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Abstract. The variability of semantic expression is a special characteristic of na-
tural language. This variability is challenging for many natural language proces-
sing applications that try to infer the same meaning from different text variants.
In order to treat this problem a generic task has been proposed: Textual Entail-
ment Recognition. In this paper, we present a new Textual Entailment approach
based on Latent Semantic Indexing (LSI) and the cosine measure. This proposed
approach extracts semantic knowledge from different corpora and resources. Our
main purpose is to study how the acquired information can be combined with
an already developed and tested Machine Learning Entailment system (MLEnt).
The experiments show that the combination of MLEnt, LS| and cosine measure
improves the results of the initial approach.

1 Introduction

In our daily life, we use different expressions to transmit the same meaning. Therefore,
Natural Language Processing (NLP) applications, such as Question Answering, Infor-
mation Extraction, Information Retrieval, Document Summarization, Machine Trans-
lation among others, need to identify correctly the sentences that have different surface
forms, but express the same meaning. This semantic variability task is very important
and its resolution leads to improvement in system’s performance [1].

The task of Textual Entailment (TE)[2][3] consists in given two text fragments, set
whether the meaning of one text (the hypothesis) can be inferred from the meaning of
the other text. For example: Text(He died of blood loss) and Hypothesis(He died blee-
ding), in this case, the hypothesis infer the same meaning than test. For the resolution
of the TE task, different approaches have been developed [4] [5] [6] [7].

In this paper, we describe a novel approach for the modelling and extraction of
semantic information with Latent Semantic Indexing (LSI)[8] and the cosine measure.
In LS|, the traditional approaches use large corpora to represent a term-document matrix
through which the semantic information is obtained. However, we propose an approach
where the corpora consist of the TE text/hypothesis sentences and the vector space is
a text-hypothesis/hypothesis-text matrix. In addition, LSl is applied with the WordNet
Domains resource [9]. Instead of measuring the similarity of a term-document matrix,
we construct a term-domain matrix. To our knowledge, current researchers did not take
advantage of such information. Moreover, we have used the cosine measure with two
types of information: from corpus and from Relevant Domains (RD) resource [10].



In order to show the contribution of our approach, we conduct an exhaustive evalua-
tion. In the experiments, we study and compare the traditional corpus-based approach
to the ones we propose. Then, we examine the effect of the incorporation of the new
semantic similarity information to our previous TE system [11].

2 Semantic knowledge representation with LSI

LSl is a computational model that takes advantage of a property of natural language:
words of the same semantic field usually appear in the same context. This model esta-
blishes word’s relations from a large linguistic corpus using a vectorial-semantic space
where all terms are represented (term-document matrix). In order to obtain appropriate
information, terms have to be distributed in documents, paragraphs or sentences. This
distribution will determine which is the co-occurrence among different terms and the th-
reshold of using other terms in the same context. In other words, LSI extracts relations
among terms and documents and tries to reduce the current noise in these relations.
For this purpose, and once the term-document matrix is obtained, LS| uses a variant
of factorial analysis: the Singular Value Decomposition (SVD). This technique uses a
recursive algorithm to decompose the term-document matrix into three other matrices,
that contain singular vectors and singular values. These matrices show a breakdown of
the original data into linearly independent factors. Moreover, a great number of these
factors are very small and can be ignored in order to obtain an approximated model with
less factors. The final result is a reduced model of the initial term-document matrix that
will be used in order to establish word similarities.

This section presents how we extract information from different linguistic resources
and how we apply LSI method in order to extract word similarity information from a
semantic space. We are interested in how LSI contributes to resolve TE because it has
been not applied before in such task.

For our purpose, we have done different experiments using three types of corpus.
The first one is British National Corpus (BNC)[12] and we build the LSI semantic space
using the documents in BNC. The obtained term-document matrix will be used by the
LSI method. The second corpus is obtained from sentences of Text and Hypothesis of
RTE2. In this case, we build two type of matrices: text-hypothesis matrix (rows are the
text sentences and columns are the hypothesis sentences) and hypothesis-text matrix
(rows are hypothesis sentences and columns are the text sentences). The main purpose
of using these different type of matrices is to measure how important the words are in
the semantic space in order to extract relevant information. And the last type of corpus is
obtained from WordNet Domains resource. In this case we build a term-domain matrix
using the information provided by WordNet Domains [9].

All these matrices representation types are described in subsections below.

2.1 Semantic space from corpus

British National Corpus has a collection of about 4000 documents obtained from na-
tional newspapers, specialist periodicals and journals for all ages and interests... This



corpus provides useful information in order to establish word relations from their fre-
quency in documents.

For our purpose, we build a term-document matrix where rows represent all the
possible terms in the corpus and columns represent all the documents. In our first ap-
proximation, we extract all words previously stemmed and compute how many times
each word appears in each document. This information is provided to the LS| module
in order to obtain a new conceptual space.

Once we have our conceptual space based on the information provided by the BNC
corpus we can establish how similar each pair of sentences are. In our case, we want
to infer if each T-H; pair (wherei = 1..n is the number of pairs in RTE2) infer the
same meaning. For this purpose and using LSI method, we have done two types of
experiments: one extracting the 20 more relevant documents to each sentence and other
extracting the 800 more relevant words of each sentence. The final result for each type
of experiment is a normalized value between 0-1 to illustrate how similar are each pair
of sentences (the more closer to 1 the more similar they are).

2.2 Semantic space from Text-Hypothesis

In this section we present another kind of experiments using as source of information the
words of Text and Hypothesis sentences. In this case, we want to establish how similar
are each T-H pair by using as semantic space: Text sentences or Hypothesis sentences.
In other words, we build two different types of matrices: one using Text sentences as
corpus and other using Hypothesis sentences as corpus.

The Hypothesis-Text matrix has one column for each Text sentence. So, in order to
establish how similar H-T are, we compute for each Hypothesis sentence which are the
most relevant Text sentences according our conceptual space. The result is a list of the
20 most relevant Text sentences with a similarity value associated. If the Text couple of
the Hypothesis we are searching is among the 20 Text sentences extracted, we extract
the similarity value given by the LSI method (between 0-1) in other case, H-T has a
value of O similarity.

The same procedure is used to build the Text-Hypothesis matrix and compute how
similar T-H pairs are.

2.3 Semantic space from WordNet Domains

In this section we show how to create a term-domain matrix from the information of
WordNet Domains in order to obtain a new semantic space. So, the first step is obtaining
the set of domain labels because we will have one column for each domain label in our
term-domain matrix. In this case we have a hierarchy with about 200 labels.

Once we know how many domain labels are, we need to extract which words are
related to each domain label. In other words, we must obtain a list of words for each
domain label using the information of WordNet Domains. In this step we extract the
information of WordNet glosses and assign to each word its associated domain. That is
to say, we have grouped all word senses (with their gloss and examples) in domain labels
in order to do pairs of word-domain. An example of how domain labels are assigned to
each word sense is showed in Table 1.



Synset Domain Word |Gloss
Sense
02330776 music Brass#1 |a wind instrument that consists of a brass tube (uspally
of variable length) blown by means of a cup-shaped or
funnel-shaped mouthpiece
06071657 administration| Brass#2 |the persons (or committees or departments etc.)|who
politics make up a governing body and who administer| so-
mething; "he claims that the present administration is
corrupt”;
03792240 factotum Brass#3 |impudent aggressiveness; "l couldn’t believe her bold-
ness”; "he had the the effrontery to question my |ho-

nesty”
02331254 factotum Brass#4 |an ornament or utensil made of brass
02331144  tourism Brass#5 |a memorial tablet made of brass

Table 1.Labelling brass senses with domains

In this case, the word brass has associated for each sense different domain labels
and in WordNet Domains all word senses in are tagged in the same way as brass in
Table 1. To obtain a list of word-domain pairs, we assume that words of glosses are
semantically closer to the word sense defined. So, we assign for each word of the gloss
the same domains assigned for the word sense defined. For example, brass#1 has the
gloss’a wind instrument that consists of a brass tube (usually of variable length) blown
by means of a cup-shaped or funnel-shaped mouthpjened the domairimusic”,
therefore, each word in its gloss is related to domieinsic” *.

Once we obtain all word-domain pairs, we build a word-domain matrix in order to
obtain a new semantic space with LSI, based on information from domain classification.

3 Application of the cosine measure

In order to identify different similarities among words we need to establish one way
to measure the degree of similarity. In this work we choose a vector based approach,
the cosine measure. This approach measures the distance between two words using co-
occurrence vectors. Each word is represented with one co-occurrence vector and the
degree of similarity between two words is obtained by measuring the distance between
its associated co-occurrence vectors. So, in order to obtain co-occurrence vectors there
are different types of lexical relationships that can be used. The traditional corpus-based
approach is based on building a type of vectors named word co-occurrence vectors. This
type of vectors represent a word by their patterns with other words in a corpus. In other
words, we can measure the similarity between two words using grammatical relations
(co-occurrence of words in specific syntactic relations) or non grammatical relations
(co-occurrence of words in a n-words window). However, we can consider other type
of co-occurrence vectors using an alternative representation: document co-occurrence

1 In order to obtain word-domain pairs we only consider nouns, verbs, adjectives and adverbs



vectors. In this case, relations among words are extracted from a set of documents and
the similarity between each pair of words is computed by measuring their overlap in the
set of documents.

Next subsections present a description of how we obtain co-occurrence vectors to
measure the similarity between both sentences Text and Hypothesis. We introduce two
different types of co-occurrence vectors, one based on corpus information and the other
based on a lexical resource (Relevant Domains) obtained from a lexical database.

3.1 Document frequency

In our first approach we study the effect of using the cosine measure with the informa-
tion provided by the BNC. This corpus provides a set of about 4000 documents and we
establish the similarity between two words using document co-occurrence vectors. Our
purpose is to establish how similar are the Text (T) and Hypothesis (H) sentences by
their semantic distance.

The first step is representing T and H with vectors. Each vector has around 4000
attributes, one for each document in BNC. In our case, each vector represents one sen-
tence (T or H). So, in order to give value to each attribute of the vector we need to
compute which is the frequency of all words in the sentence in each documents in the
corpus. Notice that the number of words in T and H is different, so, we need to norma-
lize the results obtained according to the number of words of each sentence.

In addition, once obtained the information provided by frequencies of words we
calculate the Inverse Document Frequerid)( This measure is commonly used in In-
formation Retrieval and provides high values for rare words and low values for common
words. The Equation 1, gives tidf formula where N is the total number of documents
andn,, is the number of documents that contains the word w.i@ihés the final value
used for representing each attribute of the co-occurrence vectors. This value is referred
as Document Frequency (DF).

idf = log ( N ) 1)

Once obtained the document co-occurrence vectors, we can measure the similarity
between two sentences (T and H) by the value of the cosine (Equation 2).

T-H i Ti- H,
THH| Y T2 />, Hy2
In our study, we use different cosine boundaries in order to establish which are the

most appropriate values to extract correct inferences between T and H. The results of
applying this measure are showed in Table 3.

cos(T, H) = 2

3.2 Relevant Domains

This section presents a second approach to infer semantic relations between T and H.
In this approach, we obtain the cosine measure using Relevant Domains (RD) [10]
information in order to represent domain co-occurrence vectors. The RD resource is



obtained from WordNet Domains (WND) [9] that is an extension of WordNet. The
characteristics and structure of this resource has been explained in section 2.3.

In order to extract the RD we use the words of WordNet glosses. In Table 1 we have
an example of how the glosses are related to domains. We label the words of glosses
with their appropriate domain. This information is used to compute how relevant is one
word to each domain. So, once we know how many times one word appears with one
domain in the whole lexical database, we can establish with the Association Ratio (AR)
[13] (Equation 3), which are the most relevant domains to this word.

PrivlD) -
r(w)

Therefore, the RD contains all words of WordNet Domains with their most relevant
domains sorted by the AR. For example, here we have an extraction of how AR is calcu-
lated for the wordorgan” : Orgarn{ Surgery-0.189502, Radiology-0.109413, Sexuality-
0.048288, Optics-0.048277, Anatomy-0.047832, Physiology-0.029388;....- ...

In our work, we use this resource in order to build domain co-occurrence vectors.
This kind of vectors have as many attributes as many domains. To measure the distance
between T and H sentences we extract all words of each sentence, obtain which are their
RD and build the domain co-occurrence vectors. Therefore, once we have each pair
of domain co-occurrence vectors we calculate their semantic distance with the cosine
measure.

One of the reasons of using this type of resource is because we want to establish how
corpus dependent is the cosine measure. In other words, we can extract word frequen-
cies from different corpora and obtain different results when we calculate the distance
between the same pair of sentences. So, with the RD resource we try to avoid the cor-
pus dependence because word-domain pairs are extracted from a lexical database and
relations are obtained according their meanings and not according a specific field or
document classification.

AR(w, D) = Pr(w|D)logy

4 Experimental results

This section presents a set of experiments using our different approaches. In one hand,
we have done experiments with LS| using as corpus the BNC, WordNet Domains, Text
sentences and Hypothesis sentences. And in the other hand, we have done experiments
with the cosine measure using a document frequency approach and a new approach
using Relevant Domains resource. Moreover, we have combined these different ap-
proaches with our machine-learning system in order to study the effect of adding this
new information. As a result, we find that the combination of LS| and cosine with the
machine-learning system improves the textual entailment results.

4.1 TheRTE2data

For our experimental setup, we use the development and test data sets provided by
the Second Recognizing Textual Entailment Challenge (RA.H2)e examples in these

2 http://www.pascal-network.org/Challenges/RTE2/



data sets have been extracted from real Information Extraction (IE), Information Re-
trieval (IR), Question Answering (QA) and Text Summarization (SUM) applications.
The corpus includes 1600 English text-hypothesis entailment examples, of which 800
are used as a development data and the remaining 800 pairs as a test data. In RTE2 the
corpus is balanced, 50% are true examples and the other 50% are false examples.

The performances of our experiments are determined with the RTE2 evaluation
scripf. According to the script, systems are ranked and compared by their accuracy
scores.

4.2 LSI

The LSI experiments show the influence of the usage of different corpora through which
the sense of two sentences can be inferred.

As we describe in Section 2 we build the LSI initial matrix from different types of
corpora. Therefore, for each kind of corpus we have obtained different results for the
TE task. The information used in each experiment is explained*here

— BNC corpus (LSLBNC_NoTag) Results using lemmatized words from BNC.

— H sentences(LSl.LemaH, LSINoLemaH) Results using as corpus H sentences
and building two different matrices: one with lemmatized words and another with
no lemmatized words.

— T sentencef Sl LemaT, LSINoLemaT)Results using as corpus T sentences and
building two different matrices: one with lemmatized words and another with no
lemmatized words.

— Relevant DomaingLSI.RD). Results using the relevant domains of eackehtence
and each Hsentence.

Table 2 shows the results obtained from different experiments with LSI.

As we can see, the best results are obtained using the Text sentencese(inar)
and the Relevant Domains (LED). The first approach uses as corpus all Text senten-
ces, and the Hypothesis sentences are used as input to the LSI module. In this case, the
results are 56.87% for the development data set and 54.25% for the test data set. This
results are better than the (L&eémaH) because Text sentences provide more lexical
information that can be used. So, in order to infer whether 2 sentences have the same
meaning we need an appropriate base context. The second approach uses as corpus the
RD resource. In this case, the initial matrix is obtained from the information of WordNet
Domains. We use this semantic space in order to extract how similar are T-H sentences.
As a result, we obtain a percentage of 56.98% for the development data set and 54.51%
to the test data set. In this case, the results are good because words are semantically
related according to their associated domains and this information improves the results
of QA and SUM.

The other experiments reveal that we have not enough information to establish a
correct TE detection, so we can use this information as a random baseline.

8 http://lwww.pascal-network.org/Challenges/RTE2/Evaluation/
4 Each experiment is preceded tgv(development dataset) or bgst(test dataset)



Sets Acc. IE IR QA | SUM

devLSIBNC.NoTag 49.90 | 49.87 | 49.15.| 50.15| 50.43
devLSlLemaH 53.25| 52.00 | 48.00 | 54.00 | 59.00
devLSINoLemaH 50.17 | 50.15| 50.03 | 50.22 | 50.28
devLSLLemaT 56.87 | 51.50 | 58.00 | 56.50 | 61.50
devLSINoLemaT 52.88 | 50.50 | 53.00 | 48.00| 60.00
devLSLRD 56.98 | 52.25| 58.60 | 56.83 | 60.25
testLSIBNC.NoTag 49.67 | 49.43| 49.00 | 50.02 | 50.24
testLSlLemaH 49.38 | 52.50| 48.50 | 49.00 | 47.50
testLSINoLemaH 53.37 | 50.50 | 54.00 | 49.00| 60.00
testLSLLemaT 54.25| 50.50 | 48.00 | 57.00 | 61.50
testLSINoLemaT 53.63 | 52.50| 50.00 | 50.00 | 62.00
testLSLRD 54.51 | 50.55| 48.53 | 56.73 | 62.25

Table 2. Results for the LSI

4.3 Cosine

This experimental section shows the result of the measurements of the similarity of the
sentences with the cosine measure. In Table 3, we present the results of the traditional
document frequency cosine approach and those of the RD approach. The document fre-
quency reaches 52% accuracy and can be used as a TE baseline. Both the development
and test data sets reached 54% with the RD experiment. This similarity of performance

is due to the fact that the context information given by the sentences is not very re-
presentative and does not provide enough knowledge. Therefore, on its own the cosine
measure cannot establish the TE relation between the sentences, but still can be useful
when combined with other information sources.

Sets Acc. IE IR QA | SUM
devCosineDF 52.60| 48.63| 47.32| 55.13 | 59.32
devCosineRD 54.25| 50.50 | 48.00 | 57.00 | 61.50
testCosineDF 52.18| 46.13| 49.43| 55.34 | 57.83
testCosineRD 54.00 | 46.50 | 56.50 | 56.00 | 57.00

Table 3. Results for the cosine measure

4.4 Combination of MLENt with LSI and the cosine measure

The experiments revealed that LSI and the cosine are not powerful enough to establish
the correct TE relation of two sentences. However, they still contribute and provide
useful information. We believe that when these techniques are combined with other
knowledge sources, the TE inference can be improved. We used a previous Machine
learning TE system (MLEnt) and added the information provided for both LSI and



cosine measure. Our purpose is studying whether the combination of MLEnt with se-
mantic information improves the previous results.

In Table 4 there are several experiments combining the MLEnt system with both
LSI and cosine measures. We can distinguish two types of experiments: one with the
previous MLEnt system and other with the combination of LS| and cosine measure.
Each experiment is detailed next:

— MLEnt with previous features (MLEnt Lex, MLEntSem) Results of the previous
MLEnt system with Lexical or Semantical features.

— MLEnNt with LSl (MLEntLexLSlLemaT, MLEntSemLSI.LemaT) Results of
the previous MLEnNt system with LSI. In this case, we use as corpus for LS| the
Text sentences with lemmatized words.

— MLEnt with cosine (MLEnt.Lex cosine,MLEntSemcosine) Results of the pre-
vious MLEnNt system with the cosine measure. In this case, cosine is obtained from
Relevant Domains.

— MLEnt with LSI and cosine (MLEntLexLSlLemaTcosine, MLEniSemLSI
_LemaTcosine) Results of the previous MLEnNt system with LS| and cosine mea-
sure. In this case, we use LS| with T-sentences and cosine with Relevant Domains.

In order to measure the effect of adding semantic information in the MLEnNt system
we have selected the best results obtained in the experiments with LSI and cosine.

Sets Acc. IE IR QA SUM
devMLEnNtLex 56.87 | 49.50| 55.50| 51.00| 71.50
devMLENtSem 60.12 | 54.00| 61.00 | 59.00| 66.50
devMLEntLex_LSI_LemaT 62.03 | 56.13| 62.53 | 60.32| 69.15
devMLEntLex cosine 56.91| 49.45| 55.62| 52.13| 70.43
devMLEnNtLex LSI.LemaTcosine 57.13| 49.50| 55.50| 52.50| 71.00
devMLEntSemLSI_LemaT 62.56 | 57.13| 62.83 | 60.54 | 69.75
devMLENtSemcosine 60.21| 54.13| 61.06| 59.14 | 66.54
devMLENnt SemLSI_LemaT._cosine 61.75| 56.00 | 59.50| 62.50| 69.00
testMLENtLex 51.75| 52.00| 53.50 | 55.50| 46.00
testMLEntSem 54.25| 50.00| 55.50| 47.50| 64.00
testMLEnt Lex_LSI_LemaT 55.01| 51.23| 55.83| 47.96 | 65.03
testMLEnNtLex cosine 52.57| 49.50| 44.95| 53.73| 62.13
testMLEntLex LSI_.LemaTcosine 54.87 | 46.50| 53.00| 56.00| 64.00
testMLEnt SemLSI_LemaT 56.18 | 52.03 | 56.53| 50.14 | 66.03
testMLEntSemcosine 54.42 | 50.22 | 55.62 | 47.61| 64.25
testMLEnt SemLSI_LemaT_cosine 56.50 | 53.00| 58.00| 57.50| 57.50

Table 4. Results for the combination of MLENt with LS| and the cosine measure

As Table 4 shows, the experiments carried out combining LSI and cosine informa-
tion improve the previous results of the MLEnt system. We noticed that adding this
information as a new feature to our MLENt system obtain better results. So, the addi-
tion of semantic information is a good way to improve the results in a MLEnt system.



In fact, the best score is about 62% for the development data set and about 57% for the
test data set. This score was obtained in an experiment that combined the results of LSI,
cosine and MLEnNt system.

In conclusion, we can assume that LSI and cosine measure provide useful informa-
tion that can improve a previous a machine-learning entailment system.

5 Conclusions

This paper presents a TE approach based on semantic similarity information obtained
by the LSI and the cosine measure. Initially, we compare the influence of different cor-
pora such as the BNC and the text-hypothesis sentence space. The experiments show
that the results of a big corpus do not influence so much the one produced by the text-
hypothesis space. The information in a corpus depends on the domain or the topic and
can influence the relevance of a word or a whole sentence. In order to avoid such de-
pendencies, we propose two approaches: LS| and cosine measure based on Relevant
domains resource. These approaches consider information from a static resource, Word-
Net Domains lexical data base, that is more relevant than a dynamic corpus where the
frequency ratio or presence of words changes. Therefore, we noticed that the results
using the development and test data are similar reaching 54% for the cosine and 54.5%
for the LSI methods.

Once we studied the contribution of LSI and the cosine, we noticed that the provided
information by these techniques is not sufficient for the correct and ample recognition of
TE. For this reason, we conducted another experiment, where the combination of LSI,
the cosine and an already existing machine-learning based TE system were studied. The
exhaustive experiments show how this combination improves results with 61.75% for
the development data set and 56.50% for the test data set.

In conclusion, we noticed that LSI is a powerful NLP tool which serves for the
extraction of semantic information and can improve the results of an existing machine-
learning system. We explored different functions of this technique, however in the fu-
ture, we want to use its properties in order to extract synonym, antonym and other type
of word relations. Moreover, in this work the semantic similarity is evaluated conside-
ring the whole sentence, which introduces lots of noise. Therefore, we plan to study the
influence of using syntagmatic information instead of using the whole sentence.
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