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Abstract tribute to textual entailment evaluation can be a use-
ful baseline for further research in this area. In
This paper analyses the contribution of order to explore the potential of these techniques,
shallow syntactic matching and thesaurus  we have implemented a knowledge-lean system that
based equivalence in determining seman-  uses shallow semantics to evaluate semantic equiv-
tic equivalence of a pair of sentences. The  alence between two sentences. The system has par-
performance of this approach is evaluated ticipated in the PASCAL RTE challenge (Dagan et
on two data sets and compared to other al., 2005). Under shallow semantics we understand
systems, as well as to manual evaluation  a combination of basic syntactic matching between
results. We conclude that shallow seman-  the partial predicate-argument structures with sim-
tics can model equivalence and entailment  ple thesaurus-based semantic equivalence. In our
for pairs of syntactically similar sentences system, this semantic equivalence is measured us-

but it is not sufficient for reliable recog- ing WordNet relations. In this paper we compare the
nition of these relations in more complex performance of the system on the PASCAL data to
cases. the results obtained on the Microsoft paraphrase cor-

pus, and contrast the performance of our system with
theoretically developed lower bounds (Vanderwende
et al., 2005). Additional experiments conducted for
Textual entailment determination is one of thdhis paper give rise to more in-depth analysis of the
rapidly evolving areas of research in NLP. In thigpotential and shortcoming of the shallow semantics
paper we adopt the definition of textual entailmenapproach to analysis of textual entailment.
advanced at the PASCAL recognizing textual entail-
ment (RTE) challenge (2005) that was organized t2  Knowledge-lean textual entailment
explore what can be achieved in this area with cur-  system implementation
rent state-of-the-art tools. Thus, we adopt a defini-
tion of textual entailment as a directional relation-The implementation of our textual entailment sys-
ship between pairs of text expressions, denoted bytem is based on systems that the CLaC Labora-
(the entailing text), an#l (the entailed hypothesis). tory developed for text summarization. The envi-
It is considered thal entails Hif the meaning of ronment is implemented in the GATE architecture
H can be inferred from the meaning ©f as would (Cunningham et al., 2002) and provides tagging, NP
typically be inferred by people (Dagan et al., 2005)chunking, and knowledge-poor fuzzy NP corefer-
Determination of textual entailment between twaence resolution as described in (Bergler et al., 2003),
text segments (sentences in our case, see TalBergleretal., 2004), (Witte and Bergler, 2003). The
1) is a fundamentally complex task that does ndtexible GATE architecture allows for the creation
have an adequate solution up to date. Establisbf modular components that can be used in different
ing the degree to which shallow semantics can cortombinations depending on the task. For the pur-

1 Introduction



Truth: Moseley and a senior aide delivered their summary assessments to
about 300 American and allied military officers on Thursday.
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L Hypothesis: General Moseley and a senior aide presented their assessments at an
internal briefing for American and allied military officers at Nellis Air
Force Base in Nevada on Thursday.

Figure 1: Example of a pair of paraphrases as processed by our system

poses of the textual entailment resolution, we exPASs are compared constituent by constituent: sub-
tended the coreference system to incorporate vejict to subject, verb to verb and object to object.
groups, added full parsing, and included a few spérhe comparison builds upon WordNet distance and
cialized heuristics for specific problems that wereoreference relations established by the fuzzy coref-
encountered in the PASCAL RTE challenge develerence module which includes pronoun resolution
opment set (Dagan et al., 2005). See (Andreevskadand string comparison components. Figure 1 illus-
et al., 2005) for details. trates these two techniques. The similarity between

Our system uses shallow semantics to recogni#€rbs was measured using WordNet distance that
equivalence between two sentences. Two main typ€grresponds to the number of edges between two
of information were used to assess the relatedneggdes (corresponding to synsets) in the tree. In Fig-
between the two parts of the pair: partial Predicatdre 1,deliverandpresentare members of the same
Argument Structure (PAS), which is understood heréynset in WordNet and thus the distance between
as a representation of the meaning of the entire sefftem s 0. Itis below the threshold (that can be set to
tence, and lexical relatedness, which we measure (@ly numbet>0) and therefore the words are consid-
ing the WordNet distance (Figure 1). We use Wordered semantically similar. Both subjects in the ex-
Net for lexical closeness only. No subcategorizatioRmple are represented by the same strings and their
information is used and thus our PASs are notnec-___

essarily complete. 1If the sentence contains more than one PAS all the
. predicate-argument structures are compared. In this case, com-
Based on the results of the parsing, the Systeparison succeeds whenever a pair of similar PAS is detected.
builds partial PAS for the two sentences that makghis apprlo?“?h is efficient an? p_erforfms feaso“?]b'y er” but it
. . __may result in erroneous conclusions for cases where, for exam-
up the pair (in the PASCAL RTE challenge nOtat'Onple, the main clause contains similar PASs while the subordinate
T or Text andH or Hypothesis). The constructedclauses differ (as in speech reported from the same source).



Table 1: Examples of pairs of equivalent sentences

equality in the two sentences is obvious. The equg
ity of the direct objects is established based on th
comparison of the heads of the corresponding noun

\ Text \ Hypothesis Text Hypothesis
Syntax only The centre-right Eu¢ Berni Ahern is the

MS corpus #1089874 and #1089925 ropean Peoples PartyTaoiseach.
(1a)] PCCW's chief| Current Chief (EPP), the largest

operating  officer,| Operating Officer group in the Euro-

Mike Butcher,| Mike Butcher and pean Parliament, has

and Alex Arena,| Group Chief Finan- warned that it will

the chief financial cial Officer Alex reject the Taoiseach,

officer, will report| Arena will report to Berni Ahern, if he is

directly to Mr. So. | So. nominated as the next

Syntax and lexical equivalence president of the Eurot
PASCAL test set pair #1361 pean Commission.

(10) ﬁ] F:Irlganov\t];;taie_ \Ilz\;;glgged i:?rsgzge Table 2: Example qfapair processed by be-heuristic

leased. (PASCAL data,; pair #336)

World knowledge required

PASCAL development set pair #98 data) and on the test part of the Microsoft paraphrase
(1c)| Sharon warng Prime minister tar{  corpus (MS corpus). Th#licrosoft corpus is a

Arafat could be| geted for assassina- manually constructed set of text and hypothesis pairs

targeted for assassj-tion. of paraphrases66 % of these pairs are true equiv-

nation. alences. The corpus exhibits frequent structural and

lexical similarity within the pairs. Some typical ex-
amples are given in Table 3.

I-
e(2a)

Text Hypothesis
Those  conversar Those talks have
tions had not taken not taken place, ac

phrases. The adjuncts (prepositional phrases in t
boxes corresponding to arguments in Figure 1) we
not considered in the comparison since they are n
part of our predicate-argument structures.

Additional heuristics were implemented to deal
with some typical patterns we encountered while de
veloping the system. For example, we have imple

mented a special heuristic, termbéd-heuristi¢ for
sentences of typ&X is Y” (Table 2). This heuris-

tic first finds coreference chains in the first compo

nent of the pair (T) and establishes using a mod
fied version of our multi-document coreference sys

he

place as of Tuesda

re night, accord-| cle spokeswoman.
ot ing to an Oracle
spokeswoman.

y cording to an Ora

(2b)

The man accused gf A Cuban architect

using fake grenade

to commandeer a years in prison Fri-

Cuban plane tha
landed in Key West
in April was sen-
tenced Friday to 20

swas sentenced to 20

t day for using two
fake grenades to
hijack a passenge
plane from Cuba tg

—

years in prison.

Florida in April.

tem whether any words in T corefer with words in H
(based on string comparison). Then this information

Table 3: Examples of Microsoft corpus pairs

is used to prove whether the hypothesis taits Y”

is true.

3 Data sets

The PASCAL data, on the other hand, repre-
sents a set of manually matched sentences from
different sources, grouped into seven categories:
Comparable Documents (CD), Machine Translation

The system was tested both on the PASCAL RTEMT), Information Retrieval (IR) and Extraction
challenge test set (further referred to as PASCAIE), Question Answering (QA), Reading Compre-



hension (RC) and Paraphrasing (PP). The categoritee part of the data that is one of the easiest for eval-
differ in the way the data has been collected: for inuation. These results are consistent vitff inter-
stance, in MT automatic translations were compareahnotator agreement reported in (Bayer et al., 2005)
to standard human translations, in RC annotatofer a sub-set of 70 pairs (10 pairs per task).
manually created hypotheses corresponding to texts,PASCAL data includes a small percentage (ap-
while T-H pairs for CD task were selected from aproximatelyl5 %) of entailments that are not equiv-
cluster of comparable news articles. Each subsetagences (for example, Table 5).

made of equal number of true and false entailments.
Certain pairs in the PASCAL data are very differen

in structure, as illustrated in Table 4.

Text

Hypothesis

(3a)

Each hour spen
in a car was as
sociated with a §
percent increase it
the likelihood of
obesity and eacth
half-mile  walked
per day reduceq
those odds by
nearly 5 percent
the researcher
found.

t The more driving
you do means
you're going to
nweight more —
the more walking
1 means you’re going
to weigh less.

]

(3b)

Seven Egyptian
human rights or-
ganisations issue
a plea today, Mon-
day, to Egyptian
President Hosn
Mubarak to hold
accountable thos
responsible forn
the acts of tor-
ture that targeteg
residents of a vil-
lage in Egypt's
countryside while
investigating  two
capital murders las
August.

Particular
organisations
d Egyptian  Organi-
sation for human
rights today, Mon-
day appealed to th
Egyptian Presiden
e Hosni Mubarak &
cost-accounting the
responsible for acts
] of torture which
aimed villagers in
upper Egypt during
the investigation in
the crimes killed in
I last August.

sever

11
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Table 4: Examples of PASCAL data pairs

t Text Hypothesis
Cedras, Biamby, and Cedras took part in the
Francois also led the 1991 coup.
1991 coup.

3%

Table 5: Example of a true entailment that is not
equivalence (PASCAL data; pair #1921)

The performance of our system on the MS corpus
was considerably better than on the PASCAL data in
terms of recall and precision but slightly worse for
accuracy. This can be explained by the specifics of
the composition of the two corpora: the PASCAL
data is more heterogeneous and includes many dif-
ferent kinds of difficult cases (see Table 4). The MS
corpus consists mostly of sentences that exhibit con-
siderable similarity both in syntactic structure and
lexical material, making our simple approach more
successful (see Table 3).

4 Role of syntactic information

The system uses the similarity of partial syntactic
structures of the sentences in the pair as the first cue
of their equality. As mentioned in Section 2, we use
full parse information. In fact, we use two parsers,
the LINK parser (Sleator and Temperley, 1993) and
the RASP parser (Briscoe and Carroll, 2002). We
do not, however, match full syntactic structure in
the pairs. Rather we approximate shallow semantics
by constructing simplified shallow partial predicate-
argument structures that cover only the verb, its sub-
ject and object (if there is one).

We use two parsers, because neither has a full
coverage. One of the two parsers can be set as de-
fault, the second to be used only when the default
parser doesn’t produce a parse. Alternatively, both

Some pairs are difficult to evaluate even for huparsers can be given equal priority, and the system
mans. (Vanderwende et al., 2005) menti®6$o
inter-annotator agreement for a sub-set of PASCAmore PASs.
data that can be evaluated based on syntax alone 4n order to evaluate the role of syntactic informa-

chooses for each sentence the parser that produces



tion in the textual entailment determination a spehow close two sentences are and repd#$% ac-
cial run of the system without WordNet informationcuracy on the PASCAL data. At the same time, the
was performed. Fo51% of the PASCAL data and two most successful systems submitted to PASCAL
49% of the MS corpus such basic PAS informationworkshop - (Bayer et al., 2005) and (Glickman et al.,
was sufficient for the system to guess correctly (Ta2005) - also don’t use any syntactic information but
ble 6). The lower performance on the MS corpus ithey employ corpus statistics and alignment tech-
in part due to the corpus composition: it has onlyiques to capture additional information and both
33% “false” pairs and true negatives account for aeach0.586 accuracy.
little more than half of all correct guesses. For PAS- Our results are consistent with manual estimates
CAL data with its50% of “false” pairs, the contri- provided in (Vanderwende et al., 2005), who discuss
bution of the true negatives is much great@8%. a manual evaluation of the PASCAL data set. Lin-
The system’s conservative strategy allows to pick uguistically trained human annotators judged whether
many true negatives, and misclassifying one of them text-hypothesis pair of the data could be correctly
has immediate impact on the system performancgentified as true or false based only on syntactic
21%? of true equivalences in the MS corpus &d  knowledge as given by current parsers, or whether
of true entailments in the PASCAL data were pickegk could be identified using a parser and a thesaurus.
up by the system that used only syntactic informathey report a baseline ¢f7% for purely syntax-
tion. driven approach, antb% for the approach that uses
The composition of the two corpora in terms ofg parser and a thesaurus. They claim th#t of
syntactic similarity between thé andH parts has, pairs in the PASCAL test data set can be judged as
in our opinion, even more significant impact on thetrue” based uniquely on syntactic information. Our
results. As observed in Section 3, the pairs in thaumber is lower for two reasons. First, we were con-
MS corpus are made of sentences similar in syrsidering only simplified predicate-argument struc-
tactic structure, while PASCAL data is considerablyyres and pronoun resolution, while Vanderwende et
more heterogeneous. The only subset of PASCA4|. (2005) have a more broad definition of syntax,
data that exhibits significant similarity between twahat included also a set of alternatidnSecond, the
components of a pair is the CD (Comparable Docestimates made by human annotators were based on

uments) task which has been processed by our sygealized parses, while using real-life parsers leads
tem with much better results than other subsets & |oss of informatiorf.

PASCAL data (Table 6). These numbers are closer Comparing the results of our system to the man-
to MS corpus results than to the overall system pe[ja) estimates for false entailments is more difficult.
formance on PASCAL data, which is an additionalrhe annotators in (Vanderwende et al., 2005) were
argument in favor of this hypothesis. differentiating between cases where syntax could be
a cause for evaluating the pair as false and where it
wouldn't. It turns out that distinguishing between
the two is not straightforward and often causes dis-
agreement between annotators. At the same time,
we assign “false” to all pairs that are not consid-

Table 6: Accuracy (A), confidence-weighted scor@red true by the system and cannot tell, whether it

(CWS), precision (P) and recall (R) obtained usind® & sign that syntax is nqt sufficient for detection
only syntactic information of entailment or whether mismatch of PASs was the

reason for rejection. This difference in approaches

Despite the use of very basic syntactic informa-—

tion, our approach still performs slightly better than,_ Ve considered only passive-active alternation and par-
tially incorporated promotion of appositive construction to main

approaches based on word overlap. For examplgayse in thebe-heuristic which covers only a fraction of the

Perez and Alfonesca (2005) use BLEU to calculatgossible transformations.

- “Kouyelekov and Magnini (2005) report abafi% of sen-
2Number of true positives over the total number of pairs. tences not getting correct parses.

corpus A | CWS P R
MS test 0.49| 0.48) 0.79| 0.32
PASCALtest| 0.51| 0.50| 0.57| 0.14
PASCAL-CD | 0.61| 0.57| 0.92| 0.15




would be the main reason for accuracy and CWStested. The smaller values mean closer relationships,
demonstrated by our system on the false entailmeniscorresponds to synonyms. Higher thresholds cor-
and on the entire seb{% compared t37%). respond to more permissive strategies and result in
Another factor that can potentially influence thdncrease in recall. For PASCAL data (including the
performance of the system is the choice of the parseZD subset) this was achieved at the cost of decreased
We experimented with three different settings for th@recision, while on the MS data precision didn’t suf-
two parsers we use: fer (Table 8), probably due to the fact that this corpus

containss6% true paraphrases, while PASCAL data
1. The one that produces most parses was ChOSﬁQS5O% true entailments

(called hereequal priority).

. . : o : Corpus WN distance=0

2. Link parser is given higher priority meaning. It b R A TCWS
[ din all I it fails t d

Eatrjsss in all cases unless it fails to produce a IS 5790341 0501 0.49
' PASCAL 0.59| 0.13| 0.52| 0.52
3. RASP is given higher priority. PASCAL-CD | 0.92| 0.31| 0.64| 0.64

. . . Corpus WN distance=1
Equal priority resulted in marginally better per- = R A TCWS
formance on the PASCAL data, while giving higher MS 0791034 0501 050

priority to RASP slightly (0.5%) improved the pre-
cision and CWS on the MS corpus (Table 7). Over-
all, our experiments showed that the influence of the

PASCAL 0.56| 0.15| 0.52| 0.52
PSCAL-CD | 0.92| 0.31| 0.64| 0.64

parser choice on the system results is negligible. Corpus WN distance=2
P R A | CWS
Corpus Equal priority parsers MS 0.79] 0.35| 0.50| 0.50
P R A | CWS PASCAL 0.56| 0.16 | 0.51| 0.52
MS 0.79] 0.34| 0.50| 0.49 PSCAL-CD | 0.89| 0.32| 0.65| 0.64
PASCAL | 0.59| 0.13| 0.52| 0.52 Corpus WN distance=3
Corpus RASP/Link P R A | CWS
P R A | CWS MS 0.79| 0.36| 0.50| 0.51
MS 0.795| 0.34| 0.50| 0.51 PASCAL 0.52] 0.18| 0.51| 0.52
PASCAL | 0.55] 0.13| 0.52| 0.51 PSCAL-CD | 0.83| 0.32| 0.63| 0.64
Corpus = Lm;/RAS: CWS Table 8: Results for varying WN thresholds
|\PA§SCAL 8;2 8?21 82(2) 821 The comparison pf the results on MS corpus, full
g g g g PASCAL data and its CD subset demonstrates that

Table 7: Parser priorities for WN distance=0  the way the pairs are made up has considerable in-
fluence on the results. Higher precision and recall
on MS corpus and especially on the CD task data

5 Role of lexical similarity are, in our opinion, due to the fact that these two

We used the WordNet (Fellbaum, 1998) to measu data sets are composed of pairs that use lexical-level
lexical similarity. We did that by computing the dis- Paraphrases that can be captured using WordNet re-
tance measured as the number of the edges betwd&HiPns- _ _

two nodes in the tree. This approach limits the ap- Despite the increase in performance of the system
plication of lexical similarity to basic thesaural re-When WordNet-based lexical similarity measure is
lations between words. Different thresholds werdtroduced, the improvement was smaller than ex-
e N Eected. Annotators in the study conducted by Van-

Confidence-Weighted Score (CWS) or Average Precisio

reflects the system’s ability to consistently assign higher confgerwende etal. (2005) estimated that Syr_‘tax plus a
dence score to correct judgments (Dagan et al., 2005). basic thesaurus can handi&’ of true entailments



in PASCAL data (increase &% compared to mak- Text Hypothesis

ing decisions based only on syntax). We were able| By clicking here, you| Click here to go back
to get only2% increase compared to using only syn- | can return to the lo1 to the login page.
tax and string matching. Similarly, onlif?% increase gin page.
was observed on the MS corpus. Overall, the gain in ) )
accuracy and CWS is also modest: the annotators e&Ple 9: Example of a pair made of syntactically
timated thatl 2% of correctly evaluated pairs can bedifferent sentences (PASCAL data; pair #483)
added when basic semantic relations are taken into

account, while we had onlg% increase in accu- ) ) ) )

racy when WordNet-based similarity measures werf@2ntic équivalence. For instance, multi-word para-
considered. A possible explanation of such a dif2Nfases such dstus — unbom chilar fire — send
ference is the inability of our system to handle syndismissal letterscan not be recognized using this

onyms that span over more than one word (for in(_:lata. Nevertheless, we believe that this information

stance several people suffered injurias. several may be acquired from large corpora using statistical
people were woundggdwhich is necessary in many methods.

cases and which was considered as part of the gen-

eral thesaurus by annotators in the (Vanderwende #t conclusions

al., 2005) study. Another reason for the poor perfor-

ir::; ?(r::}azgt:li:ﬁgzr?:ghi :15 wg:&tl\:i"ejvﬁirl‘etrﬁgr?\x%e have explored the contribution of shallow partial

most successful systems submitted to PASCAL RT%F&Z?&?Q?’?SJ& ;22 r\?\(/::ggsg)\?a(l)ig;?ﬁjuisi?{s
challenge — (Bayer et al., 2005) and (Glickman e a '

al., 2005) — used World Wide Web to extract wordOf our approach on two data sets - PASCAL RTE

. . llen nd Microsoft paraphr rpus. Wi
alignments (e.g., using WordNet synsets we can ncpa enge data and Microsoft paraphrase corpus. We

) - ave also shown the results of shallow semantics ap-
capture the relationship betweentplayanddefeat P

that has been identified by Bayer et al. (2005), evely 02Ch 10 be inline with a theoretical study by Van-
. . derwende at el. (2005) where human assessors stip-
though both words are in the dictionary).

ulate whether entailment between two sentences can
be established with syntax alone or with syntax plus
a basic thesaurus.

6 System Limitations and Potential

Improvements .
The results of our experiments are comparable

The performance of the system that uses only shdP the outcome of manual runs in (Vanderwende
low semantics is determined by several factors. THet al., 2005) when semantic similarity is not con-
major stumbling block is the variations in the syntacsidered.  Slightly lower results on true positives
tic structure that are difficult to capture with partialwvere mostly due to shortcomings of real-life parsers
syntactic information used by our system. Some gnd to the limited number of alternations we con-
these variations represent recurring patterns that caifler. Adding WordNet-based semantic similarity

be incorporated in a system as additional heuristidgeasures did not increase the performance as much
(as we have done for the ”appositieﬂ XisY’ pat- as it could have been expected based on results re-

tern, that was implemented &g-heuristi}. More ported for human annotators. It demonstrates that
such patterns have been reported in (VanderwengBallow semantics is not sufficient for determining
et al., 2005). However, in most cases the differendé€ equivalence and entailment in most cases and
in the syntactic structure can not be easily predicteifiore sophisticated approaches are necessary.
(e.g., Table 9) and more sophisticated syntactic anal- The analysis of the system errors provided in-
ysis is required for dealing with them. sights into promising directions for future research
The limited coverage of WordNet and the way itsand system improvement. It can include more so-
synsets have been constructed is another shortcopfisticated syntactic analysis as well as acquiring
ing of the simplified approach to establishing semore data on semantic equivalence at word level.
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