6,7,8,9].

The segmentation mechanism drawn from topic modeling is very simple. At
first, each document is divided on small segments (e.g., sentences or paragraphs).
At second, topics covered in this document are revealed, and each word in each
segment is associated with one topic; thereby, for each segment topic occurrences
are defined. At last, adjacent document’s segments sharing a certain number of
common topics are merged into topical chunks.
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One of the most popular approaches to topic modeling is non-negative matrix
factorization (NMF). In general, NMF is a well-recognized technique due its
ability to extract relevant structures of data and may thus contribute to a deeper
understanding of data behavior [10]. This technique, being applied to a collection
of full-text documents, maps it into a space of topics. For example, in Fig. 1,
NMF is applied to a co-occurrence matrix of a collection, which consists of 5
documents. As we can see from the figure, after matrix factorization, document
1 is represented as a combination of topic 1 and topic 3. Simultaneously, topic 3
is represented as a combination of term 2, term 4 and term 5, and term 5 is the
most significant for this topic.
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Fig. 1. A sample of non-negative matrix factorization.

As we can see, NMF has two useful applications. Firstly, for each document it
defines the most weighted topics, which we call relevant topics. Secondly, for each
topic it finds the most weighted terms, which we call support terms. In this paper,
we use support terms for the semantic segmentation of full-text documents.
Our contribution is to complement the traditional NMF representation with
a new goal: the creation of a semantic map of the given document through
using support terms as map’s nodes. We suppose that, by linking these nodes to
the corresponding parts of the document, we achieve its smart and comfortable
segmentation.

The rest of this paper is organized as follows. In Section 2, we discuss previous
work on text segmentation and explain our reasons to use NMF. In Section
3, we present proposed approach. In particular, we demonstrate how we link
support terms with the document parts, and present some experimental results.
In Section 4, we formulate conclusions and plans for our future work.

2 Related Work

The most simple and intuitive algorithm of text segmentation is TextTiling [11].
It uses a sliding window to move through a document and capture text blocks
(tiles). The similarity between consecutive blocks are calculated on the base of
cosine metrics. The calculated values are used to draw a similarities curve that
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tracks topics changes between consecutive blocks so that the segment boundaries
are chosen at the local minima of the curve. The main disadvantage of TextTiling
is low accuracy because of the sparsity of text blocks.

Another simple algorithm of text segmentation is C99 [12]. At first, it divides
the input document into minimal blocks (sentences) and for each block calculates
its rank based on the blocks similarities. Then it performs divisive clustering
starting with the whole document and splitting it to parts in accordance with
blocks’ ranks. In [13] C99 algorithm is improved by applying Latent Semantic
Analysis for calculating the blocks’ similarity matrix.

C99 algorithm also is used in [1]. This work addresses the issue of providing
topic driven access to full-text documents. Authors of this work apply C99 to
subdivide documents into smaller thematically homogeneous parts that can be
used as link targets. They try to perform segmentation as accurate as possible:
document parts should be of such sizes that "shrinking them would cause relevant
information to be left, and expanding them would bring in too much non-relevant
information" [1]. However, they concentrate only on the segmentation phase
without details of designing a whole navigation system.

As we have mentioned in the introduction, a considerable line of research
explores text segmentation methods based on topic modeling. The most popular
algorithms for topic modeling are Latent Dirichlet Allocation (LDA) [3], [8,9,10]
and Non-negative Matrix Factorization (NMF) [10,11]. Although output of LDA
is very similar to the output of NMF, these models are fundamentally different
in nature: LDA is based on a Bayesian probabilistic model; whereas NMF is
based on algorithms of linear algebra that fit root mean squared error. As it’s
shown in [14], both LDA and NMF can discover concise and coherent topics and
demonstrate similar performance, however NMF learns more incoherent topics
than LDA. Authors of [15] also compare LDA and NMF, and conclude that NMF
better than LDA "from the perspectives of consistency from multiple runs and
early empirical convergence.

We choose NMF here because of its basis sparseness [16]. Basis sparseness
means that NMF uses less basis features (terms) than LDA. This makes NMF
topics more overlapped, i.e. more semantically related to each other than LDA
ones (see an example represented by Table 1). We consider that these relations
are essential for the understanding of how the document’s semantic map should
be organized.

Fig. 2 gives a visual interpretation of Table 1. The four topics are shown in
Fig.2, and some of them are linked with other topics through specific key terms.

3 Proposed Approach

Our method of text segmentation consists of 5 steps. Firstly, we should subdivide
a given full-text document into units and build units-by-terms co-occurrence
matrix. Secondly, we should define a reasonable number of topics (K) and apply
NMF to factorize the co-occurrence matrix and obtain 2 matrices: units-by-topics
and topics-by-terms. Thirdly, for each extracted topic we should sort topic terms
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Table 1. Number of topics intersected by basis terms in "Geology" text collection

” Basis term Number of topics to which this term is assigned
in Russian |in English |through NMF through LDA
1 |ropHBIit mining 3 1
2 |mopoma rock 3 1
3 |noBepxuocTs [surface 2 1
4 |ckJI0H slope 2 1
5 |mporecc process 2 2
6 |mpuoamuka  |dynamics 2 1
7 |cacTema system 2 1
8 |30Ha zone 2 1
9 |cocras composition 2 1
10|{xopa crust 2 2
e
# Surface o N
Solar system —— Exogenous |~
°
“4 ” s Crust ~ - / ‘
' System i' “‘ éProcess
o Rock ' Dynamics
2
“Geochronology~ N
- * Endogenous
°
Composition =

Fig. 2. The visual interpretation of overlapped topics of "Geology" text collection.
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by their weights and select only the most weighted terms (no more than 10% of

all terms). We call these terms support terms.

extracted topics.
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In our case we have used "Geology" textbook written in Russian [17], and
divided it into 89 units (by number of chapters). Then we have chosen K=5
and extracted 5 topics and 500 support terms. By the way we have proposed
information about term distribution over these 5 topics to a geology expert for
analysis. Based on the information the expert has concluded that it is best to
name extracted topics as "Endogenous", "Solar system", "Oceans", "Exogenous"
and "Geochronology". Tables 2-6 represent top 10 support terms for each of 5

Table 2. Support terms for topic 1 "Endogenous" (top 10)

Through NMF Through LDA
7 Russian English Russian English
1 [mopoza rock NBUKEHUE motion
2 |mpomecc process reoJiorugeckmuii|geological
3 |1Bukenue movement CKOPOCTH speed
4 |MuHEpasT mineral 3emyierpscenue earthquake
5 [3emyeTpsicenne|earthquake MEeTO/T method
6 |ropHBI mining BpeMmsd time
7 |BHyTpennmit  |internal POIIECC process
8 |obpazosanne |formation oz year
9 [meTamopdu3m |metamorphism|Bo3pact age
10| guaHaMuKa dynamics Semits Earth

Table 3. Support terms for topic 2 "Solar system" (top 10)

Through NMF Through LDA
# Russian English Russian English
1 |3emurst Earth Semirst Earth
2 |[MarHuTHBIA |maghetic |cmucrema system
3 |mnaHeta planet MarHUTHBIA |magnetic
4 |cotHeunbI  [solar TUTAHETA planet
5 |moJte field BEPXHMIT upper
6 |cucrema system coJiHEeYHBIH  |solar
7 |aapo core roJie field
8 |moBepxuocrs|surface oBepxHOCTD |surface
9 |comHte Sun cpenHUit average
10|aTmocdepa |atmosphere|Temmneparypa|temperature
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Table 4. Support terms for topic 3 "Oceans" (top 10)

Through NMF Through LDA
7 Russian English Russian English
1 |okean ocean OKeaH ocean
2 [30HA zone 30Ha zone
3 |koHTHHEeHTabHBL |continental |riayOuma depth
4 |KOHTHHEHT continent |KOHTWHEHTAJBHBIN|continental
5 |mosic belt KOHTHUHEHT continent
6 |r1ybuna depth BOJIHA, wave
7 [mnatdopma platform |mosic belt
8 |paznom rift MOIIHOCTH power
9 |kopa crust JTHO bottom
10|momgHOCTH power TIOZTBOTHBIH underwater

Table 5. Support terms for topic 4 "Exogenous" (top 10)

Through NMF Through LDA
7 Russian English  |Russian English
1 |Boma water BOZIA water
2 |mpomecc process  |mporiecc process
3 |mopoma rock mmaamuka  |dynamics
4 |9K30TeHHBIN  |ex0genous|BHEITHUH external
5 |BHeNrHMIt external [9k30reHHBIN |exogenous
6 |quHaMHIKa dynamics |marepuas  |material
7 |marTepuan material |ckmon slope
8 |ckitoH slope IOBEPXHOCTH [surface
9 |BbIBeTpHBaHUKE €rosion  (03epo lake
10|moBepxuocTh |surface  |[mogzemusbiit |underground

Table 6. Support terms for topic 5 "Geochronology" (top 10)

Through NMF Through LDA
7 Russian English  |Russian English
1 |kopa crust nopoza rock
2 |xmmuaeckuii|chemical |MuHEpas mineral
3 |Munepas mineral |ropusrit mining
4 [3emHOM terrestrial |mporecc process
5 |KeJIThIik yellow xumuaeckuii [chemical
6 |37emenHT element |kopa crust
7 |mopona rock cocTaB composition
8 |BepxmHmit upper 3€MHOI terrestrial
9 |meto, method |oGpa3osanue|formation
10 |Tabuia table SABJIATHCS to be
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The fourth step is the most important in our method. We should associate
our units with topics taking into account topics’ support terms. If we use only
the traditional NMF representation we miss opportunities to exploit the distri-
butional power of support terms.

For example, let’s consider the Unit #30 in the given Geology textbook. The
unit describes the history of glaciations as well as the impact of glaciers on the
Earth’s crust (see Table 7). So the geology expert has associated this unit with
the topic "Exogenous" as well as with the topic "Geochronology". In contrast,
the traditional NMF algorithm evaluates highly the relation of this unit with the
topic "Exogenous" and very lowly the relation with the topic "Geochronology".
But if one analyses the support terms used in the Unit #30, one finds that the
topic "Geochronology" is well represented in the unit with the help of support
terms such as "period", "year", "history", "epoch", "time", "Holocene", "cycle"
etc.

Table 7. Topics distribution over the Unit #30 of the Geology textbook [17, p.318-319]

Unit |Ucropus osnenenenwii. Jleanukosbie 3pel, mepuoasl, smoxu. B ucropuun
#30  (3emiu HEOTHOKPATHO BO3HHUKAJIM BEJUKNE OJIEIEHEHWS, TIPU KOTOPBIX
IO IV JIETHUKOBBIX TTOKPOBOB BO3PACTAJIH [0 JTECITKOB MUJIIMOHOB
KBQIPATHBIX KHJIOMETPOB. VIHTEpBabl BPEMEHM [JINTEILHOCTHIO B
MUJIJTAOHBI JIET C XaPAKTEPHBIMHU IJIs HUX TOXOJIOJAHUEM KJIMMATa ¥
pa3pacTaHueM OJie/IeHEeHUI TT0/Ty 9/ IU Ha3BAHUe JIETHUKOBBIX TePHOI0B.
ITocnemuuit U3 HUX, IPOJOJKAIOMMMNCA 0 CUX IIOP M Ha3bIBA€MbII
IIECTOIIEHOBBIM, WJIM Y€TBEPTUYHBIM, HAYAJICSA 2,5-3 MJIH JIeT HA3aT

NMF representation Expert representation
7 Topic Weight Topic Mark
1 Exogenous 125.99 Exogenous )
2 Solar system 93.70 Geochronology |5
3 Oceans 92.30 Oceans 3
4 Geochronology  |10.56 Solar system 0
5 Endogenous 0 Endogenous 0

Therefore, in order to more accurately define topics for each document’s
unit we should complement the traditional NMF approach by analyzing support
terms distribution in this unit. We should analyze next 3 factors:

1. What support terms related to the certain topic are occurred in this unit?

2. How frequently they are occurred?

3. How important are they for the certain topic (how many their weights in the
topic)?

As a result we should decide can we associate this unit with some support
terms and with some topics represented via these terms. The decision rule can
be summarizes as follows:
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LY steropicnunit t1 (st Unit) x weight(st, Topic) > Th

Decision = { 0 tf(st,Unit) * weight(st, Topic) < Th,

’ ZstETopicﬁUnit

where st is a support term related to the topic, tf(st, Unit) is its frequency in
the unit, weight(st, Topic) is its weight in the topic, Th is a threshold value
above which the topic is recognized as related to the unit. In this paper we set
Th=0.1.

At the fifth step, we construct a navigation (semantic) map that contains
three layers: layers of document units, layers of support terms and layers of
topics. In Fig. 3 a part of the Geology textbook’s map is illustrated. This map
consists of 5 top-level nodes which correspond to textbook topics and 500 middle-
level nodes which correspond to support terms. Middle-level nodes can be moved
up or down or rolled up and stored away until one activates them again. Active
middle-level nodes point out the related units which are bottom-level nodes. If
middle level nodes are rolled up, access to bottom-level units is enable directly
through top-level nodes.

Solar system Mantle

( Textbook Oceans J

ITo ceiicmostoruueckum
JAHHBIM, B 3€MJIe CETOIHs
BBIJIEJIAIOT TPAHUIL PA3/eJia,
B IIEJIOM CBUJIETEIbCTBYIONUAX
0 KOHIIEHTPUYIECKOM
Magnetic PpacCcCJI0€HHOM CTPOEHUMN ...

Exogenous Wave

Geochronology

Fig. 3. A fragment of the Geology textbook semantic map.

4 Discussion

So, the main advantage of NMF in comparison with LDA is a great "natural-
ness", i.e. the topics in NMF are more widely intersect with each other by a
number of representative terms. LDA tries to generate topics in such a way so
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that intersect as less as possible, as a result, each topic has its own set of "ex-
clusive" words. In practice, such a result does not look natural because in each
document there is a number of general thematic terms which refer to the subject
in a whole and can not belong only to one definite topic within the subject. For
example, in geology such terms are the words "rock", "process", "dynamics",
etc. NMF associates such terms with several topics, while LDA tries to assign
each such term to only one topic, as a result its stability suffers. In the new se-
ries of experiments, a set of words referred by LDA to one topic can significantly
differ from the set of words referred to the same topic in the previous series of
experiments. In our experiments, NMF proved to be a more stable method than
LDA. The topical dispersion of representative key words does not hinder segmen-
tation of the document, on the contrary, it enhances segmentation not isolating
segment from each other but connecting them. The disadvantage of NMF is its
computing complexity. But this is the problem of computing technologies, not
of the method itself.

5 Conclusion And Future Work

In this paper we considered semantic map as a tool of smart document’s seg-
mentation and organization. We presented an approach to automatic creation
of semantic maps and showed how this process can benefit from a new inter-
pretation of NMF based on the concept of support terms. Also we performed a
little case study to illustrate proposed approach. However, more work should be
done to evaluate advantages and disadvantages of this approach, to substantiate
choice of the NMF parameters (e.g. the number of reasonable topics, or start
number of units, or threshold for topic validation). Efforts must also be devoted
to a complete comparison of proposed approach with LDA and NMF.
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