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PREFACE

We are excited to welcome you to the inaugural edition of the international conference
Computational Linguistics in Bulgaria (CLIB 2014) in Sofia, Bulgaria!

CLIB is a joint effort launched by the Department of Computational Linguistics (DCL) at the Institute
for Bulgarian Language of the Bulgarian Academy of Sciences together with the Faculty of Slavic
Studies and the Faculty of Mathematics and Informatics at Sofia University.

CLIB aspires to foster the NLP community in Bulgaria and further the cooperation among researchers
working in NLP for Bulgarian around the world. The need for a conference dedicated to NLP research
dealing with or applicable to Bulgarian has been felt for quite some time. We believe that building a
strong community of researchers and teams who have chosen to work on Bulgarian is a key factor to
meeting the challenges and requirements posed to computational linguistics and NLP in Bulgaria. We
share the hope that CLIB will establish itself as an international forum for sharing high-quality
scientific work in all areas of computational linguistics and NLP and will grow in scope and scale with
each new edition. The CLIB community will be dedicated to supporting the creation and improvement
of advanced NLP resources, tools and technologies for mono- and multilingual language processing,
machine translation and translation aids, content creation, localisation and personalisation, speech
recognition and generation, information retrieval and information extraction.

The Conference was made possible due to the hard work of many people. We would like to thank the
authors who trusted us and submitted their contributions to CLIB 2014. Their efforts and high-quality
research are the chief factor that enabled us to create an interesting and solid scientific programme. We
would also like to thank our industrial participants for sharing their insights, ideas and know-how with
the research community. Let us also express our sincere gratitude to the members of the Programme
Committee, who accepted to join us and invested a lot of expertise to provide valuable feedback to

the authors. Special thanks are due to Prof. Svetla Keeva, who is the person behind the whole

CLIB concept.

We hope that CLIB 2014 will be a useful and productive experience that we all will enjoy!

CLIB Organising Committee
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Automatic Categorisation of Multiword Expressions and Named Entities
in Bulgarian

Ivelina Stoyanova
DCL, IBL, BAS
Sofia, Bulgaria

iva@dcl.bas.bg

Abstract

This paper describes an approach for automatic categorisation of various types
of multiword expressions (MWEs) with a focus on multiword named entities
(MNEs), which compose a large portion of MWEs in general. The proposed
algorithm is based on a refined classification of MWEs according to their id-
iomaticity.

While MWE categorisation can be considered as a separate and independent
task, it complements the general task of MWE recognition. After outlining
the method, we set up an experiment to demonstrate its performance. We use
the corpus Wiki 1000+ that comprises 6,311 annotated Wikipedia articles of
1,000 or more words each, amounting to 13.4 million words in total. The study
also employs a large dictionary of 59,369 MWESs noun phrases (out of more
than 85,000 MWESs), labelled with their respective types. The dictionary is
compiled automatically and verified semi-automatically.

The research presented here is based on Bulgarian although most of the ideas,
the methodology and the analysis are applicable to other Slavic and possibly
other European languages.

1. Introduction

Statistical analyses show that multiword expressions (MWEs) comprise a significant part of the lexical
system of a language. For instance, 24.49% of the Bulgarian WordNet and 22.5% of the Princeton
WordNet 2.0 (Koeva, 2006) are MWEs. MWESs pose a complex set of problems to both theoretical
linguistics and Natural Language Processing (NLP). Developing efficient methods for their automatic
identification and categorisation will help improve results in Information Retrieval, Machine Translation,
and other areas of Computational Linguistics.

A wide variety of approaches towards MWE recognition have been developed in recent years. Gen-
erally, they differ in the amount of linguistic information used and the particular statistical tools applied in
the analysis. However, neither statistical methods nor methods heavily dependent on linguistic resources
have proved successful for the general purpose of MWE recognition independently of each other, which
has led to extensive exploration of hybrid methods.

Moreover, MWEs exhibit a wide variety of features and types, which additionally complicates their
automatic processing. This paper presents an approach towards the automatic categorisation of MWEs
following their automatic recognition. Multiword named entities (MNE) comprise a large portion of
MWEs and are thus paid special attention here.

The research presented in this paper is based on Bulgarian although the methodology and analysis
are largely applicable to other Slavic languages and possibly to other European languages as well.
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2. Characteristics of MWEs

2.1. Main Features

The classification of MWEs we employ uses the feature idiomaticity in the sense of Nunberg et al. (1994),
who consider this to be a chief characteristic of MWESs. It combines the degree of conventionality,
understandability and compositionality of the MWE. Baldwin (2006) discusses a similar characteristic
of MWE:s and proposes a complex model for description of lexical units based on the following types of
markedness:

o Lexical markedness — lexical and grammatical constraints on the realisation, such as paradigmatic
constraints, e.g. kick the bucket but not kick the buckets, prosodic markedness, etc.;

Syntactic markedness — syntactic irregularities in gender agreement or lack of agreement, or institu-
tionalisation where lexemes preserve their historical characteristics regardless of the changes in the
modern language, e.g. the preservation of the masculine gender of the noun vecher ("evening’), a
feminine noun in modern Bulgarian, in the expression Dobar vecher (" Good evening’).

o Semantic markedness — a relative (non-)compositionality of meaning, semantic relations (such as
synonymy) with single words, e.g. poshtenska stantsiya — postha, both meaning ’a post office’;

e Pragmatic markedness — in cases where the pragmatic features of the MWE components differ from
those of the MWE as a whole, or the MWE is associated with a particular pragmatic reference point
— consider the expression Pusheneto zabraneno!, literally Smoking forbidden! (’No smoking!’)
which is appropriate in certain communicative situations and not suitable in others;

e Statistical markedness — conventionality is reflected by high frequency of occurrence of particu-
lar collocations and markedly low or zero frequency of its synonymous counterparts, e.g. strogo
sekreten (Cstrictly confidential’) vs. the synonymous expression striktno sekreten.

Idiomaticity is a very broad concept. Here we use the term mainly with respect to the restrictions
idiomaticity imposes on the morphosyntactic form, the semantics and the statistical frequency of MWEs.
The degree of idiomaticity, or markedness, determines the way MWEs are treated in various NLP appli-
cations, such as, for example, Machine Translation. Compositionality represents the degree to which the
complex meaning of the MWE is a combination of its components. After a MWE is formed, it enters
into paradigmatic and syntagmatic relations in the lexical system. This means that in its context of use a
MWE may change its compositionality and respectively — its level of idiomaticity.

For example, the phrase poshtenska kutiya (’post box’) is formed as a regular decomposable combi-
nation where the adjective post (relating to a postal service) and box are realised with their usual lexical
meanings. In recent years the phrase acquired an additional meaning — ’electronic post box, email’,
which is clearly idiomatic although the origins of the phrase and the relation between the components is
still easily recoverable.

2.2. Classification of MWEs with respect to Idiomaticity

We adopt the general classification of MWESs presented by Baldwin et al. (2003). The authors distinguish
between the following three categories: (a) non-decomposable MWEs for which a decompositional anal-
ysis of the meaning is not possible, e.g. shepherd’s purse; (b) idiosyncratically decomposable MWEs for
which some components of the phrase have a meaning not observed independently outside the MWE,
e.g. periodic table; and (c) simple decomposable MWESs whose meaning can be decomposed to that of
their constituents but nonetheless comprise a single lexical unit, e.g. Bulgarian language. For instance,
due to institutionalisation simple decomposable MWEs often exhibit restrictions in the syntactic struc-
ture or synonym substitutions within the MWE. In these respects they differ from free phrases which are
decomposable and are not considered lexical units, e.g. important factor.

For the purposes of some applications we may be interested simply in distinguishing between MWEs
and free phrases in order to define separate methodologies for their treatment, e.g. keyword extraction,
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while in other cases a more detailed categorisation may be required because the categories of MWEs
differ with respect to their characteristic features and thus pose different problems, e.g. Machine Trans-
lation. On the one hand, the non-decomposable MWESs need to be defined in a dictionary so that they can
be supplied with suitable translations. On the other hand, it is inefficient to add decomposable MWE:s to
the dictionary as their number is large and their meaning is defined as a function of their constituents. Dif-
ferent translation approaches may be adopted depending on the features of the different types of MWE:s.
Therefore, in many cases we are interested not only in recognising MWEs but also in discriminating
between different categories of MWEs.

We divide simple decomposable MWE:s into ten categories based on the following semantic and
pragmatic factors: (1) Reference to NEs: (i) whether they contain a NE; and/or (ii) whether they con-
stitute a NE; (2) Degree to which the connection between the components is explicit or can be restored.
The classification is based on idiomaticity (Stoyanova, 2012):

(1) NEs without an (evident) connection between the elements — e.g., personal names Ivan Petrov.
These are more often transliterated into other languages rather than translated, unless there is an
established form for the NE in the target language.

(2) NEs with a meaningful element — e.g., Stara Zagora (literally, *Old Zagora’), North Korea. The
meaningful component is very often translated.

(3) Non-NEs with a vague connection between the components — e.g., cave lion. Most often these
MWEs cannot be translated literally but have an established equivalent, e.g. vodno konche (literally,
’water horse’) whose equivalent in English is ’dragonfly’.

(4) NEs containing meaningful components with difficult to restore connection — e.g., Black Sea. The
approach to their rendition in other languages is mixed — some components may be translated and
others transliterated, depending on how much of the linking information can be restored.

(5) NEs consisting of a descriptor and a NE, e.g. Treaty of London. These MWEs are usually translated,
often rendered literally. Even if the translation of the NE is not fully equivalent to the original in
meaning, the NE is still recognisable.

(6) Non-NEs which contain a NE as one of its components — Down syndrome. Similar to (5).

(7) Non-NEs with a standard, easy to restore connection between the components, e.g. sea turtle where
the connection between the components is ’habitat’ — ’turtle inhabiting the sea’. Categories 7-10
are very often translated literally since these are mostly descriptive decomposable MWE:s.

(8) NEs with a standard, easy to restore connection between the components — Association for Compu-
tational Linguistics.

(9) Non-NEs with an explicit connection between the components — self-retracting knife. There is
a subtle difference between categories (7) and (9) — in the latter the connection is explicit (e.g.
‘retracts itself”’), while in (7) it is not present in the MWE but is easy to recover (e.g. ’sea’ is habitat).
Same correspondence exists between categories (8) and (10). Explicit connection usually implies
the presence of a verbal component — a participle or a verbal adjective or noun. The corresponding
categories with explicit/easy to recover connection usually receive simillar treatment in automatic
processing.

(10) NEs with an explicit connection between the components — Center for the Treatment and Study of
Anxiety.

(*) Free collocations — chist vazduh (fresh air’). Free collocations are free phrases (non-MWEs) which
are statistically marked, i.e. they appear with high frequency compared to other synonymous candi-
dates but are not linguistically (lexically, semantically or morphosyntactically) marked. Here they
are included for completeness.
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On the one hand, NEs are strongly institutionalised, which means that they may have an established
translation different from the literal one, and the translation variants might be restricted. For example,
the NE Organizatsiya na obedinenite natsii (literally ’Organisation of the United Nations’) in Bulgarian
differs from its English correspondence United Nations. On the other hand, MWEs which are not NEs
are usually less restricted and allow certain variations.

The composition of MWEs often imposes different restrictions mainly on the subordinate compo-
nents. Firstly, these are grammatical constraints — agreement between the subordinate part and the head
(A N phrases). Some cases, however, require additional restrictions on the subordinate component which
can further be used for the successful identification of MWEs. Prepositional phrases in MWEs usually
express a class of objects but not a concrete object, for example pasta za zabi (toothpaste) — literally,
"paste for teeth’, is a MWE, while pasta za zabite na Ivan (’paste for Ivan’s teeth’) is not a MWE, *pasta
za zab (’paste for a tooth’), *pasta za zabite (paste for the teeth’) are unacceptable (their frequency in
BNC is 0 compared to 417 occurrences of pasta za zabi (’toothpaste’).

The modifications of decomposable MWE components are not always strictly restricted as in the
other categories of MWEs. Although the MWE denotes a single concept, in some cases component
modifications are allowed which leads to concept modification and a different meaning. It may result in
the composition of a new lexical item — for example, pasta za mlechni zabi ('toothpaste for milk teeth’)
considered as a separate MWE, hyponym of pasta za zabi ("toothpaste’), or of a free phrase where the
meaning of a component is concrete — for example, forta s morkovi (’carrot cake’) — forta s morkovite
ot gradinata (’cake with the carrots from the garden’).

3. Method for Automatic Categorisation of MWEs Based on Idiomaticity

The method presented here is focused on MWE categorisation for the purposes of automatic text process-
ing of Bulgarian. Different types of MWESs exhibit distinctive features and thus require specific treatment
with regards to various applications (see section 2.2.).

The method is applied on annotated Bulgarian texts — sentence splitting, POS tagging, grammatical
characteristics. The type of nouns — common or proper, has also been assigned. The method comprises
the following rules:

1. Given that a MWE consists only of words recognised as proper nouns, classify it as a NE (category

1).

2. Given that a MWE consists of a proper noun and other elements and all the words begin with a
capital letter, classify it as category 2.

3. Given that a MWE consists of a proper noun and other words and the first word of the MWE begins
with a capital letter, classify it with the greatest probability as category 4 or 5.

4. Given that a MWE includes a proper noun and the first word of the MWE does not begin with a
capital letter, classify it with the greatest probability as category 6.

5. Given that a MWE does not include a proper noun and the MWE begins with a capital letter, classify
it with the greatest probability as category 8 or 10.

6. Given that a MWE does not include a proper noun and does not begin with a capital letter, classify
it with the greatest probability as category 3, 7 or 9.

Figure 1 sketches the algorithm used for automatic detection of the MWE categories on the basis of
the proposed rules.

More fine-grained categorisation might be achieved if we introduce some more specific rules incor-
porating semantic analysis such as Latent Semantic Analysis (Landauer et al., 2007), or lexical-semantic
information from WordNet such as noun labels (e.g., noun.location) or semantic relations. In some cases
it is sufficient to determine the group of categories the MWE belongs to, depending on the purposes of
the study, and it may be inefficient to unambiguously assign a single category.
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[ Does the MWE start with a capital letter? ]
YES NO
[ Does the MWE contain a proper noun? ] [ Does the MWE contain a proper noun? ]

YES NO

[ Are all MWE components proper nouns? ] [ 8, 10 ]

YES NO

[ Do all components start with a capital letter? ]

Figure 1: Algorithm for MWE category recognition.

The most problematic is the combined group of categories 3, on the one hand, and 7 and 9 on the
other, since these can share the same form but have different semantic structure and thus may require
different processing and analysis. Moreover, there are many MWEs which are on the boundary between
categories and it can be difficult to distinguish between them.

It should be mentioned that the rules rely on some language-specific information such as the use of
capital letters. However, there are many other Slavic and European languages which share these rules
— capitalising first letter of names; common nouns are not capitalised (or only a limited numbers of
categories are — months, days of the week); etc. The rules in this form have limited applicablity for
German and other languages which capitalise all nouns, although they can be adapted and/or extended
accordingly.

4. Experiment

4.1. Linguistic Resources

The experiments are based on the Wiki1000+ corpus which comprises 6,311 Wikipedia articles, each
of them containing at least 1000 words. The corpus amounts to 13.4 million words of running text dis-
tributed between 25 domains (Leseva and Stoyanova, 2014). The corpus has been supplied with linguis-
tic annotation which includes several components — sentence segmentation, tokenisation, POS tagging
and lemmatisation. The annotation is performed automatically using the set of tools of the Bulgarian
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Language Processing Chain (Koeva and Genov, 2011). The POS tagger also assigns additional lexical
information including the type of each noun — common or proper, and the grammatical characteristics of
the word.

Syntactic type | # entries | % of all
(AN 16,791 28.3

NN 35,314 59.5

N PP 4,424 7.5

(A)N PP 965 1.6
Other 1,875 3.1

Table 1: Syntactic types of MWEs in the dictionary (A=Adjective, N=noun, P=Preposition,
PP=Prepositional phrase; brackets denote possible repetition, i.e. (A)N includes phrases of the form
AN, AAN, etc.)

Idiomatic type | # entries | % of all

NE 39,982 67.3

non-NE 13,774 23.2

NE, contains-NE 3,339 5.6

non-NE, contains-NE 1,672 2.8

Unclassified 602 1.0

Table 2: Idiomatic types of MWE:s in the dictionary

Additionally, noun phrases (NPs) in Wiki1 000+ have been identified using a list of possible syn-
tactic constructions, and all MWEs have been annotated by applying a large dictionary containing over
85,000 MWEs, of which 59,369 NPs (Todorova and Stoyanova, 2014). The distribution of dictionary
entries in terms of their syntactic structure is presented in Table 1, while their distribution with respect to
references to NEs is shown in Table 2. Table 3 shows the result of the annotation of the different MWE

categories in the corpus using the MWE dictionary.

Category Label # | % of all MWE
Non-decomposable A 700 0.23
Idiosyncratically decomposable B 3,156 1.02
Category 1 36,932 11.95
Category 2 11,248 3.64
Category 3 1,461 0.47
Category 4 1,086 0.35
Category 5 18,962 6.13
Category 6 27,373 8.86
Category 7 140,394 45.42
Category 8 16,653 5.39
Category 9 1,468 0.47
Category 10 0 0
”Free collocations” X 49,651 16.06
Free phrases Y | 1,197,762 -

The corpus Wiki1000+ and the MWE dictionary are distributed as part of META-SHARE!.

Table 3: Distribution of types of MWESs in Wiki1000+ corpus

'http://metashare.ibl.bas.bg/repository/search/
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4.2. Tasks

In order to observe the performance of the method, two distinct sets of tasks were defined.

1. Automatic MWE categorisation without prior MWE recognition — in this case the method for cate-
gorisation is applied on all NPs. It involves the following steps:

e POS tagging and lemmatisation;
o identification of NPs and syntactic filtering;
e categorisation on all identified NPs.

2. Automatic MWE categorisation following MWE recognition — in this case categorisation is applied
only on NPs identified as MWEs. It includes:

e POS tagging and lemmatisation;

e identification of NPs and syntactic filtering;

e identification of MWEs;

e categorisation of recognised MWESs and identification of certain types of NEs.

The MWE categorisation method is applied independently of MWE recognition although they gen-
erally complement each other. The MWE recognition method used in the experiments is outlined below,
but it falls outside of the scope of the present work. The experiments are limited to several NP construc-
tions: (A) N; NN; NPN;and NP (A) N.

The method for MWE identification combines collocation extraction with syntactic filtering to elim-
inate invalid or rare constructions. The method is described by Justeson and Katz (1995). It gives
relatively good results taking into account its simplicity and the limited resources it requires (only POS
annotation is needed). However, this method is best suited for extracting MWEs with adjacent compo-
nents and additional processing is required to adapt it for the task of identifying non-adjacent MWEs.

In our application of the method, mutual information (MI) is adopted as the associaton measure used
for deciding whether the cooccurring words form a collocation (Manning and Schutze, 1999). Other
measures have also been experimented with, such as the Chi-square, Log-likelihood, Dice coefficient,
but they have not proven to be empirically superior to MI for our data. It is recognised that MI, as well as
most of the other statistical measures, does not work well for low frequency events so we only consider
N-grams with frequency of over 10 occurrences.

In order to evaluate the performance of the MWE categorisation method (in the second set of tasks)
independently of the quality of MWE recognition, we perform the method on automatically annotated
and manually verified MWEs from Wiki11000+. However, it should be noted that in real-life appli-
cations MWE categorisation is interweaved with MWE recognition and thus the performance of the
categorisation is influenced by the results of the recognition.

The two sets of tasks are evaluated independently in order to establish whether MWE categorisation
can be used for MWE identification as well. The nature of the rules suggested that the method can be
applied with relative independence for the identification of some categories of NEs, although it is not
suitable for non-NE MWE identification in general.

4.3. Results

Table 4 presents the results for different MWE categories in terms of precision and recall. The simple
rule-based approach on already recognised MWEs reaches precision of 91.51% with variation of & 4%
(except category 6, see Table 4), while on unlabelled NPs the precision varies considerably between
categories and ranges between 25.11% and 81.43%. Even for the categories with best results (category
1, with the vast majority of entities being personal names) the precision without prior MWE recognition
is considerably lower (81.43%) than the precision after MWE recognition (94.10%) although the recall
is slightly better.

The results confirm the hypothesis that the method is unsuited for MWE recognition on its own and
does not obtain satisfactory results when applied independently on general NPs.
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Category Label | Precision | Recall
Non-decomposable and Idiosyn- | A and B 717.5 82.9
cratically decomposable

Category 1 94.1 96.5
Category 2 89.0 91.7
Category 3 0 0
Category 4 0 0
Category 5 89.4 71.0
Category 6 79.6 90.8
Category 7 90.1 87.2
Category 8 87.4 87.3
Category 9 0 0

Table 4: Results (precision and recall) for different categories after MWE recognition

Categories (3) and (9) are grouped with category (7), and category (4) is grouped with (5), they are
not recognised separately, therefore they appear with zero precision and recall in Table 4. In the appli-
cation of the method after MWE recognition, errors are mainly due to combination of categories, errors
in tagging, or specific cases of capital letter use. For more precise results it is required to pose addi-
tional constraints on the rules or involve more detailed structural and semantic information. Moreover,
improving MWE recognition methods will invariably lead to improvement in MWE categorisation.

5. Related Work

Research in the field of automatic MWE recognition and analysis in the last few decades has been clearly
divided into two main trends — on the one hand, unsupervised resource-light highly efficient but less
effective statistical approaches, and on the other hand, linguistically based resource-dependent but often
inefficient methods. Recent research suggests that successful MWE recognition and tagging lies in the
balanced hybrid approaches.

The detailed linguistically motivated characteristic of MWEs both as morpho-syntactic and semantic
units, is a necessary prerequisite for successful automatic rendition. In this respect our research relies
on the theoretical and applied studies focused on MWE classification by Baldwin et al. (2003), Baldwin
(2004), Nunberg et al. (1994), Sag et al. (2002), among others.

Hybrid methods for MWE identification have been applied and described by Justeson and Katz
(1995), Smadja (1993), Baldwin et al. (2003), Widdows (2008), Nakov (2008), Giesbrecht (2009) and
many others. The specific problems of the description and automatic recognition of MWEs and NEs
in Bulgarian have been discussed by Koeva (2006), Koeva (2007), Todorova (2006), Todorova and
Obreshkov (2008), Leseva and Stoyanova (2008).

6. Conclusion

In conclusion, the methods described in the paper are relatively simple and do not require elaborate
linguistic resources. Thus, they are suitable for morphologically rich languages, such as Bulgarian.

We need to emphasize that the results presented here are only valid for noun phrases of a limited
variety of syntactic structures, and the possible generalisation of the observations over the whole group
of MWEs is still to be evaluated.

However, we can conclude that the approach described here can potentially be developed into a
successful methodology by considering the parameters of the particular research purpose — whether we
need to simply identify MWEs, or discriminate between categories, as well as the granularity of the
categorisation. It is also important to consider the characteristics of the resources as they influence
highly the results, and take into account the specific features of the analysed corpora and the employed
dictionaries in the anlysis and evaluation. The extensive application and testing of methods for MWE
identification remains one of the major tasks in natural language processing of Bulgarian.
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Abstract

This paper presents a comparative bilingual corpus-based study of the use of
several frequent temporal adverbs and adverbial expressions (‘always’,
‘sometimes’, ‘never’ and their synonyms) in Bulgarian and Ukrainian. The
Ukrainian items were selected with the aid of synonym dictionaries of words
and of set expressions, the corpus was used to identify their most common
Bulgarian counterparts, and the frequencies of the correspondences were
compared and scrutinised for possibly informative regularities.

1. Introduction

Although corpus-based contrastive research is quickly gaining momentum today, it is still at a very early
stage, because parallel corpora are as yet available for few language pairs and the methods of their
processing have only started being developed. In this paper we make a contribution to this field by
addressing a pair of languages, Bulgarian and Ukrainian, which have received little attention in this
regard, and evolving an algorithm for comparative analysis of lexical and phraseological units from a
chosen lexical and semantic field on the basis of corpus and dictionary data.

The paper presents a comparative bilingual corpus-based study of the use of several frequent time
adverbs and adverbial expressions with the meanings ‘always’, ‘sometimes’ and ‘never’ in Bulgarian and
Ukrainian.

The working Bulgarian—Ukrainian parallel corpus (Siruk, DerZans’kyj, 2013; Siruk, Derzhanski,
2013) is composed entirely of fiction (mainly novels, although some shorter works have been included as
well), including both original Bulgarian and Ukrainian texts and translations from other languages. The
overall word count is currently 6.35 million in Bulgarian and 5.58 million in Ukrainian.' All texts have
been aligned at sentence level with Hunalign (Varga et al., 2005), with subsequent manual correction of
alignment errors.

A number of Ukrainian adverbs and adverbial expressions with the meanings ‘always’, ‘sometimes’
and ‘never’ were selected at the first stage of the research by means of a Ukrainian synonym dictionary
(Burjacok et al., 1999) and a dictionary of phraseological synonyms (Kolomijec’, Rehusevs’kyj, 1998).
They formed a lexical and semantic group with three subgroups, composed of 14, 21 and 16 units
respectively, not counting variants.

The use of both a word dictionary of synonyms and a phraseological one is expedient in order to
achieve a more complete coverage of the semantic field because it is not always easy to estimate the
power of the semantic cohesion of adverbial expressions. The dynamics of the forming of the common
meaning of a cliché’s constituents is also seen in the variations in the orthography of many of the

! The difference is due both to the contrast between the syntactic characters of the Bulgarian and the Ukrainian language
(analytic versus synthetic) and the prevailing tendencies of the translators of the two schools towards comprehensiveness and
conciseness, respectively.
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expressions in both languages, whose components are written separately at first, but later can become a
hyphenated or solid word.

At the second stage of the work, the corpus was used to find (through regular expression search)
instances of the Ukrainian temporal adverbs and adverbial expressions drawn from the dictionaries and
to identify their Bulgarian translation correspondences. These correspondences were checked against a
Bulgarian dictionary of synonyms (Nanov, Nanova, 2000) and of phraseological synonyms (Nanova,
2005). Then they served in turn to locate further Ukrainian translation correspondences with the goal of
expanding the lexical and semantic group. Finally, the frequencies (more precisely, the numbers of
occurrences) of the matches were compared and studied.

2. ‘always’

The lexical and semantic group zAvZpY’ is defined in the Ukrainian synonym dictionary as ‘all the time
or over a certain temporal segment—invariably’ and contains 14 items, not counting variants: postijno,
povsjakcas, vsjakcas [usjakcas], doviku, poviky, povik, povik-viky, povik-vikiv, vik [uvik] (colloq.), zavse
(colloq.), zavsidy [zavsihdy] (colloq.), vse [use] (colloq.), zajedno (dial.), skriz’ (rare) (Burjacok et al.,
1999, vol. 1: 511, s.v. zAvzZDy). All items in the group are single-word adverbs. The dictionary of
Ukrainian phraseological synonyms does not feature such a group at all.

In the texts that make up the parallel corpus zavZdy dominates absolutely (3,697 occurrences),
followed by nazavzdy “for ever’ 366, vicno ‘eternally’ 278, na viky or navik(y) 271, zavse 201 and postijno
‘constantly’ 131.°

The makeup of the corresponding lexical and semantic group in Bulgarian is very similar. It is led
by vinagi (3,462 occurrences), followed by zavinagi ‘for ever’ 446, vecno 392, postojanno ‘constantly’
390, vsjakoga (a close synonym of vinagi) 263, naveki 143 and neizmenno ‘invariably’ 94. The entry in
the dictionary of synonyms (Nanov, Nanova, 2000: 61, s.v. VINAGI) also lists the stylistically marked
items vsjakogaZ (folk), vsegda (bookish, obs.) and sjavga (dial.), which do not occur in our corpus.

The numbers of occurrences of the translation correspondences involving the two languages’ most
common ‘always’ items are given in Table 1. As in all tables in this paper, the Bulgarian words label the
rows and the Ukrainian ones the columns.

zavzdy zavse postijno vicno nazavidy naviky
vinagi 2,191 129 20 13 20 3
vsjakoga 156 4 2 1
postojanno 53 1 41 3 3
vecno 48 1 3 202 1 1
zavinagi 20 2 4 250 67
naveki 1 2 2 8 86

Table 1: Correspondences between items expressing the meaning ‘always’.

Of some interest here is the high frequency with which Bulgarian zavinagi corresponds to Ukrainian
naviky, and Bulgarian postojanno and vecno to Ukrainian zavZdy.

(1) Uk: Odyn raz vidmovyssja vid svobody, a todi naviky zabudes, $co to take. “You'll relinquish
freedom once, and then you’ll forget what it is for good.’

Bg: OtkaZes li se vedndz ot svobodata, zabravjas zavinagi kakvo e tja.

(Pavlo Zahrebelnyi, Roksolana)

(2) Uk: Vona zavidy tak Zorstoko mene obraZala! ‘She always wounded me so cruelly.’

2 We use the 1898 scientific transliteration system that is predominant in international linguistic publications on Cyrillic-
written Slavic languages for both Bulgarian and Ukrainian.
http://en.wikipedia.org/wiki/Scientific_transliteration of Cyrillic

* Strictly speaking, ‘for ever’ is a different semantic field, but it has a significant overlap with ‘always’, and Bulgarian words
from one field often correspond to Ukrainian words from the other.
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Bg: Tja postojanno me zasjagase Zestoko.

(Charlotte Bront€, Jane Eyre)

(3) Uk: — [ Flores, vidljud’ko, zavidy poxmuryj Flores zasmijavsja. ‘And Flores, the anchorite,
Flores the always frowning, smiled.’

Bg: — i Flores, samoZivecdt, vecno namrdstenijat, mracnijat Flores se zasmja.

(Alexander Belyaev, The Shipwreck Island)

Generally, adverbs derived from the noun vik are more numerous and more frequent in Ukrainian
than derivations of its etymological counterpart vek are in Bulgarian, in line with the fact that in
Ukrainian this noun has a wider range of meanings (‘life, lifetime’ as well as ‘century’ and ‘age, epoch’,
which are shared by the Bulgarian word as well).

3. ‘sometimes’

For the semantic field ‘sometimes’ the Ukrainian dictionary of synonyms lists 19 adverbs and set
expressions, not counting variants (Burjacok et al., 1999, vol. 1: 644, s.v. INoDI). The group only includes
items which allow bounding from above (‘not always’, ‘not often’), as demonstrated by their ability to co-
occur with the restrictive modifiers lyse and #il’ky ‘only’. The dictionary of phraseological synonyms
(Kolomijec’, RehuSevskyj 1998: 62) gives four set expressions (clichés), two of which (cas vid casu and
vid casu do casu, actually variants of the same) are also given in the synonym dictionary. The group
contains both adverbs and adverbial expressions with various structures.

In the corpus only four of these appear with significant frequencies, namely inodi, casom, cas vid
Casu (with variants cas od casu, cas do casu and vid/od casu do casu) and inkoly, with 860, 828, 459 and
385 occurrences, respectively. They are followed by raz u raz (raz po raz, raz za razom) ‘time and again’
317 and, far behind, by zridka 109, vrjady-hody (urjady-hody) 82 and podekoly 49.

In the matching Bulgarian sentences two items dominate: these are ponjakoga (with its rare variant
ponjavga) and ot vreme na vreme (also written otvreme-navreme) ‘from time to time’, with 1,836 and 761
occurrences. Next come the pointedly colloquial segiz-togiz 59, cas po cas 51 and the archaic navremeni
47. The idiom ot ddZd na vjatdar (lit. ‘from rain to wind’) only occurs seven times in the corpus. No
occurrences were found of ponjakogaZ, sporadicno, izrjadko, cat-pat and napdti, which are also listed in
the dictionary of synonyms (Nanov, Nanova, 2000: 436, s.v. NJAKOGA).

The distribution of translation correspondences is given in Table 2.

inodi | inkoly | casom | cas vid Casu | podekoly | zridka | vrjady-hody razuraz
ponjakoga 603 255 452 43 35 13 10 8
or. vreme 55| 28] 102 295 12 34 35 40
na vreme
navremeni 3 4 14 6 2 1
segiz-t0giz 4 4 8 18 6 5 1
cas po cas 1 6 1 18

Table 2: Correspondences between items expressing the meaning ‘sometimes’.

It is obvious that the three frequent Ukrainian adverbs inodi, inkoly and casom are very similar in
behaviour, and indeed the choice between them seems to be largely a matter of individual preference:
there are texts in the corpus which use almost exclusively inodi, or nearly nothing but casom, or all three
to an approximately equal extent. We may note, however, that casom corresponds to Bulgarian
navremeni more often than the others, which may be accidental (given the shallow amount of data),
though the correlation with the fact that both adverbs are derived from the nouns meaning ‘time’ (¢as and
vreme, respectively) is certainly interesting.

Another difference, concerning the co-occurrence of the adverbs and adverbial expressions with
Bulgarian samo and Ukrainian lySe and til’ky ‘only’, is shown in Table 3.
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total | with ‘only’ | percentage
ponjakoga 1,835 28 1.53%
ot vreme na vreme 761 38 4.99%
navremeni 46 3 6.52%
segiz-10giz 59 9 15.25%
inodi 860 24 2.79%
inkoly 385 12 3.12%
casom 828 5 0.60%
cas vid Casu 459 10 2.18%
zridka 109 35 32.11%
vrjady-hody 82 14 17.07%
podekoly 49 0 0.00%

Table 3: Co-occurrence of some ‘sometimes’ items with ‘only’.

If inodi, inkoly and casom are counted together, we see a strong correlation between them and the
adverb ponjakoga on one hand, and between the set expression cas vid casu (with its variants) and its
near-literal counterpart ot vreme na vreme ‘from time to time’, on the other. The translators’ tendency to
stay close to the originals should explain this to some extent, but not entirely. A further contrast is shown
in Table 4: the single-word adverbs are the only ‘sometimes’ items that often correspond to ‘often’ in the
other language. This may indicate imprecise translation on some occasions, but the frequency with which
it happens is too great to overlook, and suggests a semantic reason as well (greater proximity to the upper
end of the frequency scale).

inodi + inkoly | cas vid casu | razuraz zridka casto ridko
+ casom ‘often’ ‘seldom’
ponjakoga 1,310 43 8 13 19 1
ot vreme na vreme 185 295 40 34 1
Cesto ‘often’ 70 18
riadko ‘seldom’ 4 1 21

Table 4: Correspondences between ‘sometimes’ and ‘often’ or ‘seldom’ items.

One can note that Bulgarian ot vreme na vreme often corresponds to the structurally similar
Ukrainian raz u raz.

The existence in Ukrainian of the adverb zridka (related to ridko ‘seldom’), preferred host of lyse
and f#il’ky ‘only’ and frequent translation correspondence of Bulgarian rjadko but with no precise
counterpart in Bulgarian, constitutes yet another major difference between the two systems of
expressions that lexicalise the meaning ‘sometimes’.

(4) Uk: [...] moja Kateryna tak varyt’ galusky, sco j hetmanovi zridka dovodyt’sja jisty taki. ‘My
Kateryna cooks such dumplings that even the hetman seldom gets to eat the like.’

Bg: Mojata Katerina pravi takiva galuski, kakvito i hetmandt rjadko moZe da jade.
(Nikolai Gogol, A Terrible Vengeance)

Concerning the adjacent semantic field of ‘sometimes’ with no upper bound (items absent from the
entry s.v. INODI in the Ukrainian synonym dictionary), the most conspicuous observations from the
corpus are the frequent use of Ukrainian raz u raz and its variants and the high frequency of the iterative
verb buvaty ‘be occasionally, be regularly, happen’ as a main verb or a parenthetic word, which
corresponds to the Bulgarian adverb ponjakoga on 72 occasions:

(5) Uk: “Istorycna misija”, — kazav, buvalo, Brjans’kyj... ““‘An historical mission,” Bryansky used
to say.’
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Bg: “Istoriceska misija” — kazvasSe ponjakoga Brjanski...

(Oles Honchar, Guide-on Bearers)

The Bulgarian verb slucvam se ‘happen’ has a similar function, but a much lower frequency; it
corresponds to a Ukrainian adverb (inodi, casom, inkoly, vrjady-hody) only 37 times.

(6) Uk: Lyse inodi vin zryvajet'sja na kil’ka hodyn i raptom padaje, mov jastrub, pronyzanyj striloju.
‘Only sometimes it starts up for several hours and suddenly falls down like a hawk pierced by an arrow.’

Bg: Slucva se da duha i samo njakolko casa i izvedndz sekva, kato orel, pronizan ot strela.

(Bolestaw Prus, Pharaoh)

4. ‘never’

The lexical and semantic group NKOLY, defined in both source dictionaries as ‘at no time, under no
circumstances’), consists of nine adverbs, mostly stylistically marked ones, in the synonym dictionary
(zrodu emph., colloq., zrodu-viku [zrodu-zviku] emph., colloq.; doviku emph., povik emph., poviky rare,
vik emph., colloq., povik-viky [povik-vikiv] emph., poet., vvik [uvik] emph., colloq., vovik [voviky] arch.,
emph., colloq. (Burjacok et al. 1999, vol. 1: 1021, s.v. NIKOLY) and seven set expressions, not counting
variants, in the dictionary of phraseological synonyms (Kolomijec’, RehuSevskyj, 1998: 82). The data
from the two dictionaries don’t intersect. The group is large in size, and its elements vary in structure.
Among the three groups, this is the only one to contain set expressions with a high level of semantic
cohesion, and two of these expressions were found in the parallel corpus, both times with different but
likewise idiomatic Bulgarian translation counterparts:

(7) Uk: Nu, to pobacys joho, jak svoje vuxo. ‘Well, you’'ll see him as [you’ll see] your ear.’

Bg: Ste go vidis, kogato si vidis vrata. ... when you see your neck.’

(Henryk Sienkiewicz, The Teutonic Knights)

(8) Uk: Jak rak svysne? ‘When pigs fly?’, lit. “‘When the crayfish whistles?’

Bg: Na kukovo ljato? ditto, lit. ‘At cuckoo’s summer?’

(Bogomil Raynov, Typhoons with Tender Names)

In Bulgarian between 30 and 60 set expressions with the meaning ‘never’, not counting variants, are
registered (Niceva et al., 1974; Nanova, 2005):

(9) Uk: AjakZe, corta puxloho docekajessja!... ‘Oh sure, the hell you'll live to see it!...

Bg: Kak ne, na kukovden!... ‘Sure thing, on the first of Never!...’, lit. ‘on Cuckoo’s day’.

(Mykhailo Kotsiubynsky, Fata Morgana)

That said, the corpus in fact does little justice to the wealth of set expressions for ‘never’ that exists
in either language. It does, however, feature some of the Ukrainian adverbs, especially zrodu (zrodu-
viku, zrodu-zviku) with 187 occurrences, doviku with 94 and povik (povik-viku) with 33 (recall that the
latter two have also the meaning ‘always’ or ‘for ever’ when used in affirmative contexts). Contrary to the
synonym dictionary’s explicit statement, zrodu proves not to be limited to the past; it is applicable to the
future as well:

(10) Uk: Koly rozpovidajes jim pro svoho novoho pryjatelja, vony zrodu ne pocikavijat’sja
najistomisym. ‘When you’re telling them about your new friend, they will never be interested in the most
substantial.’

Bg: Kogato im razpravjate za njakoj nov prijatel, te nikoga ne vi pitat za naj-sdstestvenoto.

(Antoine de Saint-Exupéry, The Little Prince)

While unusual in the use of zrodu for the future, this example is typical in that the Bulgarian uses
the regular adverb nikoga ‘never’. The evidence of the corpus shows that Bulgarian has no other ‘never’
item comparable to Ukrainian zrodu in frequency, and the derivatives of vek are used with a negative
meaning less often (and in the corpus not at all) than their Ukrainian etymological counterparts.

B

5. Conclusions

The comparative analysis of the lexical and semantic field of temporal adverbs and adverbial expressions
on the basis of parallel texts makes it evident that this field is richer in synonyms in Ukrainian, whereas
in Bulgarian it is generally more monolithic (this conclusion seems to be in variance with dictionary data,
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but this can be explained with the fact that dictionaries cover specific ranges of genres, not restricted to
fiction). The comparison of the frequencies with which words and expressions of one language
correspond to words and expressions of the other in parallel sentences reveals subtle semantic oppositions
and demonstrates the structure of the semantic fields and the relations between them.

As a side result of the search in the bilingual corpus, some items not marked in dictionaries as rare
are shown to be so, which raises the question of checking the actual frequency of their use by the help of
larger (and balanced) monolingual corpora.

The method employed in this investigation, which is readily applicable to other temporal adverbs
and adverbial expressions and to other semantic fields, contributes to the comparative study of different
languages’ pictures of the world and, on a more practical level, holds potential for the improvement of
synonym and bilingual dictionaries.
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Abstract

This paper demonstrates how historical corpora can be used in researching
language phenomena. We exemplify the advantages and disadvantages through
exploring three of the available corpora that contain textual sources of Old and
Middle Bulgarian language to shed light on some aspects of the development
of two words of ambiguous class. We discuss their behaviour to outline certain
conditions for diachronic change they have undergone. The three corpora are
accessible online (and offline — for downloading search results, xml files, etc.).

1. Introduction

This paper presents part of an ongoing work on the historical evolvement of clausal second position
clitics and the clitic cluster in Bulgarian which attempts at explaining the conditions for the placement
and movement of clitics and clitic-like elements towards the second position in the phrase and/or clause
(it is the position immediately after the first emphatic (strong or stressed) syntactic constituent — the so-
called Second Wackernagel position where reflexive, discourse, interrogative, and pronominal clitics can
be found in different periods in the history of Bulgarian language). In this paper, we discuss the
behaviour of two words — 60 (bo “for, then”) and oy6o (oubo “then, indeed, therefore”) that are often
found in second position, in the context of methodological issues in development of historical corpora.

In the next section, we present the three corpora we have used for our study with a brief overview of
their characteristics. In section 3., we discuss a couple of practical issues in dealing with historical
corpora. Section 4. contains an empirical study of the two words that are often classified as conjunctions
or particles in the traditional literature with an outline of the conditions when the research has to employ
the data from historical corpora available.

2. The Corpora

We started our study by excerpting data from three corpora with Old Church Slavonic/Old Bulgarian
texts. They are representative of the textual collections available nowadays for linguists to work with. The
first — PROIEL corpus' — contains annotated texts without considering the variation in data, redactions,
and transparent access to parallel data (the corpus contains parallel texts but they have been used for
automatic and semi-automatic annotation and texts are not readily available in parallel). The second —
Old Church Slavonic subcorpus in the TITUS database® — gives parallelized texts but they have been
lemmatised only; parallel data involves the gospel text. The third corpus — the Historical Corpus of
Bulgarian Language® — has being developed for a couple of years to give access to an impressive
electronic collection of texts — broad and diverse, although lacking transparent annotation so far.

"http://foni.uio.no:3000/users/sign_in

“http://titus.uni-frankfurt.de/indexe.htm
*http://histdict.uni-sofia.bg/textcorpus/list
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The PROIEL corpus has been developed at the University of Oslo since 2008. The corpus contains
the gospel text from Codex Marianus (following the edition of Vatroslav Jagi¢, cf. Jagi¢, 1883), parts of
the gospel text according to Codex Zographensis (again following the Jagic's edition, cf. Jagi¢, 1879) that
is missing in Codex Marianus (Matthew 1:1 — 1:27) and texts from Codex Suprasliensis (this part of the
corpus is still under preparation, and not all texts from Codex Suprasliensis are included and annotated;
here, we use only the available texts*). Although the texts are annotated (normalized wordform, lemma,
part-of-speech, and applicable morphological information, plus syntactic annotation and attempt at
information structure annotation), there is no readily usable marking of corresponding passages across
languages and texts. We have isolated the patterns (syntactic, with respect to word ordering and right and
left adjoined constituents) that we are interested in for the discussion in Section 3. However, texts are
translations, so the access to sources pertaining to different redactions and/or translations, is needed to
support the comparative research across texts and language phenomena (as shown by example (4) in 4.1.,
there are well known differences between the texts according to different manuscripts).

The TITUS corpus gives a valuable access to aligned and parallelized texts albeit not annotated with
morphological and/or syntactic information. However, they are lemmatized and it is easy to search for
different inflectional and orthographic forms. Access to parallel texts with corresponding passages across
texts and in comparison to Greek New Testament (NT) is easy although it does not resolve the issue of
handy access to different sources within the Byzantine tradition. There is no marking of the common
passages across texts either (quotations, idiomatic constructions, etc.).

The third corpus — the Historical Corpus of Bulgarian Language (HCBL) — gives access to a great
variety of texts (104 as of June 2014), some of which are of very late dating. The still missing annotation
makes comparative research a bit complicated but the collection is extremely valuable because it covers
texts according to manuscripts (and not editions), some rare and very interesting non-canonical texts, and
late developments. This corpus is open-ended in the sense that non-canonical and non-literary materials
can be added such as inscriptions, dialect data, databases of toponyms, personal names, etc.

Conditions PROEIL TITUS HCBL
Metadata Bibliographic reference to the | Mirroring reference to the | Reference to the
edition only editions of the manuscripts manuscripts
Access to source No No No
Annotation Morphological, syntactic, Lemmatised only No
lexical
Parallel data No Yes (no marking of parallel No
passages, citations, etc.)

Search engine Yes Yes No

Text diversity No No Extensive time
period and genres

Table 1: Summary of the most important characteristics of the three corpora.

3. Practical Issues

Historical language study relies almost exclusively on written data as there are no sources that are more
reliable for this research purpose. Corpus data is the empirical basis for diachronic linguistics, and by
analysing it, we build hypotheses about linguistic processes within or outside a particular linguistic
theory.

* Codex Suprasliensis is included as part of the work in the UNESCO-funded project The Tenth Century Cyrillic Manuscript
Codex Suprasliensis that aimed at digitizing this largest Old Church Slavonic manuscript.
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As historical linguists do not have ready and non-compromised access to balanced corpora with well
described sources covering entire periods, diverse content and genres, they often search for open-ended
databases to collect materials they need. In this context, the notion of corpus may need broadening to
cover different resources such as electronic text collections, editions, linguistic atlases, and dictionaries
(Kyto, 2011). The Historical Corpus of Bulgarian Language is the only one among the three corpora
used for our research that contains texts of diverse time periods and genres. However, it is still neither a
corpus because it lacks annotation and metadata, nor a database because it is not really searchable.
Therefore, here we define it as an open-ended e-text collection.

The trend, though, makes even harder to collect and align the materials to extract and observe the
data because if we aim at studying the language system and its change in time (Mair, 2008), we need to
take into account the linguistic phenomena as attested over time. Thus, although we may not be
interested in the history of individual texts as instances of the output of the language system, we still
have to take into account textual history (and the history of sources) to interpret the data we collect and
analyze.

Moreover, if researchers do not have access to thoroughly described and annotated textual data, they
may make use of design and arrangement of the data in a way that will rely on already available
knowledge (reflected in traditional grammars and dictionaries, already annotated corpora, dialect atlases,
and other handy data collections). One such approach involves heuristic alignment of historical texts with
contemporary editions and/or translations of the same texts or editions of other texts that are readily
available. For example, the TITUS database offers a parallel view of Old Church Slavonic NT text
according to different manuscripts (Codex Marianus, Codex Zographensis, Codex Assemanius, and Codex
Sabbae), Greek NT and Modern Russian NT translation. This parallel view is a fantastic tool for studying
parallel constructions and specific phenomena.

In the next section, we will employ the three corpora for a field study on behavior of two words
attested as early as the period of the earliest sources and preserved in some contemporary dialects. While
summarizing our findings, we will sketch out the specifics of the three corpora.

4. Empirical Study

Our empirical study covers the words 60’ (bo “for, then”) and oy6o (oubo “then, indeed, therefore”), with
additional notes on u6o (ibo “because”) — the origin of all of them can be traced to 60. bo and oybo are
predominantly found in the second clausal and/or phrasal position after (prosodically and syntactically)
strong constituent (in the Second Wackernagel position or 2P). The first strong constituent can be a wh-
word in complementizer function such as xsmo (kdto “who”), usmo (chdto “what”), etc., including a
prepositional phrase with a wh-word such as no usmo (po chdto “why”). The strong constituent (verb,
noun, adjective, adverb) in the first position can be preceded by a conjunction or a subjunction, negation
particle ne (ne “not”), and/or followed by the reflexive particle ca (sen “self”), discourse particle arce
(zhe), pronominal clitics such as ma (ten “you-ACC,Sg"®), mu (ti “you-DAT,Sg”), etc. These are mostly
prosodically weak constituents — proclitics or enclitics (depending on whether the strong constituent is
after or before them). In section 4.1., we discuss our observations on an annotated corpus (PROIEL),
with additional data from the parallel texts included in TITUS. For further analysis, we need the Greek
correspondences but parallel and comparable corpora of these sources are not readily available (and
annotated). Therefore, we need to look further into traditional critical editions to extract the information
about the Greek equivalents (Nestle-Aland, 2013).

4.1. Earlier Texts

In this section, we will present our observations on the earlier texts that are part of the PROIEL corpus
with some raw and inconclusive numbers (instances of both 6o and oy6o in the two large annotated
textual segments of Codex Marianus and Codex Suprasliensis — respectively, Cod. Mar. and Cod. Supr.).
3 As the words will be repeated in the next pages, the transliteration will not be repeated and translation is to be given only to
differentiate specific meanings in appropriate discussion passages.
¢ The following abbreviations and conventional labels are used in the paper: ACC — accusative; DAT — Dative; GEN —
Genitive; Sg — Singular; Pl — Plural; FUT - Future tense form; CL — clitic; QuCL — interrogative clitic; Pron — pronoun; PP
— prepositional phrase.
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Overall, Codex Marianus attests for 172 instances of oyoo and 343 of 60, and the texts of the Codex
Suprasliensis included in PROIEL contain 272 instances of oy6o and 442 of 60.

Conditions Cod.Mar. | Cod.Supr. | Cod.Mar. | Cod.Supr.
00 00 oybo oyoo
After wh-pronoun (incl. wh in PP) 9 12 47 27
After a verb (incl. 6v1mu (byti “be”) 136 128 32 62
After a noun (incl. pronoun, etc.) 109 170 27 50
After any constituent followed by arce 0 0 10 11
After any constituent followed by ca 0 0 8 11
After any constituent followed by weak pronoun 0 0 4 7
After any constituent followed by .w (i — 0 0 2 2
interrogative particle)
After uorce (izhe “who/what”) 18 12 3 6
After awe (ashte “if”) 3 21 16 9
Before arce 0 0 0 0
Before ca 13 24 0 0
Before a weak pronoun 21 21 0 0
Before . 0 0 0 0
Before awe 10 0 0

Table 2: Positions of 6o and oy6o after and before other constituents as attested in Codex Marianus, and
the texts from Codex Suprasliensis (in the annotated texts in PROIEL)

Originally, 60 was a particle for emphasis and verification (Stawski, 1974: 285-286) of the
preceding constituent — the emphasized word (often syntactically focused constituent). In the data, 60 is
almost exclusively preceded by only one constituent, except for dpoyes ks dpoyeoy (drug kd drugou “one
another”), and the preceding constituent can be preceded only by a preposition or a negation (xe “not”,
Hu “neither”). Other syntactically weak constituents such as ca and pronominal clitics are placed after it.

The origin and clausal position of 6o are parallel to the Greek ydo (gar “for, indeed”) that was
colloquially used to highlight the faculty or the property of something or someone. In the history of
Bulgarian language, 60 was gradually adopted for various functions, which, on the one hand, overlapped
(partially or fully with the meaning of oy6o), and, on the other, were very close to those of arce in its
function of emphatic particle (there is no co-occurrence of dce and 6o alone — not as Hukwsmodice 6o,
udice 0o, etc. - in the texts here). It was also adopted to function as a conjunction — in our data 6o is found
after the negation particle alone (without a preceding constituent). The conditions for the overlap depend
on its position and function to emphasize the meaning of the preceding word (just like orce), as: 1) a
marker of cause or reason - “for” (introducing the reasoning); 2) a marker of clarification - “for, you
see”; 3) a marker of inference - “certainly, by all means, so, then”.

The derivation variants of 60 are many — u6o (ibo, “for, because”), and oybo, among others. They
were often used in earlier Old Bulgarian texts to translate specific Greek constructions and are mostly
calques (unlike 60). The following examples show co-occurrence of 6o and u in the form of 0o (phonetic
variant of u6o used to translate parallel constructions in Greek (with xai (kai “and”) and yop (gar “for,
indeed”; see also the occurrence of u in the meaning of “even, also” after u6o), as in:

58



CLIB 2014 Proceedings

(1) a. 100 u Oecbma TBOB aBb TA TBOPUTD Cod. Mar. Mt. 26:73

indeed even speech  your out you give’
Kai yo N Aol oov OfAOV  og  moLel

b. 160 u ncu oab Tpare30Lk tnate Cod. Mar. Mk. 7:28
indeed and dogs under table eat
Kai yoQ TO KUVAPLE  VITOKATw TG Tpastelng  éoBlovov®

c. oo CHB YIBbYBCKBI HE npuje Cod. Mar. Mk. 10:45
indeed son human not come
Kai YaQ Oviog  ToD AvOpwmov  OvK N\Oev

d. 60 a3b YIBKb eCMb I0Ib BJIACTEJIBI oyunHeHb Cod. Mar. Lk. 7:8
indeed I  man am under  authority appointed
Kal yoQ gy AvOpwog el VIO ¢Eovotav TOLOOOUEVOG

The use of oyoo as particle for explanation and emphasis, if synonymous with 60, is considered the
earliest (Tseytlin, 1994: 721-722). The further use of oy6o was dependent on its use after pronouns and
pronominal adverbs, mainly in interrogative clauses (after a wh-word) — it is probably among its first
functions as it is closest to the particle function (Tseytlin, 1994: 721-722).

(2) a. orpkOyniR  oyoo uMath  TUThBEND Cod. Mar. Mt. 13:27

from where  then have weed
00eVv ovv EyeL Qultavia

b. Kro oyoo ecTb BEpBHEI pads U MAJIpPHL Cod. Mar. Mt. 24:45
who then be faithful servant and wise
Tig doa®  EoTlv O mLOTOG dobhog  Kal PPOVLIOG,

Cc. TMmo4drto  0yoo OCRKIAIEIIN- K€roxe OOrb He OCRXKIAETD-
why therefore judge whom  God not judge
Tt T0{VUV KPLVELg ov 0 O@edg  KataKplvel

Cod. Supr. 359:1 (PROIEL Supr. 31:147-148)

d. Opaxb oyoo TOTOBb  €CTh Cod.Mar. Mt. 22:8
marriage truly ready  be
‘O uév yapog gtonog gomy,

The corresponding Greek constituents vary a lot — doa (ara “then”), uév (men “indeed”), odv (un
“therefore”), toivvv (toinun “indeed, therefore”). The conjunction odv “then, therefore” is
overwhelmingly placed in second position and is also found as & 00V (ei un) — aue oyéo (ashte oubo “if
then”). The adverb uév “indeed, truly” in (2d) occurs after the article in the NT Greek text while oy6o is
in 2P.

oy6o can be found (albeit sporadically) in the first clausal position — typical for subjunctions and
conjunctions (5 instances in Cod. Mar., and 2 in Cod. Supr.), and in the last position (as some adverbs, 1
in Cod. Mar., 2 in Cod. Supr.). oyoo is also found immediately after a weak constituent such as the
conjunction u (i “and”) and da (da “to”). If there is another clitic, oy6o is usually found after it or after
clitics in the clitic cluster (unlike 60). This means that it is placed (almost) exclusively after weak
constituents such as ca, ., sce — (3a) and (3b), and pronominal clitics such as mu (i “you-DAT”) and
mu (mi “me-DAT”) — (3¢).

7 Glosses are given only if there is no appropriate translation, i.e., dogs instead of dog-PL, but Israel-DAT (for the Dative
form).

8 Nestle, Aland, 1979: 113, readings from various witnesses. The version of PROIEL follows Tischendorf, 1869: xal T
Kuvapto.
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(3) a. cmpimacre M 0yoo Cod. Supr., 1, 3, 14a, 12 (27)
heard QuCL  indeed
b. cecrapbeb xe cA oyoo Cod. Supr., 1, 16, 104b, 2 (208)
he became old Disc CL RefICL indeed
c. mnompobaaiie TH 0yoo Cod. Mar. Mt. 25:27
£deL o€ ovv
suited you-DAT indeed

There are isolated examples of immediate closeness to oy6o and 60 that can be interpreted as a
result of an overlap in their functions. In TITUS, there is even a disagreement in translations in the
parallel corpus (60 oybo in Codex Marianus, only oyoo in Codex Assemanius, and oyooow in Codex
Zographensis).

4) a. bxo 00 oyoo CHOUPAERTH TuThBEITBI. Cod. Mar. Mt. 13:40
as therefore is granted the weeds
momep  ovVV OVALEYETOL o QlLavia
b. ‘Broxe oyoo rurhBest CBOIPAERTD CA Cod. Assemanius Mt. 13:40
as therefore weeds granted
c. ko 0Y000w CHOUPAERTH rurbBeb Cod. Zogr. Mt. 13:40
as conveniently(?)  granted weeds

The example with the variant readings in (4) shows that the correct interpretation of the language
phenomena with respect to the language change requires access to parallel data.

4.2. Open-ended Text Collection

In this section, we discuss the additional data available through an open-ended text collection where we
follow the changes in the phenomena. Sources are part of the Historical Corpus of Bulgarian Language
which comprises diverse texts, with some very late ones such as Damascenus Troianensis (17" c.; NBKM
Ne II, 11 or Kodov 88).

The raw statistics (without taking into account different meanings) shows interesting results with
many later non-canonical sources exhibiting higher number for oy6o and not for 60 (in contrast to the
earlier sources). The observations give a complex picture of the interplay between 6o and oy6o.

Source 00 0y00

Zlatoust of Jagi¢ (13" c.; RNB, St. Petersburg, Q.1.1.56) 525 17
Manasii Chronicle (14" c.; GIM, Moscow, Syn 38) 249 434
Borili Regis Synodicum (14™ ¢.; NBKM 289) 1° 37
Codex of German (14" c.; Library of Romanian Patriarchy, Nel) 486" 115
Laudatio sanctae magnae martyris Dominicae (1479; Rila Mon. 4/8, 603v-611v) 45 42
Laudation sanctorum magnorum aeqalium apostolic regum Constantini et Helenae 44 82
(1483; Rila Mon. 4/5, 424r-439r)

Vita et acta sancti patris nostril Hilarionis episcope ex Moglen (1483; Rila Mon. 41 57
4/5, 161r-175r)

? Co-occurring with oyéo.
''With one co-occurrence: ko 60 860 U KOAUKO HR.
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Vita et acta sancti patris nostril loannis in monte (14" ¢.; Zogr. Mon. 172 (olim 103 30 81
II g.6), 93r-104r)

Vita et acta sanctae matris nostrae Parascevae (14" c.; Zogr. Mon. 172 (olim 103 36 38
Il 2.6, 93r-104r), 74r-82v)

Table 3: Occurrences of 60 and oyoo in later texts from the Historical Corpus of Bulgarian Language

In the latest source — Damascenus Troianensis — there are no instances of oy6o and 6o. Historical-
apocalyptic literature consistently prefers oyoo instead of 6o in later texts. In Homilia Hypatii Ephesiensis
there is only 6o (disregarding the meaning), as in the following examples:

(5) a. Ob 00 Bb IIecTbl nfb ce B'ce 63b chabiaBp - nocabanere gbio'! -
God indeed on sixthday (in the name of the God made last thing)

b. Hamp ThMmu 00 BbTOpa CMpP'Tb HE UMaThb  BJACTU
over them-INST indeed second death  not has power

The same is observed in Visio Danielis propheti. De regibus. De novissimis diebus. De fine saeculi:

(6) m  cppaszerpb 00 ce Opanuio kpbrbkoo
and (stroke down) indeed (with the fierce battle)

A possible explanation extends to postulated stylistic differences between 60 u oy6o. In S. Methodii
episcopi revelatione de regibus et novissimis diebus, all 17 instances of 60 are associated with different
meanings; oyobo is found only once but in the same discourse contexts as 60 — in (7d) below, where we
give the translation of the segment with the difference in the meaning between the two words.

(7) a. peue 00 Ob N3mo -
said then God Israel-DAT

b. Bb TH 0o IIHA - 60y(1)Th YfiBIIA -
in these then days be-FUT men

C. TBOpUTH 00 Hay'H|eThb Thr(J1)a - 3HaM[eHUIA H] yioa[eca MHOra
create  then start then signs and  wonders many

d. Tor(m)a BCckke @0 xerpoctd/!/ 1O JURBOJIOY cbkpla]ThioTh
then every  then skills Conj Demon-DAT go short of
U He oycmbioTh HUYECOXke CHI 0y060 HEYNCTH CKBPbHBHU FHOYCHU IE3bILIU
and not succeed nothing-GEN this truly sinful unclean disgusting people

“then every Devil's skills will disappear, and these all truly sinful unclean disgusting people
will not succeed”

The observations are additionally hampered by the orthographic variants such as 6 and 60; oybo,
860, 86w, oyow, etc. Variation in graphics and the changes in lexical and morphological forms of the
words are among the greatest obstacles to the annotation and structuring of these data.

Nowadays, 60 can be found in most Slavic languages (Trubachev, 1975: 141-142). It has preserved
its particle function, and keeps the second position. In Russian dialects, 60 is synonymous with orce as in:

"' The examples are excerpted from the corpus so there is no reference to edition (http://histdict.uni-
sofia.bg/textcorpus/list).
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Caoucv 00, npunecu 0o “Take a sit then, bring along then®. If it is kept as a conjuncition, it moves towards
the first position in the clause as in the Russian Smolensk dialect Hs noiide, 60 6oumcst sizo “(He) didn't
20 because he is afraid of him“ (Filin, 1968: 34-35). The last example shows that 6o has kept its unique
syntactic function of connecting two clauses while it is placed in the second clause but not in the first
position of the clause it introduces (unlike most conjunctions).

Some authors (Mladenov, 1941: 36) have stipulated that Bulgarian dialects keep traces of 60 in
00eono (boedno), 6oeona (boedna), 6oeono (boedno) (with variants of 6yo- (bud-), 6ao- (bad-) in the
Rhodope and Southern Bulgarian dialects) to be traced back to 60 edun, 60 eono, 60 edna with the
meaning of the indefinite pronoun wsixoii (nyakoy ‘somebody-M*), nsxos (nyakoya ‘“somebody-F*),
Hsikoe (nyakoe ‘somebody-N“), and sporadically can be interpreted as negative pronouns uukoii (nikoy
‘nobody-M*), nuxos (nikoya ‘nobody-F*), nuxoe (nikoe ‘nobody-N*) (Mirchev, 1932). However, the
Bulgarian Etymological Dictionary suggests etymology from *a1060 edvns (BER, 1971). bo can be found
very later, although sporadically, as a conjunction in the meaning of ‘because” (Ilchev, 1974: 37).

5. Closing Remarks

The discussion above shows that the benefits of a corpus study for an observation on the evolvement of
language phenomena in context. However, neither available collection of historical texts of Bulgarian
language offers working access to structured comprehensive data. The lack of context means that
valuable linguistic information on syntax, for example, remains hidden which hampers the access to
syntax-semantics information for the status of the markers we have studied in this paper.

The historical linguists interested in the history of Bulgarian still need structured resources with
user-friendly marking (annotation) of the linguistic information, metadata (sources, dating, editions, etc.)
and visualization and search interface to allow them to make use of valuable data.
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Abstract

The proposed machine translation (MT) approach uses WordNet (Fellbaum,
1998) as a base for concepts. It identifies the concepts and dependency
relations using context-free grammars (CFGs) enriched with features, role
markers and dependency markers. Multiple interpretation hypotheses are
generated and then are scored using a knowledge base for the dependency
relations. The hypothesis with the best score is used for generating the
translation. The approach has already been implemented in an MT system for
seven languages, namely Bulgarian, English, French, Spanish, Italian, German,
and Turkish, and also for Chinese on experimental level.

1. Introduction

Any translation must properly convey the concepts and the relations between them from the source to the
target language. This includes correct identification of the concepts (i.e., word sense disambiguation) and
correct identification of the relations between them (their dependency relations). These concepts and
relations must be properly projected into the target language so that they can be correctly identified
(understood) by the recipient of the translation.

The article proposes an approach for generation and semantically driven evaluation of interpretation
hypotheses as part of an MT system. The derived hypotheses embed and evaluate the morphological,
syntactic and semantic information simultaneously instead of in a pipeline. Recent developments (Bohnet
et al., 2013) show the advantages of performing morphological and syntactic analysis jointly, obviating
the use of a part-of-speech tagger. Our approach goes further by performing morphological, syntactic
and semantic analysis jointly. The best hypotheses are chosen by using a semantic scoring mechanism
that works on the relations that each hypothesis identifies. A method for performing parse selections
based on semantic knowledge has been proposed in (Fujita et al., 2010).

The article presents work in progress, and no extensive comparison of the translation results has
been done yet. However, the proposed MT approach is used in the SkyCode machine translation system.
It has been implemented in C++ and has a very compact binary data representation, approx. 60MB for 7
languages and 42 language translation directions. It has been used in offline translation applications for
mobile devices, outperforming Google Offline Translator in both quality and size (the latter needs about
1.05GB of data for 7 languages). The system has also participated successfully in the iTranslate4 project,
and can be tested online at http://itranslate4.eu (the SkyCode vendor). The system consists of a
lemmatizer, a concept binder, a hypothesis generator, a dependency relations scorer and a synthesis unit.

2. Lemmatizer

The lemmatizer analyzes the smallest bits that the system works on: the tokens. For every token the
lemmatizer yields a list of all lemmas that have a word form equal to the token. Each entry in the list
consists of the lemma identifier in the database and the morphological features of the word form.
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The lemmatizer database consists of entries where each entry holds an identifier, a lemma (or a base
form of the word), an inflection group identifier, and a paradigm identifier. Each inflection group is a set
of inflection entries consisting of a suffix and its respective features. In this way, all word forms of the
lemma are defined. The input word form can be lemmatized with the inflection features extracted, and
any word form can be generated by specifying the lemma and the respective features.

The result of applying the lemmatizer over each token is a list of lemma entries. Each entry consists
of a lemma identifier and a set of features. The lemma entries list is used by the concept binder to yield
initial interpretation hypotheses for the token. For instance, “water” will yield two lemma entries, one for
the noun and one for the verb. The Bulgarian surface form of mu (mi, “me”) will yield an entry for the
dative/genitive/possessive form of the personal pronoun a3 (az, “I) and another two for the second and
third person past forms of the verb mus (miya “to wash”).

Input:
Time flies like an arrow
time, fly, like, an, arrow,
Iy 3P, Sg. n, 3p1 pl n, 3p‘ sg. ind.art n, 3p, Sg.
time, fy, like, v, inf
v, inf v, pres, 3p, sg.

like, adj

like, prep

Figure 1: Lists of lemma entries resulting from the application of the lemmatizer over each token. The
lemma and language identifiers for each entry are omitted for brevity.

The proposed approach considers every possible lemmatization of the token producing one or more
interpretation hypotheses. The lemmatization disambiguation occurs naturally when scoring the different
hypotheses and disregarding the low-scored ones. This obviates the use of part-of-speech taggers, which
are known to introduce errors that cannot be handled further in the process.

We have developed dictionaries containing 115,735 lemmas for English, 102,393 for Bulgarian,
38,445 for Turkish, 135,171 for German, 68,026 for Spanish, 65,866 for French, and 59,883 for Italian
as part of the SkyCode MT system.

3. Concept Binder

The concept binder database links each WordNet concept (its synset identifier) to a list of one or several
lemmas that observe agreement restrictions. The database is used by the concept binder to identify
concepts in the input language and to generate translations in the output language.

3.1. Database Structure

The concept binder database consists of entries having the following fields:
— alanguage identifier;
— abase form (a descriptive string, usually matching the base form of the constituting lemmas);
— ahypothesis type identifier (HTI);
— alist of lemma identifiers;
— a WordNet synset identifier;
— restrictions on features of each lemma;
— unification of features of each lemma;
— alist of additional features.
The base form is used only for easy lookup and management of the database.
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The hypothesis type identifier (HTI), as used in this article, corresponds to some extent to the
non-terminal symbols of a classical CFG. Here are some of the HTIs used in the system: Verb, Adjective,
Noun, Personal_pronoun, Demonstrative_pronoun, Direct_object, Indirect_object, Verb_phrase,
Noun_phrase, Prepositional_phrase, Subject_phrase, Sentence, etc.

The list of lemma identifiers is used for both concept identification and translation generation. The
restrictions on features of each lemma allow identifying concepts that are defined by a specific word form
and not by all of the word forms, which is usually encountered in multiword expressions (MWEs). The
unification of features of each lemma is used for MWEs. The list of additional features is used to define
sub-categorization frames, mass/plural count nouns, etc.

The SkyCode MT system currently has 285,171 concept binder entries for English, 166,948 for
Bulgarian, 118,832 for Turkish, 213,421 for German, 162,545 for Spanish, 183,479 for French, and
140,836 for Italian. The concept binder data for English has been automatically imported from the
Princeton WordNet 3.0, while the rest has been developed independently. Similar resources exist for
some of the languages (e.g., Bulgarian — cf. (Koeva, 2010), but they were either not available or not
freely accessible when the development of the system started.

3.2. Identifying Concepts

The concept binder works on the lists of lemmatized tokens created by the Lemmatizer. It generates all
the possible interpretations for one or more consecutive tokens and the result comprises the initial
interpretation hypotheses on which the hypothesis generator works. For instance, running the concept
binder over the token “water” (lemmatized to [water, n, English] and [water, v, English]) will yield the
following interpretation hypotheses: 6 instances with HTI of “noun” bearing the respective WordNet
synset identifiers and 5 instances with HTT of “verb” bearing the respective WordNet synset identifiers.

“water” —lemmatizer - [jist of lemma entries:

ter, n, 3p, sg. water, v, inf

Hypotheses:

water, n, 3p, sg., synset id: 114855724

water, n, 3p, sg., synset id: 114847357 S

water, n, 3p, sg., synset id: 114845743 &

water, n, 3p, sg., synset id: 109225146 5
S.
3

o\ o™
&

water, n, 3p, sg., synset id: 107935504
water, n, 3p, sg., synset id: 104562658

water, v, inf, synset id: 202357873
water, v, inf, synset id: 200452098
water, v, inf, synset id: 200228236
water, v, inf, synset id: 200214951
water, v, inf, synset id: 200069570

Figure 2: Concept binder being run over the output of the lemmatizer. The lemma, language and concept
binder identifiers are omitted for brevity.

The concept binder is run for spans up to 9 tokens to find multiword expressions (such as “guinea
pig”) and yield interpretation hypotheses for them. Each hypothesis comprises a particular WordNet
concept and a particular projection (translation) of the WordNet concept in the target language if there is
more than one translation of the concept.

The hypotheses derived from several language units by the concept binder are considered along with
the hypotheses created by applying the rules over the single-lemma hypotheses. For instance, “to kick the
bucket” will be considered as a hypothesis for a single concept (“to die”) having HTI of “Verb”. It will
also be considered as a hypothesis with HTI of “Verb_phrase” and roles and dependencies identified in
concert with the literal meaning of fo kick a bucket.

3.3. Generating Translations for Concepts

The concept binder database is also used to generate translations in the target language. For each source
language concept one or several translations are retrieved from the database by filtering the entries that
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match the target language id field and the WordNet synset id field of the source concept. Each translation
is generated by looking for the lemmas in the lemmatizer database and inflecting each of them into the
appropriate word form.

4. Hypotheses Generator and Parsing Rules

The hypotheses generator groups hypotheses of adjacent spans of the input text by trying to apply each
of the parsing rules (based on enriched CFGs) over them. A parsing rule can be applied if the
hypotheses to be grouped meet the parsing rule criteria, thus yielding new interpretation hypotheses for
the span that includes the adjacent spans whose hypotheses are grouped. The hypothesis generator (parse
generator) uses the Cocke—Younger-Kasami (CYK) algorithm (Cocke et al., 1970; Younger, 1967;
Kasami, 1965), modified with scoring and pruning to prevent search space explosion.

Input:

Time flies like an arrow

Hypothesis:
“like an arrow”, verb_phrase,
g _ role_verb: “like”
time flies”,

role_direct_object: “arrow”

verb-direct_obj(role_verb, role_direct_object)

! 1
Hypothesis:
subj_phrase, 3p, pl.

Hypothesis:
“like an arrow”, prep_phrase,
role_prep_object: “arrow”
prep_like(role_left_prep_arg, role_prep_obj)

Parsing rule:
subj_phrase -> subj_phrase prep_phrase
role_left_prep_arg: subj_phrase

Parsing rule:
sentence -> subj_phrase verb_phrase
role_subject: subj_phrase
role_verb: verb_phrase
subject-verb(role_subject, role_verb)

’

Hypothesis:

“time flies like an arrow”,
Sentence,

role_subject: “time files”
role_verb: “like an arrow”
role_direct_object: “arrow”
subject-verb(role_subject, role_verb)
verb-direct_object(role_verb, role_direct_object)

Hypothesis:

“time flies like an arrow”,
subj_phrase,
role_left_prep_arg: “time files”
role_prep_obj: “an arrow”
prep_like(role_left_prep_arg, role_prep_obj)

Figure 3: Parsing rules being applied to hypotheses yield hypotheses for broader spans. Even though the
illustrated hypotheses seem unlikely for the sample input text, this may not be so for other input text
(e.g., “time travels seem an illusion”). The likeliness is evaluated as a hypothesis score by looking up for
the identified dependency relations in the knowledge base. Note that Figure 3 shows just one of the
possible splits but other splits are also considered, such as the correct one, [S — SP VP (“time”,
subj_phrase) (“flies like an arrow”, verb_phrase)]. When having good knowledge base, the latter
hypothesis will receive the best score.

Each parsing rule used by the hypothesis generator assumes roles and dependency relations. The
result of the successful application of a parsing rule is a new interpretation hypothesis that includes the
assumed roles and dependency relations as part of it. The hypothetical dependency relations between the
assumed roles are scored by the dependency relations scorer using the dependency relations knowledge
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base. Thus, each interpretation hypothesis is scored and the worst hypotheses are pruned to prevent
search space explosion. Currently, the system identifies the following relations and roles (inexhaustive):
subject-verb, verb-direct_obj, verb-indirect_obj, modal_verb-verb, adjective-noun, etc. It also identifies a
number of language-dependent prepositional relations, such as prep_in(left_prep_argument, prep_object).

4.1. Parsing Rules

The parsing rules are the equivalent to the rewriting rules of classical CFG. A classical CFG rewriting
rule, when used for analysis, selects or restricts the non-terminals that would build the resulting
non-terminal. Unlike CFG, the parsing rules hold data for additional restrictions over the features of the
constituent hypotheses. Such restrictions are used to define rules for specific sub-categorizations,
agreement rules, etc. The parsing rules are manually developed. Each parsing rule can be either unary or
binary. It consists of:

1. A list of one (unary rule) or two (binary rule) entries. Each entry defines the restrictions on the
hypothesis that would take the entry position. The following data restricts the candidate hypothesis:

© A hypothesis type identifier (HTI);

© A list of restrictions over the features of the hypothesis;
Example: VP — V NP should be restricted only for transitive verbs. Such verbs have the ‘transitive”feature
defined in the concept binder. The restriction for transitiveness is in this list.

o A list of features being inherited (i.e., feature unification data);
Example: In composite past tenses in Bulgarian, the auxiliary verb does not have a gender feature, but has
person and number features. The past participle has gender and number features. Gender is inherited from
the past participle, while person and number features are inherited from the auxiliary verb. The resulting
hypothesis has unified gender, number, and person features that will be used later to account for the
subject-verb agreement on these features.

o Role markers: (e.g., role_subject, role_verb, role_direct_object, role_indirect_object,

role_prep_object, role_left_prep_argument);

o A list of role markers (to be inherited).

Complex interpretation hypotheses may identify more than one role. When grouping such
hypotheses, the parsing rule inherits the pointers to the role markers from the hypotheses that are being
grouped.

Example: A unary rule for the preposition “in” introduces the relation prep_in(role_left_prep_argument,
role_prep_object). Another parsing rule groups the preposition hypothesis with a noun phrase hypothesis
and sets its role to prep_object to yield a prepositional phrase hypothesis. This hypothesis carries the
preposition_role and the prep_object role pointing to the particular concepts within the hypothesis. Another
rule binds a noun phrase to the prepositional phrase. This rule inherits the role pointers to the preposition
and to the prepositional object.

© A list of features that the hypothesis should agree with any of the roles that the parsing rule

identifies.

Example: In S — NP VP the verb phrase should agree with the subject noun phrase. The rule marks the
first entry (the NP) with “role_subject” and defines that the feature list [gender, person, number] of the
second entry should agree with ‘“role_subject”. If the agreement is not met, the rule is not applied.

2. A list of dependency relations where each entry holds:

o A relation identifier;

o Role markers for the first argument and for the second argument.
Example: A parsing rule for a subject phrase with a verb phrase subcategorized for possession. The rule
introduces a possession dependency relation between the subject and the direct object. A general rule for
non-possession verbs would introduce only the subject-verb and verb-direct_obj relations.

3. Resulting HTT and features
Example: VP — V NP will have HTI of “V” for the first entry, HTI of “NP” for the second entry, and a
resulting HTI of “S”. The resulting features are used to add information on what the parse tree lying under
the hypothesis contains. For instance, a verb phrase with that-clause is unlikely to be bound to a
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prepositional phrase. This can be described by having a resulting feature “+that-clause” on the VP — V
CP rule, and having a “not(+that-clause)” restriction on the VP — VP PP rule.

4. A list of languages that the parsing rule can be applied on.

5. A list of languages that the rule can be used to translate into.

6. Rule score that is added to the total hypothesis score.

Example 1: Rules that handle commonly encountered but grammatically incorrect constructions.
Example 2: Rules that handle inverse word order in free word order languages. Such rules are defined
with a lower score, giving precedence to the rules that would handle the canonical word order.

A parsing rule is applied to adjacent interpretation hypotheses if they obey the feature and
agreement restrictions. When the feature and agreement restriction lists are empty, the rule will not apply
any feature restrictions.

The data structure holding each newly yielded interpretation hypothesis preserves pointers to its
constituents, the rule that has been applied, the roles that have been identified, and the dependency
relations that have been introduced, so that the hypothesis can be scored.

Example: (DO — NP) a unary rule for a noun in accusative case (for case languages) that generates a
new hypothesis with HTI of “Direct_object’.

Example: (DO — Ppr) a unary rule for a personal pronoun in accusative case (e.g., in Bulgarian) that
generates a new hypothesis with HTI of ’Direct_Object”.

Example: (VP — Vir DO) a binary rule that binds a transitive verb with the direct object. The first entry
has the following data:

e HTIis “Verb”.

¢ [t must have a sub-categorization feature “transitive_verb”.

e Its role marker is set to “role_verb”.

The second entry has the following data:

e HTIis “Direct_object”.

e Its role marker is set to “role_Direct_object”.

The parsing rule introduces the dependency relation verb-direct_obj (role_verb, role_direct_object).
It will group hypotheses with HTI of “Verb” with hypotheses having HTI of “Direct_Object” to yield a
new hypothesis with HTT of “Verb_Phrase” (Verb_Phrase — Verb Direct_Object). This parsing rule is
common for English, German, Spanish, French, Italian, and Bulgarian. This specific rule will not cover
all cases for all languages, as the direct object can stand before the verb in German, and in Bulgarian for
cases where a pronoun is the direct object.

There are 5,598 parsing rules, of which 2,085 rules are shared by more than one language.

4.2. Hypothesis Generator

The hypothesis generator is a modified version of the CYK algorithm. Given a list of language units from
1 to n, it sequentially derives hypotheses for spans starting from 1 and having length of 1, then, length of
2, then length of 3, and so on to length of n-1 by applying the parsing rules on every possible split of the
span being considered. Each interpretation hypothesis for each span is stored in a three-dimensional array
where the first index denotes the span start, the second index denotes the span length, and the third index
denotes the hypothesis position in the hypotheses list.

4.2.1. General Algorithm Description

Let's assume that the input text is “Time flies like an arrow”. The hypothesis generator will first derive
interpretation hypotheses for span of length 1 starting at position 1 ([1,1]), i.e., for the token “time” by
running the concept binder over the lemmatizer output of “time”. Then it will derive hypotheses for
“Time flies” by first deriving hypotheses for “flies”, i.e., span of length 1 starting at position 2 ([2,1]).
Then it will try to apply parsing rules over the two spans [1,1] and [2,1], yielding hypotheses for span
[1,2] (“time flies”). It will continue by deriving hypotheses for span [3,1] (“like”), [2,2] (“flies like”), [1,
3] (“time flies like”). Eventually it will generate hypotheses for the span [1,4] (“Time flies like an
arrow”).
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Multiple hypotheses are derived for each span (see Figure 3). For instance, “flies” is the third person
singular present form of the verb “fly”, but it is also the plural of the noun “fly”. The verb “fly” has 14
WordNet senses and for each sense the concept binder yields an interpretation hypothesis. Each
hypothesis holds particular bindings to the WordNet concepts and the presumed relations between them,
which makes it possible for the dependency scorer to look up the dependency relation instances in the
knowledge base.

4.2.2. Application of the Parsing Rules

The parsing rules are applied on adjacent spans by trying to apply each parsing rule over the Cartesian
product of the hypotheses for the two spans. Let's assume that “flies” yields two hypotheses, one as a
noun and one as a verb. Let's have two parsing rules, S — NP VP, NP — N N. Applying the parsing
rules over the two fragments [(“time”, N)] and [(“flies”, N), (“flies”,V)] will yield [(“time flies”, S),
(“time flies”, NP)]. Even though the second hypothesis is unacceptable from a semantic point of view, it
is a legitimate syntactic parse and a legitimate hypothesis. However, this hypothesis will receive a low
score and will eventually be pruned, since the hypothesized dependencies between the hypothesized
concepts do not have a match in the dependency relations knowledge base.

4.2.3. Telling the Good Hypotheses from the Bad Ones

The data structure behind each interpretation hypothesis stores the roles and the dependency relations
identified as part of the hypothesis. Each dependency relation that has its arguments (role markers)
bound to particular concepts, is scored by the dependency relations scorer.

5. Dependency Relations Knowledge Base and Scoring

The dependency relations knowledge base consists of quadruples containing a relation identifier, two
concept identifiers for the relation arguments, and scoring weight. The weight can be positive or negative.
The scorer evaluates each hypothesis by looking in the knowledge database for all of the dependency
relations between the particular concepts that the hypothesis has identified and summing the weights,
thus forming the hypothesis score.

By applying the parsing rules, the hypothesis generator defines particular dependency relations
between the concepts of each generated interpretation hypothesis. For instance, it hypothesizes the
relation subject-verb(time, fly) for the hypothesis (“time flies”, S), and attrib_english(time, fly) for the
hypothesis (“time flies”, NP). The knowledge base consists of entries giving scores for such instances
(e.g., relation(subject-verb, time, fly) = 1, relation(attrib_english, time, fly) = 0). The scorer looks up for
the particular dependency relations entries in the knowledge base and adds the entry score to the
hypothesis score whenever it finds a matching entry. Thus, each hypothesis receives a score, and
low-scored hypotheses are pruned to prevent search space explosion.

5.1. Knowledge Base over WordNet Synsets

Having a knowledge base over WordNet synsets allows reusing it for analyzing different languages that
have WordNets bound to the Priceton WordNet synsets. Each knowledge base entry consists of a relation
identifier, two synset identifiers, and relation score (usually O, 1 or -1). Each hypothesis has a number of
hypothesized relations, namely a relation identifier and two concepts (i.e., two synset identifiers). For
each such relation instance, the scorer looks up for matches of the triple (rel_id, synset_idl, synset_id2)
in the knowledge base and adds the resulting score to the hypothesis score.

5.2. Knowledge Base over Lemmas

Having a knowledge base over lemmas allows making fine distinctions between members of the same
WordNet synset in the translation synthesis. Each knowledge base entry consists of a relation identifier,
two concept binder base forms and relation score. For each relation identified by a given hypothesis, the
scorer retrieves the concept binder base forms of the translated concepts and forms a triple having
(rel_id, argl_base_form, arg2_base_form). The scorer looks up for matches of this triple and adds the
resulting score to the hypothesis score.
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5.3. Data Sparseness

The main challenge to the proposed system is the data sparseness of the dependency relations knowledge
base. One way of overcoming this challenge is to use the WordNet hypernym relations and manually
populate relation instances over hypernyms. For instance, the relation verb-direct_obj(play, musical
instrument) can yield the same relation for the “musical instrument” hyponyms. Unfortunately, this
approach is not productive enough.

Another way is to use the MT system for automatic collection of lemma-based dependency relations
knowledge from monolingual corpora. This can be achieved by translating sentences of the corpora and
recording the dependency relations over the particular source language lemmas identified by the best
interpretation hypothesis. This data can be used in the hypothesis scoring by using the translated
concepts as relation arguments when looking up the lemma-based knowledge base. The data can be used
to infer relation instances between WordNet synsets by running the system over a set of several languages
(e.g., English, French, Spanish, German, Italian, and Bulgarian) and picking the most complete synset
clusters.

6. Translation Synthesis

Each hypothesis is a parse tree consisting either of sub-trees or of concept binder entries. Creating a
translation of the hypothesis includes constituent reordering, various agreements, etc. for each parsing
rule. There is a set of synthesis rules for each parsing rule that takes care of word reordering, insertion,
deletion, etc. when creating the translation output. The rules are manually written. For instance, when
translating “I gave him the book”, the hypothesis generator identifies the structure [I (subj) [[gave him
(verb-ind_obj)] the book (v_ind_obj-dir_obj)]. When translating it into Bulgarian, there is a synthesis rule
for the verb-ind_obj rule that checks whether the indirect object is a pronoun, whether the rest of the
translation has a missing subject, or whether it is negative, to achieve the correct word order:

I gave him the book. = Jladox my knuzama. (Dadoh mu knigata)

I gave John the book. = /ladox knueama na /Jocon (Dadoh knigata na Dzhon)

John gave him the book. = /{xcon my 0ade kuueama. (Dzhon mu dade knigata)

I haven't given him the book. = He my dadox knuzama. (Ne mu dadoh knigata)

The leaves of the hypothesis parse tree are concept binder entries and are translated by looking up
the concept binder database for entries that match the source concept synset in the target language and
inflecting them (see 3.3).

More than one synthesis rule can be defined for each parsing rule. The competing synthesis rules add
language-specific relation dependencies that are also scored by the Dependency relations scorer.
Example: A noun phrase with a simple prepositional phrase can be expressed in English as an attributive,
e.g., ' months of spring” and ‘spring months”. There are two competing synthesis rules, one introducing
prep_of relation and the other introducing attrib_english relation. The rule that gets the higher score is
chosen over the other rule.

7. Conclusion

The article provides an overview of a machine translation system based on WordNet and dependency
relations. There is a working prototype of this system implemented in C++ for seven languages (42
language directions): English, French, German, Spanish, Italian, Turkish, and Bulgarian that can be
tested online at http://itranslate4.eu (SkyCode translation vendor).

One of the main challenges to the proposed system is the populating of the knowledge base and
mitigating the data sparseness. There are several approaches to overcome this.

One approach involves manual population of the knowledge base; it has proven to yield very good
results in terms of parsing accuracy for any given sentence. This is further improved by populating
relations over the WorNet concepts (hypernyms) and the Dependency scorer is modified to look for
relations between the hypernyms of the arguments when no direct match is found.

Another approach includes automatic collection of relation instances over lemmas. The system
produces scored hypotheses with dependency relations over the lemmas. The best hypothesis can be used
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to populate language-specific lemma-based knowledge base. This knowledge base can be reused when
translating into the language that the knowledge base is for. Running the system over the Europarl corpus
yielded some 33 million knowledge entries for six languages (English, French, German, Italian, Spanish,
and Bulgarian).

A third approach employs automatic derivation of WordNet-based dependency relations by picking
a lemma-based relation, generating all possible WordNet-based hypotheses, and choosing the one that is
most consistent with the lemma knowledge base in different languages and WordNet synonyms. A test
version of the relation inference module over the 33 million lemma-based knowledge entries yielded
some 1.32 million synset-based knowledge entries.
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Abstract

In this paper we focus on a particular case of entailment, namely entailment
by generality. We argue that there exist various types of implication, a range
of different levels of entailment reasoning, based on lexical, syntactic, logi-
cal and common sense clues, at different levels of difficulty. We introduce
the paradigm of Textual Entailment (TE) by Generality, which can be defined
as the entailment from a specific statement towards a relatively more gen-
eral statement. In this context, the Text 7" entails the Hypothesis H, and at
the same time H is more general than 7. We propose an unsupervised and
language-independent method to recognize TE by Generality given a case of
Text — Hypothesis or I' — H where entailment relation holds.

1. Introduction

We introduce the paradigm of TE by Generality, which can be defined as the entailment from a specific
sentence towards a more general sentence. For example, from sentences (1) and (2) extracted from RTE-
1, we would easily state that (1) — (2) as their meaning is roughly the same and sentence (2) is more
general than sentence (1).

(1) Mexico City has a very bad pollution problem because the mountains around the city act as walls
and block in dust and smog.

(2) Poor air circulation out of the mountain-walled Mexico City aggravates pollution.

To understand how TE by Generality can be modeled for two sentences, we propose a new paradigm
based on the Asymmetric InfoSimba Similarity (AIS) measure. Instead of relying on the exact matches
of words between texts, we propose that one sentence entails the other one in terms of generality if two
constraints hold: (a) if and only if many of the words in 7" are semantically similar to the words that make
H, and (b) if most of the words of H are more general than the words of T'. As far as we know, we are the
first to propose an unsupervised, language-independent, threshold free methodology in the context of TE
by Generality, although the approach of Glickman and Dagan (2005) is based on similar assumptions.
This new proposal is exhaustively evaluated against the first five RTE datasets. In particular, the RTE-1
is the only dataset for which there exist comparable results with linguistic-free methodologies (Glickman
and Dagan, 2005; Perez et al., 2005; Bayer et al., 2005).

In this paper we hypothesize the existence of a special mode of TE, namely TE by Generality. Thus,
the main contribution of our study is to highlight the importance of this inference mechanism.

2. Variants of the Entailment

Pazienza et al. (2005) define three types of entailment:
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1. Semantic Subsumption - T and H express the same fact, but the situation described in 7" is more
specific than the situation in H. The specificity of 7' is expressed through one or more semantic
operations. For example, in the sentential pair:

e H: The cat eats the mouse. | 7": The cat devours the mouse.

T is more specific than H, as eat is a semantic generalization of devour.

2. Syntactic Subsumption - T and H express the same fact, but the situation described in T is more
specific than the situation in H. The specificity of 7" is expressed through one or more syntactic
operations. For example, in the pair:

e H: The cat eats the mouse. | 7": The cat eats the mouse in the garden.

T contains a modifying prepositional phrase.

3. Direct Implication - H expresses a fact that is implied by a fact in 7". For example:

e H:The cat killed the mouse. | T: The cat devours the mouse.

H is implied by T, as it is supposed that killed is a precondition for devour. In Dagan and
Glickman (2004) syntactic subsumption roughly corresponds to the restrictive extension rule,
while direct implication and semantic subsumption correspond to the axiom rule.

We want to regard entailment by generality as a relation between utterances (that is, sentences in context),
where the context is relevant to understand the meaning. In relation to the classification proposed by
Pazienza et al. (2005), entailment by generality is comparable to Semantic Subsumption kind of TE.
Thus, Entailment by Generality can be defined as the entailment from specific sentence towards a more
general sentence.

Figure 1: Venn diagram: entailment by generality.

2.1. Context Textual Entailment

Within TE framework, a text 7" is said to entail a textual hypothesis H if the truth of H can be inferred
from 7T'. This means that most people would agree that the meaning of 7" implies that of H. Somewhat
more formally, we say that T" entails H when some representation of H can be “matched” with some (or
part of a) representation of 7', at some level of granularity and abstraction.

Dagan and Glickman (2004) define TE as a relationship between a coherent textual fragment 7" and
a language expression, which is considered as a hypothesis H. Entailment holds (i. e. 7" — H) if the
meaning of H can be inferred from the meaning of 7', as interpreted by a typical language user. This
relationship is directional and asymmetric since the meaning of one expression may usually entail the
other while entailment in the other direction is less certain.

For instance, a Question Answering (QA) system has to identify texts that entail the expected answer.
Given the question "Who painted the Mona Lisa?”, the text “Among the works created by Leonardo
da Vinci in the 16th century is the small portrait known as the Mona Lisa or la ‘Gioconda’”, entails
the expected answer “Leonardo da Vinci painted the Mona Lisa”. Similarly, in Information Retrieval
(IR) relevant documents should entail the combination of semantic concepts and relations denoted by
the query. In Information Extraction (IE), entailment holds between different text variants expressing
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the same target relation (Romano et al., 2006). In text summarization, an important processing stage
is sentence extraction, which identifies the most important sentences of the texts to be summarized;
especially when generating a single summary from several documents (Barzilay and McKeown, 2005),
it is important to avoid selecting sentences that convey the same information as other sentences that have
already been selected, i.e. ones that entail such sentences.

3. Recognizing Textual Entailment

Basically, Recognizing Textual Entailment (RTE) is the task of deciding, given two text fragments,
whether the meaning of one of the texts is entailed (can be inferred) from the other text. Also, this
task captures generically a broad range of inferences that are relevant for multiple applications. A neces-
sary step in transforming textual entailment from a theoretical idea into an active empirical research field
was the introduction of benchmarks and an evaluation forum for entailment systems.

3.1. Unsupervised and Language-Independent Methodologies

Different approaches have been proposed to recognize Textual Entailment: from unsupervised language-
independent methodologies (Glickman and Dagan, 2005; Perez et al., 2005; Bayer et al., 2005) to deep
linguistic analysis. We will particularly detail the unsupervised language-independent approaches, to
which our work can be directly compared, at least to a certain extent.

One of the most simple proposals (Perez et al., 2005) explores the BLEU algorithm (Papineni et al.,
2002). First, for several values of n (typically from 1 to 4), they calculate the percentage of n-grams
from the text 1", which appear in the hypothesis H. The frequency of each n-gram is limited to the
maximum frequency with which it appears in any text 7. Then, they combine the marks obtained for
each value of n as a weighted linear average and finally apply a brevity factor to penalize short texts
T. The output of BLEU is then taken as the confidence score. Finally, they perform an optimization
procedure to choose the best threshold according to the percentage of success of correctly recognized
entailment. This procedure achieves 0.495 accuracy in recognizing TE.

In Bayer et al. (2005) the entailment data is treated as an aligned translation corpus. In particular,
they use the GIZA++ toolkit (Och and Ney, 2003) to induce alignment models. However, the alignment
scores alone were next to useless for the RTE-1 development data, predicting entailment correctly only
slightly above chance. As a consequence, they introduced a combination of metrics intended to measure
translation quality. Finally, they combined all the alignment information and string metrics with the
classical K Nearest Neighbors (K-NN) classifier to choose for each test pair the dominant truth value
among the five nearest neighbors in the development set. This method achieves 0.586 accuracy.

The most interesting work is certainly the one described in Glickman and Dagan (2005), who pro-
pose a general probabilistic setting that formalizes the notion of TE. Here, they focus on identifying
when the lexical elements of a textual hypothesis H are inferred from a given text 7'. The probability
of lexical entailment is derived from Equation 1 where hits(.,.) is a function that returns the number of
documents containing its arguments.

hits(u,v)

hits(v) M

PH|T) = H MATyeT — 7 7~

ueH

The text and hypothesis of all pairs in the development and test sets were tokenized and stop words
were removed to empirically tune a decision threshold, . Thus, for a pair 7'— H, they tagged an example
as true (i.e. entailment holds) if P(H|T') > A, and as false otherwise. The threshold was empirically set
to 0.005. With this method accuracy of 0.586 is achieved. The best results from these three approaches
are obtained by Glickman and Dagan (2005), who introduce the notion of asymmetry within their model.
The underlying idea is based on the fact that for each word in H the best asymmetrically co-occurring
word in T is chosen to evaluate P(H|T'). Although all three approaches show interesting properties,
they all depend on tuned thresholds, which can not reliably be reproduced and need to be changed for
each new application. Moreover, they need training data, which may not be available. Our idea aims at
generalizing the hypothesis made by Glickman and Dagan (2005).
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4. Asymmetric Word Similarities

Two different types of knowledge can be acquired depending on the basic textual unit under study. On the
one hand, analyzing word similarities evidences intrinsic knowledge about the language (i.e. information
about the language which is not explicitly encoded in texts). Traditional examples are collocations and
word semantic relations such as hypernymy/hyponymy, meronymy/holonymy, synonymy or antonymy,
which must be mined from texts. On the other hand, explicit knowledge about the language (i.e. in-
formation about the message conveyed by the texts) can be extracted from the evaluation of sentence,
passage and text similarities!. There are obviously some exceptions.

4.1. Asymmetric Association Measures (AAMSs)

In order to stay within the domain of language-independent and unsupervised methodologies, a number
of asymmetric association measures have been proposed (Pecina and Schlesinger, 2006; Tan et al., 2004)
and applied to the problems of taxonomy construction (Sanderson and Croft, 1999; Cleuziou et al., 2010),
cognitive psycholinguistics (Michelbacher et al., 2007) and general-specific word order induction (Dias
et al., 2008). Sanderson and Croft (1999) is certainly one of the first studies to propose the use of the
conditional probability for taxonomy construction.

They assume that a term ¢ subsumes a term ¢; if the documents in which ¢; occurs are a subset of
the documents in which t5 occurs constrained by P(t3|t;) > 0.8 and P(t1]t2) < 1. By gathering all
subsumption relations, they build the semantic structure of any domain, which corresponds to a directed
acyclic graph. In Sanderson and Lawrie (2000), the subsumption relation is indicated by the following
expressions P(ta|t1) > P(ti|t2) and P(ta|t1) > t where ¢ is a given threshold and all term pairs found
to have a subsumption relationship are passed through a transitivity module, which removes extraneous
subsumption relationships in the way that transitivity is preferred over direct pathways, thus leading to a
non-triangular directed acyclic graph.

Eight of the AAMs used in that work will be evaluated in the context of asymmetric similarity
between sentences: the Added Value (Equation 2), the Braun-Blanket (Equation 3), the Certainty Factor
(Equation 4), the Conviction (Equation 5), the Gini Index (Equation 6), the J-measure (Equation 7), the
Laplace (Equation 8) and the Conditional Probability (Equation 9).

f(z,9)

AV (z|ly) = P(zly) — P(z). 2 BB(zlly) = F@y) + fE) (3)
_ P(zly) — P(x) _ P(z) x P(y)
CF(z|y) = T1-Pl) 4 CO(z|ly) = P 5)
GI(zlly) = Py) x (P(zly)* + P(z|y)*) — P(x)* x P(y) x (P(z[y)* + P(z]y)*) — P(2)*. ©6)
JM (z|ly) = P(z,y) x log % + P(z,y) x log % ()
N x P(z,y)+1 _ P(=z,y)
LP(z|y) = NxPly)+2 3 P(zly) = P(y) )

4.2. Asymmetric Attributional Word Similarities

The InfoSimba (IS) aims to measure the correlations between all the pairs of words in two word context
vectors instead of just relying on their exact match as with the cosine similarity measure. Further, IS
guarantees to catch similarity between pairs of words even when they do not share contexts, for example
due to data sparseness. IS takes under account the fraction of similar contexts instead. It is defined in
Equation 10 where S(., .) is any symmetric similarity measure and each W;;, corresponds to the attribute
word at the k¥ position in the vector X, p and ¢ are the lengths of the vectors X; and X ;j respectively.

"From now on, we will refer to sentences, passages and texts simply as texts.
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b1 2oty Xk X Xji X S(Wik, Wji)

1S(X:, X;) =
S( ) D et 2oy Xk X Xa x S(Wig, Wi )+

(10)

Ry 2oy Xk X Xji X S(Wik, Wii)—

o1 2i—1 Xik X Xji X S(Wik, W)

Although there are many asymmetric similarity measures, they evidence problems that may re-
duce their utility. On the one hand, asymmetric association measures can only evaluate the general-
ity/specificity relation between words that are known to be in a semantic relation (Sanderson and Croft,
1999; Dias et al., 2008). Indeed, they generally capture the direction of association between two words
based on document contexts and only take into account a loose semantic proximity between words. For
example, it is highly probable to find that Apple is more general than iPad, which can not be considered
to be an hypernymy/hyponymy or meronymy/holonymy relation. On the other hand, asymmetric attri-
butional word similarities only take into account common contexts to assess the degree of asymmetric
relatedness between two words. To leverage these issues, we propose the Asymmetric InfoSimba (AIS)
measure whose underlying idea is to say that one word z is semantically related to word 4 and x is
more general than y if  and y share as many similar contexts as possible and each context word of z is
likely to be more general than most of the context words of y. The AIS is defined in Equation 11, where
AS(.||.) is any asymmetric similarity measure, likewise for the IS in Equation 10 where S(_., .) stands for
any symmetric similarity measure. We also define its simplified version AIS's(.|.) in Equation 12.

2:1 Z?:l Xk x Xj1 X AS(WikHle)

AIS(X:||X;) = 1
(XillX5) ST X x X X AS(Wl W)+ an
Ry 2oy Xk X Xji < AS (Wi |[|[Wi1)—
b1 2oty Xk X Xji x AS (Wi || W)
P q
ATSs(Xl|X5) =D ) Xk x Xju x AS(Wir|[Win). (12)

k=11=1

S. Asymmetry between Sentences

A number of ways to compute the similarity between two sentences were proposed in the literature. Most
similarity measures determine the distance between two vectors associated to two sentences (i.e. the
vector space model). However, when applying the classical similarity measures between two sentences,
only the identical indexes of the row vector X; and X are taken into account, which may result in
misleading values. To deal with this problem, different methodologies have been proposed, but the most
promising one is certainly the one proposed by Dias et al. (2007), the InfoSimba informative similarity
measure, expressed in Equation 10.

Although there exsist many asymmetric similarity measures between words, there does not exist
any attributional similarity measure capable to assess whether a sentence is more specific/general than
another one. To overcome this issue, we introduce the asymmetric InfoSimba similarity measure (AIS),
which underlying idea is to say that a sentence 7' is semantically related to sentence H and H is more
general than 7', if H and 7" have many related words in common and each word of H is likely to be more
general than most of the words of 7". The AIS is defined in Equation 11.

As AIS is computationally expensive, we also define its simplified version AISs(.|.) in Equation
12, which we will specifically use in our experiments.

As a consequence, entailment by generality (T S H ) will hold if and only if
AISs(T||H) < AISs(H||T).

Due to its asymmetric definition, in contrast to existing methodologies, we do not need to define or tune
thresholds.
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6. Three Levels of Pre-Processing

We consider three approaches for selecting the words for the calculation of the asymmetry between
sentences. Thus, we can assess which approach performs best to identify entailment by generality. In
the first approach, we chose to do the calculations without preprocessing, i.e., do the calculations with
all the words. The next approach was to use a list of Stop Words?.

Finally, in the last approach, we used the Software for the Extraction of N-ary Textual Associations
(SENTA) (Dias et al., 1999), in order to extract important Multiword Units (MWU). This system is
parameter free and language independent, thus allowing to extract MWU from raw text.

In summary, our experiments are based on three approaches to the calculations to which we refer
bellow as With All Words, Without Stop Words and With MWU.

7. Evaluation

In order to evaluate our methodology against well known test data used to compare a number of method-
ologies our evaluation is based on analysis of Confusion Matrix and values calculated from it. An im-
portant performance measure is classification Accuracy (AC) and Precision (P). More specifically, in our
work we used the following performance measures — Average Accuracy, Average Precision and Weighted
Average Accuracy, Weighted Average Precision. Although the obtained results are not excellent, they are
promising and encouraging.

Averages ACCURACY by RTE Challenges — Measures versus Approach
Arithmetic Average by Approach

AAM With All Words  Without Stop Words  With MWU
ADDED VALUE 0.54 0.52 0.53
BRAUN-BLANKET 0.55 0.53 0.54
CERTAINTY FACTOR 0.53 0.53 0.53
CONDITIONAL PROBABILITY 0.53 0.53 0.53
CONVICTION 0.52 0.51 0.51
GINI INDEX 0.54 0.51 0.53
J-MEASURE 0.53 0.51 0.52
LAPLACE 0.53 0.53 0.53

Weighted Average by Approach

AAM With All Words  Without Stop Words  With MWU
ADDED VALUE 0.53 0.52 0.53
BRAUN-BLANKET 0.54 0.52 0.56
CERTAINTY FACTOR 0.53 0.53 0.52
CONDITIONAL PROBABILITY 0.53 0.53 0.53
CONVICTION 0.52 0.50 0.51
GINI INDEX 0.53 0.52 0.53
J-MEASURE 0.54 0.51 0.52
LAPLACE 0.52 0.52 0.56

Table 1: Accuracy Averages | Measures versus Approach

Regarding the Arithmetic Average (Table 1), the combination that has the best performance is the
Braun-Blanket measure on All Words. Best Weighted Average is achieved on With WMU approach by
Braun-Blanket and Laplace measures. Overall, the worst result was obtained with the measure Convic-
tion in the approach Without Stop Words.

Accuracy values of our experiments on RTE Challenges span a relatively short range between 0.50
and 0.56.

’Obtained using http://www.microsoft.com/en-us/download/confirmation.aspx?id=10024 [Last
access: 14" December, 2013]

78



CLIB 2014 Proceedings

Average PRECISION - ENTAILMENT by RTE Challenges — Measures versus Approach
Arithmetic Average by Approach

AAM With All Words  Without Stop Words  With MWU
ADDED VALUE 0.66 0.65 0.78
BRAUN-BLANKET 0.53 0.60 0.63
CERTAINTY FACTOR 0.63 0.62 0.46
CONDITIONAL PROBABILITY 0.64 0.64 0.48
CONVICTION 0.60 0.54 0.54
GINI INDEX 0.67 0.55 0.53
J-MEASURE 0.81 0.75 0.63
LAPLACE 0.65 0.64 0.47

Weighted Average by Approach

AAM With All Words  Without Stop Words  With MWU
ADDED VALUE 0.60 0.59 0.74
BRAUN-BLANKET 0.49 0.54 0.58
CERTAINTY FACTOR 0.58 0.57 0.46
CONDITIONAL PROBABILITY 0.58 0.58 0.48
CONVICTION 0.59 0.53 0.53
GINI INDEX 0.62 0.52 0.53
J-MEASURE 0.73 0.66 0.63
LAPLACE 0.59 0.57 0.48

Table 2: PRECISION — ENTAILMENT Averages | Measures versus Approach

Table 1 points out the approach Without Stop Words as the one with worst performance in terms of
accuracy, while All Words achieves slightly better accuracy compared to With MWU.

In Table 2, the combination with the best performance on the Arithmetic Average Precision is the
J-measure with approach All Words. For the Weighted Average Precision, the Added Value shows the
best result With MWU. The worst result is obtained with the measure Certainty Factor With MWU — 0.46.

With respect to the Precision — Entailment criterion, the approach that achieves the best results is
With All Words.

In contrast to the results for Precision — Entailment, our method shows unsatisfactory behavior
when considered from the perspective of Precision — No Entailment (see Table 3). For Arithmetic
Average the best combination is Certainty Factor, Conditional Probability and Laplace With MWU.
For Weighted Average, Laplace has the best performance With MWU approach. Note the low results
obtained by the J-measure and Added Value. In Table 3 the approach with the best performance is With
MWU, and the worst performing approach is Without Stop Words.

After an exhaustive analysis of the results obtained, we can compare our results with the results of
the methodologies presented in Section 3.1. Precisely, Bayer et al. (2005), Glickman and Dagan (2005)
and Perez et al. (2005) obtained accuracy of 0.586, 0.586 and 0.495, respectively. We prove that our
methodology has better performance compared to what was possible in previous works. On RTE-1
Challenge With MWU approach, our methodology achieved its best results. The measures Braun-Blanket
and Laplace achieve good results in Weighted Average Accuracy, namely 0.61.

8. Conclusion

We study the behavior of our methodology for recognizing TE by Generality. Also, we provide a thor-
ough comparison to related works. This is done taking into account the limitations of typical language-
independent and unsupervised learning techniques. In order to obtain fair comparison, we used a well
known dataset studied in the RTE Challenge as our test-bed. Further, as we are interested in a special
kind of TE, we built a suitable corpus.
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Average PRECISION - NO ENTAILMENT by RTE Challenges — Measures versus Approach
Arithmetic Average by Approach

AAM With All Words  Without Stop Words With MWU
ADDED VALUE 0.40 0.39 0.28
BRAUN-BLANKET 0.56 0.46 0.45
CERTAINTY FACTOR 043 0.44 0.59
CONDITIONAL PROBABILITY 0.42 0.41 0.59
CONVICTION 0.44 0.49 0.48
GINI INDEX 0.39 0.48 0.53
J-MEASURE 0.26 0.27 0.42
LAPLACE 0.40 0.41 0.59

Weighted Average by Approach

AAM With All Words  Without Stop Words With MWU
ADDED VALUE 0.49 0.48 0.32
BRAUN-BLANKET 0.62 0.53 0.51
CERTAINTY FACTOR 0.50 0.51 0.60
CONDITIONAL PROBABILITY 0.50 0.49 0.61
CONVICTION 0.46 0.49 0.52
GINI INDEX 0.46 0.53 0.55
J-MEASURE 0.37 0.38 0.43
LAPLACE 0.47 0.48 0.62

Table 3: PRECISION — NO ENTAILMENT Averages | Measures versus Approach

In this process we learned that detecting entailment between sentences is not an exact science. We
saw that each new RTE Challenge required different approach to the problem. Thus, we do not provide
a measure or an approach that pretends to solve the problem. We can only conclude, based on evidences
from Table 2 that for some combinations of measure and preprocessing approach our method shows good
precision in recognizing TE.

Comparing our results, with the results of other relevant methodologies, presented in Section 3.1.,
we prove that our methodology achieves higher performance figures. The measures Braun-Blanket and
Laplace achieve better results for Weighted Average Accuracy, namely 0.61.

With this paper, we contribute an original proposal to RTE. Our methodology is unsupervised and
language-independent, and accounts for the asymmetry of the studied phenomena by means of asymmet-
ric similarity measures.
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Abstract

In this work we introduce a particular case of textual entailment (TE), namely
Textual Entailment by Generality (TEG). In text, there are different kinds of
entailment yielded from different types of implicative reasoning (lexical, syn-
tactic, common sense based), but here we focus just on TEG, which can be
defined as an entailment from a specific statement towards a relatively more

general one. Therefore, we have T’ & H whenever the premise 7' entails the
hypothesis H, the hypothesis being more general than the premise. We pro-
pose an unsupervised and language-independent method to recognize TEGs,
given a pair (T, H) in an entailment relation. We have evaluated our proposal

through two experiments: (a) Test on 7T’ Som English pairs, where we know
that TEG holds; (b) Test on T' — H Portuguese pairs, randomly selected with
60% of TEGs and 40% of TE without generality dependency (TEnG).

1. Introduction

TE aims to capture major semantic inference needs across applications in Natural Language Processing
(NLP). Automatic identification of TEs has become a relevant issue promoted by the series of challenges
on Recognizing Textual Entailment (RTE), where it is defined as a directional relationship between pairs
of text expressions denoted by 7 (the entailing “7ext”) and H (the entailed “Hypothesis”). We say that
T entails H if humans reading 7" would typically infer that H is most likely true (Dagan et al., 2005).
Basically, RTE is the task of deciding, given two text fragments, whether the meaning of one of the
texts is entailed (can be inferred) from the other one. As noted by Dagan et al. (2005), this definition
is based on common human understanding of language, much like the definition of any other language
understanding task. Accordingly, it enables the creation of gold-standard evaluation data sets for the
task, where humans can judge whether the entailment relation holds for a given (T, H) pair. This setting
is analogous to the creation of gold standards for other text understanding applications like Question
Answering (QA) and Information Extraction (IE), where human annotators are asked to judge whether
the target answer or relation can indeed be inferred from a candidate text.

We introduce the TEG paradigm, which can be defined as the entailment from a specific sentence
towards a more general one. For example, the pair (S, S2), taken from the RTE-1 corpus, naturally
evidences that S entails/implies So, and the latter is more general. Therefore, we have TEG from S to

So, denoted as: S E) S2.
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S1: Mexico City has a very bad pollution problem because the mountains around the city act as walls
and block in dust and smog.

Sa: Poor air circulation out of the mountain-walled Mexico City aggravates pollution.

To understand how TE by Generality can be modeled, we propose a new paradigm based on a new
Informative Asymmetric Measure (IAM), called the Asymmetric InfoSimba Similarity (AIS) measure.
Instead of relying on the exact matches of words between texts, we propose that one sentence entails the
other by generality if two constraints hold: (a) if and only if both sentences share many related words and
(b) if most of the words of a given sentence are more general than the words of the other one. As far as we
know, we are the first to propose an unsupervised, language-independent, threshold-free methodology in
the context of TEG.

In order to evaluate our methodology, it was necessary to create a corpus of pairs 7' — H and a set

of TEG pairs (T’ Sm ). This was achieved through the CrowdFlower' system, a convenient and fast
way to collect annotations from a broad base of paid non-expert contributors over the Web. The corpus
is composed of T' — H pairs collected from the RTE challenge (RTE-1 through RTE-5). Only positive
pairs of TE were submitted to CrowdFlower for annotation, together with a small set of carefully selected
cases of known categorization that are used to train the participating annotators and to exercise quality
control.

2. Corpus Construction

Large scale annotation projects such as TreeBank (Marcus et al., 1993), PropBank (Palmer et al., 2005),
TimeBank (Pustejovsky et al., 2003), FrameNet (Baker et al., 1998), SemCor (Miller et al., 1993), and
others play an important role in NLP research, encouraging the development of new ideas, tasks, and
algorithms. The construction of these datasets, however, is extremely expensive in both annotator-hours
and financial cost. Since the performance of many NLP tasks is limited by the amount and quality of
data available to them (Banko and Brill, 2001), one promising alternative for some tasks is the collection
of non-expert annotations. The availability and the increasing popularity of crowdsourcing services have
been considered as an interesting opportunity to meet the aforementioned needs and design criteria.

Crowdsourcing services have been recently used with success for a variety of NLP applications
(Callison-Burch and Dredze, 2010). Although MTurk is directly accessible only to US citizens, the
CrowdFlower service provides a crowdsourcing interface to MTurk for non-US citizens.

The main idea in using crowdsourcing to create NLP resources is that the acquisition and annotation
of large datasets needed to train and evaluate NLP tools and applications can be carried out in a cost-
effective manner by defining simple Human Intelligence Tasks (HITs) routed to a crowd of non-expert
workers, called Turkers, who are hired through online marketplaces.

2.1. Building Methodology - Quantitative Analysis

Our approach builds on a pipeline of HITs routed to MTurk workforce through the CrowdFlower inter-
face. The objective is to collect (7', H) pairs where entailment by generality holds.

Our building methodology has several stages. First we select the positive pairs of TE from the first
five RTE challenges. These pairs are then submitted to CrowdFlower through a job that we have built
online, to be evaluated by Turkers. In CrowdFlower each (T', H) pair is a unit. The Turkers are asked to
choose one of the following Entailment by Generality (TEG), Entailment, but not Generality (TEnG) or
Other, whichever is most appropriate for the (T, H) pair under consideration.

Table 1 summarizes the work involved in the annotation of the entailment cases of the RTE-1 through
RTE-5 datasets with the TEG, TEnG and Other labels. A total of 2,000 (7', H) pairs known to be in an
entailment relation were uploaded, from which 1,740 were submitted for evaluation, and the remaining
260 constitute our Gold units.

"http://crowdflower.com/ [Last access: 14" December, 2013]

83



CLIB 2014 Proceedings

RTE-1 RTE-2 RTE-3 RTE-4 RTE-5

# Input Pairs’ 400 400 400 500 300
# Pairs to Launch? 1,740

# Gold Pairs* 260

# Output Pairs’ 1,203

# Discarded Pairs® 797

# Trusted Turkers 2,308

# Trusted Judgments 5,220 (1,740%*3)

# Untrusted Judgments 60,482

Evaluation Time ~43 days

Cost ($) 108.08

Table 1: Summary of RTE by Generality corpus annotation task

In Table 1 we can see that 1,203 (T', H) pairs were annotated as TEG. Each pair was evaluated by
three Turkers, and the final average inter-annotator agreement of 0.8 was verified.

This task proved to be hard for the Turkers, as it is difficult for human annotators to identify the en-
tailment relation and entailment by generality in particular. This is proved by the time spent to complete
the task (Evaluation Time) and the total number of Judgments (Trusted + Untrusted) needed to achieve
the final objective.

The resulting manually annotated corpus is the first large-scale dataset containing a reasonable num-
ber of TEG pairs and constitutes one of the contributions of our work. It is an important resource available
to the research community.

3. Asymmetric Association Measures

Most of the existing measures that evaluate the degree of similarity between words are symmetric (Pecina
and Schlesinger, 2006; Tan et al., 2004). In order to avoid as much as possible the necessity of training
data, different works propose the use of asymmetric association measures. Some have been introduced in
the domain of taxonomy construction (Sanderson and Croft, 1999), others in cognitive psycholinguistics
(Michelbacher et al., 2007) and in word order discovery (Dias et al., 2008).

Sanderson and Croft (1999) is one of the first studies to propose the use of conditional probability
for taxonomy construction. They assume that a term ¢5 subsumes a term ¢; if the documents in which ¢;
occurs are a subset of the documents in which ¢ occurs constrained by P(t2[t;) > 0.8 and P(t1t2) < 1.
By gathering all subsumption relations, they build the semantic structure of any domain, which corre-
sponds to a directed acyclic graph. In Sanderson and Lawrie (2000), the subsumption relation is relieved
to the following expression P(t2|t;) > P(ti|t2) and P(ta|t1) > t where ¢ is a given threshold and
all term pairs found to have a subsumption relationship are passed through a transitivity module which
removes extraneous subsumption relationships in such a way that transitivity is preferred over direct
pathways, thus leading to a non-triangular directed acyclic graph.

In Michelbacher et al. (2007) the plain conditional probability and the ranking measure based on
the Pearson’s x? test were used as a model for directed psychological association in the human mind. In
particular, R(t2||¢;) returns the rank of ¢ in the association list of ¢; given by the order obtained with the
Pearson’s 2 test for all the words co-occurring with ;. So, when comparing R(t»||t1) and R(t1||t2),
the smaller rank indicates the strongest association.

In the specific domain of word order discovery, Dias et al. (2008) proposed a methodology combin-
ing directed graphs with the TextRank algorithm (Mihalcea and Tarau, 2004) to automatically induce a
general-specific word order for a given vocabulary based on Web corpora frequency counts.

2Number of pairs T — H uploaded

3Number of pairs T" — H submitted for evaluation

“Number of Gold pairs T — H

SNumber of pairs T — H classified as Entailment by Generality
®Number of pairs classified as Entailment, but not Generality or Other
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In order to compute the general-specific relations between sentence pairs we have employed eight
Asymmetric Association Measures (AAM) defined in the following equations: Added Value (Equa-
tion 1), Braun-Blanket (Equation 2), Certainty Factor (Equation 3), Conviction (Equation 4), Gini Index
(Equation 5), J-measure (Equation 6), Laplace (Equation 7), and Conditional Probability (Equation 8).

Vel =Pel)-P@ 0 BB =R @

crely = "0 colaly) =00 @

GI(ally) = P(y) x (P(aly)? + P@ly)?) — P)* x P(5) x (P(alp)? + P@ER?) - P@ G
TM(zlly) = Plo,y) x log Pzﬁﬁ’? + P(z,y) x log Pzﬁﬂg) ©)

LRl = sty O Ploty = 222 ©

3.1. Asymmetry between Sentences

There are a number of ways to compute the similarity between two sentences. Most similarity measures
determine the distance between two vectors associated with two sentences (i.e. the vector space model).
However, when applying the classical similarity measures between two sentences, only the identical
indexes of the row vector X; and X are taken into account, which may lead to miscalculated similar-
ities. To deal with this problem, different methodologies have been proposed. A promising one is the
InfoSimba informative similarity measure (Dias et al., 2007), expressed in Equation 9.

D et 2ot Xik X Xji X S(Wig, Wii)
P> Xk x X x S(Wg, W)+

IS(Xi, X;) = (©))

D ohe1 2oty Xk X X1 < S(Wiige, W) —

i:l E?:l sz X le X S(Wzk, Wj )

Here S(.,.) is any symmetric similarity measure and each W, corresponds to the attribute word at the
k" position in the vector X;, and p and ¢ are the lengths of the vectors X; and X ;j respectively. This
measure aims to compute the correlations between all pairs of words in two word context vectors instead
of just relying on their exact match as with the cosine similarity measure. Furthermore, InfoSimba
guarantees to capture similarity between pairs of sentences even when they do not share words. For
example, this can happen when one sentence is a paraphrased version of the other and all the content
words are substituted for similar words.

3.2. Asymmetric Similarities

Although there are many asymmetric similarity measures, they pose problems that may reduce their
utility. On the one hand, asymmetric association measures can only evaluate the generality/specificity
relation between words that are known to be in a semantic relation (Sanderson and Croft, 1999; Dias
et al., 2008). Indeed, they generally capture the direction of association between two words based on
document contexts and only take into account a loose semantic proximity between words. For example,
it is highly probable to find that Apple is more general than iPad, which cannot be considered as a
hypernymy/hyponymy or a meronymy/holonymy relation. On the other hand, asymmetric attributional
word similarities only take into account common contexts to assess the degree of asymmetric relatedness
between two words. To overcome this limitation, we introduce the Asymmetric InfoSimba Similarity
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measure (A1S), whose underlying idea is to say that one word x is semantically related to a word y and
x is more general than y, if z and y share as many contexts as possible and each context word of x is
likely to be more general than most of the context words of 3. The ALS is defined in Equation 10, where
AS(.||.) is any asymmetric word similarity measure, likewise for .S in Equation 9 where S(.,.) stands
for any symmetric similarity measure.

e D1 Xik X Xji x AS(Wir[Wi)
P 20 Xk x Xy x AS(Wi [|[Wi)+

AIS(Xi||X;) = (10)

q

k=1 ?:1 Xjk X le X AS(W]k’HWJZ)_

fet i1 Xk X Xji x AS(Wig [ W)
We now apply this idea to the RTEG problem, where each sentence is characterized by its content

words and a sentence 7' is semantically related to sentence H and H is more general than T (i.e. T’ S H ),
if H and T share as many related words as possible and each context word of H is likely to be more
general than most of the words of 7T'.

As a result, we propose a new simple and effective method for entailment identification through the

AIS measure. We state that an entailment (7' 5 H) will hold if and only if AIS(T||H) < AIS(H||T).
Note that, contrarily to the existing methodologies, we do not need to define or tune any threshold at
all. Indeed, due to its asymmetric definition, the Asymmetric InfoSimba similarity measure allows us to
compare both sides of a candidate entailment.

Since we only want to compare AIS(T'||H) and AIS(H||T), the denominator of AIS in both cases
does not change. Thus we have defined an equivalent (with respect to the task) but simplified version of
AIS —the AISs(.]|.) in Equation 11, which ended up to be the one used in our experimentation.

q
ATSs(Xil|X;5) =D ) Xip x Xji x AS(Wig|[Wi1). (11)
k=1 1=1

3.3. Three Levels of Word Granularity

It is evident that even through the simplified version of our proposed measure (A7.Ss) we end up with a
considerable amount of computation complexity — O(n?) — for comparing two sentences. Therefore, we
have also considered two additional possibilities to reduce the number of words in each sentence without
losing effectiveness. These are: (1) stop-word’ removal and (2) multiword units (MWU) replacement,
by identifying MWUs in the sentences. The MWUs were automatically computed using SENTA? (Dias
et al., 1999) from the first five RTE datasets.

In summary, our experiments are based on three approaches to the calculations — using all words,
using a list of stop words and finally using MW Us.

/4

4. Experimentation and Results

In order to assess the effectiveness and general quality of our proposed measures for TEG identification,
we have performed a comparative test on the corpus described in Section 2. We have tested our pro-
posed AISs measure with all word-similarity functions, mentioned in Section 3. Sentence similarity is
computed in three different manners, as described previously in Section 3.3.

The evaluation functions used are based on the confusion matrix, in particular the accuracy and the
precision. More specifically, we dealt with Average Accuracy, Average Precision, Weighted Average
Accuracy, and Weighted Average Precision.

"A list of English stop-words, obtained using http://www.microsoft.com/en-us/download/confirmation.aspx?id=10024
[Last access: 14" December, 2013]
8The Software for the Extraction of N-ary Textual Associations.

86



CLIB 2014 Proceedings

4.1. The TEG Corpus

Here we report the obtained results of our methodology on the TEG corpus. These are the results we
are most interested in as they concern the problem on which we are focusing our attention, namely
identification of entailment by generality.

With respect to Accuracy, as seen in Table 2, the best performance, 0.85, is achieved by the measure
Braun-Blanket in conjunction with the MWU method. The second best measure was Added Value with
an accuracy of 0.69. It is important to highlight the significant difference between these two AAM:s.

The measure Braun-Blanket remains the best one in the stop-word removal approach with an accu-
racy of 0.73, and Gini Index and J-measure achieved the second best results with an accuracy of 0.64.
In All Words we have two measures with the best performance — Conviction and J-measure achieving
respectively 0.70 and 0.69 of accuracy.

From Table 2 we may conclude that although Conviction is the best measure with All Words with
respect to Accuracy, its performance is virtually equivalent to that of a random guesser for the Without
Stop Words and With MWU approaches.

Accuracy
AAM All Words ~ Without Stop Words ~ With MWU
AV 0.67 0.63 0.69
BB 0.62 0.73 0.85
CF 0.65 0.63 0.64
P 0.61 0.60 0.64
co 0.7 0.59 0.54
GI 0.65 0.64 0.68
IM 0.69 0.64 0.6
LP 0.64 0.62 0.6
Table 2: Accuracy by AAM

AAM 'Precision for A .
All Words ~ Without Stop Words ~ With MWU
AV 0.81 0.74 0.82
BB 0.69 0.80 0.93
CF 0.74 0.67 0.63
P 0.72 0.70 0.64
co 0.74 0.63 0.56
GI 0.74 0.72 0.65
JM 0.83 0.78 0.64
LP 0.71 0.69 0.58

AAM 'Precision for B '
All Words ~ Without Stop Words ~ With MWU
AV 0.45 0.47 0.49
BB 0.51 0.62 0.73
CF 0.51 0.56 0.68
P 0.45 0.44 0.63
co 0.64 0.52 0.5
GI 0.51 0.51 0.71
IM 0.5 0.43 0.55
LP 0.52 0.51 0.63

Table 3: Precision by AAM

In terms of Precision, the Braun-Blanket measure, in conjunction with the MWU approach, achieved
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the best results for both entailment types: Entailment by Generality (A) and Entailment, but no Generality
(B), with 0.93 and 0.73 points respectively. On Precision A the worst result is achieved by Conviction
— 0.56 with MWU, and for Precision A, the worst result is achieved by J-measure with stop words
removed: 0.43.

4.2. A Portuguese TEG Corpus

In this section we present the results of an experiment parallel to the one discussed in Section 4.1. The
main idea was to measure the degree to which our methodology was capable to recognize TEGs in
different languages. To this end, we have randomly selected a subset of 100 (7, H) pairs from the TEG
Corpus, preserving the proportion of 60 (7', H) TEG pairs (Entailment by Generality) and 40 TEnG
(T, H) pairs (Entailment, but no Generality). This subset of 100 TE pairs was translated into Portuguese
using the Google Translate service.

Machine translation is a viable alternative to manual translation due to a combination of two factors.
First, since our intention was to be as much language independent as possible, our methodology does not
use morpho-syntactic analysis and language specific word order knowledge. On the other hand, Google
Translate is reasonably successful in correct content word substitution. Thus, from the perspective of our
bag-of-words approach Google Translate preserves well the important information. This supposition is
in line with the fact that our results in Portuguese are comparable to the corresponding results in English.

With respect to Accuracy the best performance is achieved with the Braun-Blanket measure in
conjunction with the With MWU approach, with a result of 0.76, as shown in Table 4. In this approach
the second best measure is Added Value, with a result of 0.69. Similarly, Braun-Blanket achieves the
best performance in the Without Stop Words approach, with a result of 0.71, followed by Gini Index, with
0.66. In All Words, the measure with the best Accuracy is J-measure (0.72).

In Table 4, the three measures with the lowest Accuracy are Conditional Probability in the ap-
proaches All Words and Without Stop Words, and Conviction — in With MWU.

Accuracy

AAM All Words ~ Without Stop Words ~ With MWU
AV 0.63 0.62 0.69
BB 0.62 0.71 0.76
CF 0.64 0.62 0.63

P 0.59 0.57 0.6

Cco 0.68 0.6 0.5
GI 0.66 0.66 0.68
JM 0.72 0.58 0.6
LP 0.61 0.62 0.63

Table 4: Accuracy by AAM

Considering the Accuracy figures for English and for Portuguese, presented in Table 2 and Table 4,
which show similar scale and variations, we conclude that the performance of our methodology is not
significantly influenced by the language.

With respect to Precision — Entailment by Generality the measure Braun-Blanket in conjunction
with the approach With MWU presents the best results (0.88), followed by J-measure in conjunction with
the approach All Words (0.85). The worst results are achieved by Certainty Factor and Laplace in With
MWU (0.6).

With respect to Precision — Entailment, but no Generality the results are markedly lower. The
best results are achieved in With MWU by Certainty Factor, Gini Index and Laplace (0.68). The worst
results are achieved by Added Value in All Words (0.38).

Both the Accuracy and the Precision figures show that whether applied to a corpus in English or in
Portuguese, our methodology provides a classification capability that is significantly better than a random
guessing baseline and virtually indistinguishable with respect to the language.
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AAM Precision for A

All Words ~ Without Stop Words ~ With MWU

AV 0.78 0.78 0.85
BB 0.65 0.78 0.88
CF 0.68 0.65 0.6

P 0.68 0.65 0.62

Cco 0.73 0.65 0.55
GI 0.72 0.75 0.68
JM 0.85 0.72 0.62
LP 0.7 0.72 0.6

AAM .Precision for B .

All Words ~ Without Stop Words ~ With MWU

AV 0.40 0.38 0.45
BB 0.58 0.6 0.58
CF 0.58 0.58 0.68

P 0.45 0.45 0.58

co 0.60 0.52 0.43
GI 0.58 0.53 0.68
JM 0.53 0.38 0.58
LP 0.48 0.48 0.68

Table 5: Precision by AAM

5. Conclusion

This work presents a new methodology for recognizing TEG and studies its behavior in a detailed ex-
perimental configuration, achieving significant results. As seen in Table 2 and Table 3, there is always a
measure and an approach that stand out, namely the Braun-Blanket measure in With MWU. However, J-
measure and Conviction also have good results — (a) in Precision — Entailment by Generality J-measure
with All Words has the second best performance (0.83) — in other words, J-measure with All Words has
a good performance to identify entailment by generality between sentences; (b) Conviction ranks second
for Accuracy (0.7) and achieves good results in Precison — Entailment, but no generality or Other,
both in the All Words approach.

We may conclude that our methodology is language independent since results for Portuguese are
comparable to those for English although with less significant discrimination between the first and the
second measure. However, in terms of Accuracy (Table 4) and Precision — Entailment by Generality
(Table 5) Braun-Blanket achieves the best performance in the approach With MWU.

With this paper we also contribute to the consideration of a new kind of textual entailment, pro-
viding also new experimental resources (TEG Corpus). Our methodology is unsupervised and language
independent, and accounts for the asymmetry of the studied phenomena by means of asymmetric sim-
ilarity measures. Using our methodology we have demonstrated excellent results in identifying textual
entailment by generality.
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