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Abstract Several decades of research in natural language

processing and related fields have made clear that the

Semantic entailment is the problem of deter- use of deep structural, relational and semantic proper-
mining if the meaning of a given sentence en- ties of text is a necessary step towards supporting higher

tails that of another. This is a fundamental level tasks. However, beyond these resources, to support
problemin natural language understandingthat ~ fundamental tasks such as inferring semantic entailment
provides a broad framework for studying lan- between two text snippets, there needs to be a unified

guage variability and has a large number of ap-  knowledge representation of the text tija} provides a
plications. We present a principled approach  hierarchical encoding of the structural, relational and se
to this problem that builds on inducing re- mantic properties of the tex@?) is integrated with learn-
representations of text snippets into a hierar-  ing mechanisms that can be used to induce such infor-
chical knowledge representation along with a  mation from raw text, an@3) is equipped with an infer-
sound inferential mechanism that makes use of  ential mechanism that can support inferences over such
it to prove semantic entailment. representations. Just resorting to general purpose knowl-
edge representations—FOL, probabilistic or hybrids—
along with their corresponding general purpose inference

1 Introduction algorithms leads to brittleness and complexity problems.

Semantic entailmern the task of determining, for exam-  We describe an integrated approach that provides so-
ple, that the sentenceWalMart defended itself in court |utions to the challenges mentioned above. Unlike tradi-
today against claims that its female employees were kefignal approaches to inference in natural language (Schu-
out of jobs in management because they are woreen pert, 1986; Moore, 1986; Hobbs et al., 1988) our ap-
tails that ‘WalMart was sued for sexual discrimination  proach (1) makes use ahachine learningbased re-
Determining whether the meaning of a given text snipsources in order to induce an abstract representation
petentailsthat of another or whether they have the samef the input data, as well as to support multiple infer-
meaning is a fundamental problem in natural languagence stages and (2) models inference asmimization
understanding that requires the ability to abstract ower thprocess that provides robustness against inherent viariabi
inherent syntactic and semantic variability in naturatlanity in natural language, inevitable noise in inducing the
guage (Dagan and Glickman, 2004). This challenge igbstract representation, and missing information.
at the heart of many high level natural language process-, ¢ incioled tational ch to
ing tasks including Question Answering, Information Re- € present a principled computational approa

trieval and Extraction, Machine Translation, and othergemantm entailmenin natural language that addresses

that attempt to reason about and capture the meaning [me of the key problems encou ntered in .tradmonal ap-
L . proaches — knowledge acquisition and brittleness. The
linguistic expressions.

Research in natural language processing in the last fj%nlutmn includes a hierarchical knowledge represematio

years has concentrated on developing resources for mu fnguage into which we induce appropriate representa-

. ! . tions of the given text and required background knowl-
ple levels of syntactic and semantic analysis, resolve con-

o - ; ) . edge. The other main element is a sound inferential
text sensitive ambiguities, and identify relational struc . . .
: ) L mechanism that makes use of the induced representation
tures and abstractions (from syntactic categoriesHie

tags to semantic categories such as named entities) to determine an extended notion of subsumption, using an
9 9 " optimization approach that supports abstracting over lan-

*This work also appears in AAAI'05. guage variability and representation inaccuracies. Along



with describing the key elements of our approach, wéevel tasks of this sort. Namely, we provide ways to rep-
present a preliminary system that implements it, and Besent knowledge, either external or induced, at multiple

preliminary evaluation of this system. levels of abstractions and granularity, and reason with it
o at the appropriate level. The preliminary evaluation of
1.1 General Description of Our Approach our approach is very encouraging and illustrates the sig-

Given two text snippet$ (source) and’ (target) (typi- nificance of some of its key contributions.
cally, but not necessarily consists of a short paragraph

andT, a sentence) we want to determinei=7", which 2  Algorithmic Semantic Entailment
we read as S entailsT” and, informally, understand to
mean thatnost people would agree that the meaning of
implies that of". Somewhat more formallyy entailsT Specifically, we think of elements iR as expressions

when some representationBfcan be “matched” (mod- . . )
. . . in the language or, equivalently, as the set of interpreta-
ulo some meaning-preserving transformations to be de-

fined below) with some (or part of a) representation o lons that satisfy it (!_ond, 1987). Letbe a mapping
. . rom a set of text snippetg to a set of expressions in
S, at some level of granularity and abstraction. The ap- . :
) . ) ‘R. Denote the images of two text snippeétsi’, under

proach consists of the following components:

this mapping byrg, rr, respectively. Given the set of
KR: A Description Logic based hierarchical knowl-interpretations oveD, let M/ be a mapping from an ex-
edge representation, EFDL (see Section 3), into whichression inR to the corresponding set of interpretations
we re-represent the surface level text, augmented with if-satisfies. For expressions, 71, the images of, T" un-
duced syntactic and semantic parses and word and phré&’R, their model theoretic representations thus defined
level abstractions. are denoted/ (r), M (ry).

Conceptually, as in the traditional view of semantic en-
KB: A knowledge base consisting of syntactic and segjiment, this leads to a well defined notion of entailment,
mantic rewrite rules, written in EFDL. formally defined via the model theoretic view; tradition-
ally, the algorithmic details are left totheorem prover
rté‘l_at uses the syntax of the representation language, and

senting text snippets or rewrite rules). “Extended” her&hay also incorporate additional knowledge in its infer-

means that the basic unification operator is extended ffice. We follow this view, and use a notionsafbsump-

support several word level and phrase level abstractioné'.on petween eleme_nts m,_denotecu C v, foru, v e R
Wﬁt is formally defined via the model theoretic view —

Let R be a knowledge representation language with a
well defined syntax and semantics over a domRin

Subsumption: An algorithm which determines ex-

First, a set of machine learning based resources a .
used to induce the representation fHoand7. The en- w 'enM(u) .g M(v).' Sypsumptlon between represen-
tailment algorithm then proceeds in two phases: (1) i&atlons proy!des an implicit way to .re_preser_n entailment,
incrementally generates re-representations of the MiginWhere additional knowledge is conjoined with the source

representation of the source tékby augmenting it with o Hprove th(:htarget. f th i h di
heads of subsumed re-write rules, and (2) it makes use of owever, the proot theorelic approach corresponding

an optimization based (extended) subsumption algorithg-‘thls traditional view is unrealistic for natural langeag

to check whether any of the alternative representations bsumption is bgsed amificationand requires, in or-

the source entails the representation of the tafgethe er to prove entallment, that the reprgsentaUOITa‘s

extended subsumption algorithm is used both in checl‘?—ntlrely embedded in the representationSof Natural

ing final entailment and in determining when and how t anguages allow for words to be replaced_ by synonyms,

generate a re-representation in slightly different ways. or qu|f|er phrases to be c_jropped, etc., W|_tho_ut affecting
fneaning. An extended notion of subsumption is therefore

Figure 1 provides a graphical example of the represe . . )
tation of two text snippets, along with a sketch of the oy needed which captures different levels of abstractions.
' Our algorithmic approach is thus designed to allevi-

tended subsumption approach to decide the entailment. e .
P PP ate these difficulties in a proof theory that is too weak

~ This paper focuses on the inference algorithm, mostly, a1 ral language. Conceptually, a weak proof theory
in the second stage, and leaves many of the other dg-oyercome by entertaining multiple representations that
tails to a companion paper, for obvious space constraintgre equivalent in meaning. We provide theoretical justifi-
Along with the formal definition and justification devel- .40 pelow, followed by the algorithmic implications.
oped here for our computational approach to semantic en- 5 representation € R is faithfulto S if r andrg have

tailment, our knowledge representation and algorithmig,o same model theoretic representation, é(r) —

approach provide a novel solution that addresses somelgj(rs)_ Informally, this means that is the image unaer

the key issues the natural language research commun’y@lof a text snippet with the same meaningsas
needs to resolve in order to move forward towards higher



|S: Lung cancer put an end to the life of Jazz singer Marion Montgomery on Monday.

|Sl’: Lung cancer killed Jazz singer Marion Montgomery on Monday. |

|SZ': Jazz singer Marion Montgomery died of lung cancer on Monday. | T: The singer died of carcinoma.
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Figure 1: Example oRe-represented Source & Targeairs as concept graphs. The original source senténce
generated several alternatives includifjgand the sentence in the figuig,j. Our algorithm was not able to determine
entailment of the first alternative (as it fails to match ie #xtended subsumption phase), but it succeedest,fofhe
dotted nodes represent phrase level abstractiSfiss generated in the first phase by applying the following chai
of inference rules: #1 (genitives): “Z's W- W of Z”; #2: “X put end to Y’s life — Y die of X". In the extended
subsumption, the system makes use of WordNet hypernymtiaelé&’lung cancet 1s-A “carcinomd) and NP-
subsumption rule Jazz singer Marion Montgometryis-A “singef). The rectangles encode the hierarchical levels
(Ho, H1, H2) at which we applied the extended subsumption. Also noteiththe current experiments we don't
consider noun plurals and verb tenses in the extended syitismyalthough our system has this capability.

Definition 1 Let.S, T be two text snippets with represen-in general, augmenting the representatiorSofvith an
tationsrg, rr in R. We say thab' =T (read: S semanti- expressionhs may restrict the number of interpretations
cally entailsT) if there is a representation € R thatis the resulting expression has, in this case, since we only
faithful to .S and that is subsumed by-. augment the representation when the left hand Side
O§ubsumess, we end up with a re-representation that is
In fact equivalent tors. Therefore, given a collection

our approach searches a space of faithful representatioﬁe%lruIez;g:;‘iérgit)g fmergapegggégtitgﬁzéfnfhﬁgr?m:n'
generated via a set of rewrite rules in our KB. Y9 P '

: . . . : algorithm is soundifor semantic entailment according to
A rewrite ruleis a pair(lhs, rhs) of expressionsiifR, L
: : Def. 1, but it is not complete. Its success depends on the
such thaths C rhs. Given a representatiory of .S and size and quality of the rule < lied in the search
arule(lhs, rhs) such thats C lhs, the augmentation of quaity bp )

rs via (Ihs, rhs) is the representatiorl, = rs A hs. Two |rr_1port§‘nt no_te”s are in order. First, since rewrite
rules typically “modify” a small part of a sentence repre-

Claim 1 The representations generated above is faith- sentation (see Fig. 1), the augmented representation pro-
fulto S. vides also a compact way to encode a large number of
possible representations. Second, note that while the rule

thereforeM (1) = M(rs) N M(rhs). However, since augmentation mechanism provides a justification for an
rg C lhs aniilhs C rhs, thenrs C rhs whic,h im- @lgorithmic process, in practice applying rewrite rules
pliegthatM(rs) - Kéf(rh;). ConseauentlyM(rg) _ is somewhat more complicated. The key reason is that

M (rg) and the new representation is faithful§o — _ _
The C|a|m g|ves r|se to an algonthm, Wh'Ch Suggests SC_)undneSS dependS on a “correct” |n'dUCt|0n Of the repl’e-
incrementallyaugmentinghe original representation of sentation of the text; we do not address this theoreticahg h

Sviath ite rul d i b ti . >The power of this search procedure is in the rulés.and
viatne rewrite rules, and computing subsumption using;, . might be different at the surface level, yet, by satisfying

the “weak” proof theory between the augmented reprenodel theoretic subsumption they provide expressivitpéare-
sentation and. Informally, this claim means that while, representation in a way that facilitates the overall sulygtion.

Clearly, there is no practical way to exhaust the set
all those representations that are faithfulso Instead,

To see this, note that as expressionRimry = rg Arhs,



many rules have a large fan-out; that is, a large nunkxtended Feature Description Logic (EFDLgn exten-

ber of heads are possible for a given rule body. Exansion of FDL (Cumby and Roth, 2003). As described

ples include synonym rules, equivalent ways to reprehere, expressions in the language have an equivalent rep-

sent names of people (e.g., John F. Kennedy and JFKEsentation asoncept graphsand we refer to the latter

etc. We therefore implement the mechanism in two waysgpresentation here for comprehensibility.

one process which supports chaining well, in which we Nodesn the concept graph represent elements —words

explicity augment the representation with low fan-outor (multiple levels of) phrase#ttributesof nodes repre-

rules (e.g., Passive-Active rules); and a second, appreent properties of elements. Examples of attributes in-

priate to the large fan-out rules. In the latter, we abstaiplude {LEMMA, WORD, POS MAINVERB, PHTYPE, PH-

from augmenting the representation with the many possheAD, NETYPE, SRLTYPE {ARGO, ...ARGM}, NEG}.

ble heads but take those rules into account when compdre first three are word level, the next three are phrase

ing the augmented source with the target. For example, liével, NETYPE is the named entity of a phraseRLTYPE

a representation includes the expression “JFK/PER”, wig the set of semantic arguments as defined in PropBank

do not augment it with all the many expressions equivaKingsbury et al., 2002) andEG is a negation attribute.

lent to “JFK” but, when comparing it to a candidate in the  Relationgroles) between two elements are represented

target, such as “President Kennedy”, these equivalencipg |abeled edges between the corresponding nodes. Ex-

are taken into account. Semantically, this is equivalerfmples of roles include{BEFORE, ID, MOD, {ARGO,

to augmenting the representation. Instead of an explicit . Arem}}; BEFORE indicates the order between two

list of rules, the large fan-out rules are represented asjdividuals,iD andMoD represent @ontainsrelation be-

functional black box that can, in principle, contain anytween a word and a phrase where the word, respectively,

procedure for deciding comparisons. For this reason, thig or is not the head.

mechanism is calleflinctional subsumption Concept graphs are used both to describe instances
The resulting algorithmic approach is therefore: (sentence representations) and rewrite rules. Details are
(1) Once an EFDL representation fétrandT" is in-  omitted here; we just mention that the expressivity of

duced, the algorithm incrementally searches the EFDjnese differ - the body and head of rules are simple chain

rewrite rules in KB to find a rule with a body that sub-graphs, for inference complexity reasons. Restricted ex-

sumes the representation 8f In this case, the head of pressivity is an important concept in Description Logics

the rule is used taugmenthe EFDL representation &f  (Baader et al., 2003), from which we borrow several ideas

and generate a new (equivalent) representatid &€B  3nd nomenclature.

consists of syntactic and semantic EFDL rewrite rules ex- concept graph representations are induced via state of

pressed at the word, syntactic and semantic categorigge art machine learning based resources that include a
anq phrase levels; applying thgm results in new represegykenizer, a lemmatizer, a part-of-speech tagger, a syn-
tationsS; that capture alternative ways of expressing the,tic parser, a semantic parser, a named entity recog-
surface level text. ) _ nizer, and a name coreference system (citations: anony-
(2) Re-representatior;s are processed via the ex-mqys). Rewrite rules were filtered from a large collection
tended subsu_mptlon algorithm against t_he representgngp paraphrase rules developed in (Lin and Pantel, 2001)
of T. The notion of extended subsumption captures, juging compiled into our language: a number of non-lexical
like the rewrite rules, several sentence, phrase, and worgs,rite rules were generated manually. Currently, our
level abstractions. The extended subsumption processyisowledge base consists of roughly 300 inference rules.

also used when determining if a rewrite rule applies. The most significant aspect of our knowledge repre-

Rewrite rules and extended subsumption decisions tak@ ation is ithierarchy. It is defined over a set of typed

into account relational and structural information €ng|ements that are partitioned into several classes in a way

coded in the hierarchical representation, which is iS4t captures levels of abstraction and is used by the infer-
cussed below. In both cases, decisions are quantified 5. 5gorithm to exploit these inherent properties of the
inputto an optimization algorithm that attempts t0 genergng  age. The hierarchical representation provides flex-
ate a “proof” thats entailsT', and is discussed later. ibility — rewrite rules can depend on a level higher than
the lexical one, as infw/PHTYPE=NP] of [Z/PHTYPE=NP]

— Z's w. Most importantly, it provides a way to abstract
Our semantic entailment approach relies heavily on a hever variability in natural language by supporting infer-
erarchical representation of natural language sentencesice at a higher than word level, and thus also supports
defined formally over a domai® = (V, A, &) which the inference process in recovering from inaccuracies in
consists of a seV of typed elements, a sed of at- lower level representations. Consider, for example, the
tributes of elements, and a sgtof relations among el- following pair of sentences, in which processing at the
ements. We use a Description-Logic inspired languageemantic parse level exhibits identical structure, despit

3 Hierarchical Knowledge Representation



significant lexical level differences. LetU (T, S!) denote the space of all unifications from

/ H .
S: “[The bombeii#A0 managedto enter[the embassy T to S]. In our inference, we assume the existence of

building//a1]/a1."2 a unifipation functionGG d_etermining the cost of unify-
) _ - i ing pairs of nodes or pairs of edges. may depend on
T: “[The terroristy A0 entered the edific@/A1. language and domain knowledge, e.g. synonyms, name

On the other hand, had the phrda#ed to entetbeen  matching, and semantic relations. When two nodes or

used instead ahanaged to enteraNEG attribute asso-  edges cannot be unified, returns infinity. This leads to
ciated with the main verb would prevent this inferencegne gefinition ofunifiability.

Note that failure of the semantic parser to identify the se- . . . . L
mantic arguments0 anda 1 will not result in a complete Definition 2 Given a hierarchical sefd, a unification
failure of the inference, as described in the next section: finction &, and two concept graphs; andT’, we say
will result in a lower score at this level that the optimiza-that 7' is utuﬁableto S; If there exists a unificatiod
tion process can compensate for (in the case that lowEP™M7 10 S; such that the cost of unification defined by

level inference occurs).
) D(T,S))= min Z Z A\G(z,y)

. U€eU(T,s;
4 Inference Model and Algorithm TS H (@ yeUlayen,

In this section we focus on how the extended subsumj finite, where\; are some constants s.t. the cost of uni-
tion process exploits the hierarchical knowledge reprdying nodes at higher levels dominates those of the lower
sentation and how we model inference as optimization. levels.

4.1 Modeling Hierarchy & Unification Functions Because top levels of the hierarchy dominate lower

. . ones, nodes in both graphs are checked for subsump-
An exz_;lct subsumpt_|on approach thgt requires the rePron in a top down manner. The levels and corresponding
sentation ofl" be entirely embedded in the representatio .
. L rocesses are:
of S/ is unrealistic. Natural languages allow words to b
replaced by synonyms, modifier phrases to be droppedi er archy set H, corresponds to sentence-level
etc., without affecting meaning. nodes, represented by the verbs in the text. The inherent
We define below our notion of extended subsumptior§et of attributes i PHTYPE, MAINVERB, LEMMA }. To
computed given two representations, which is designed &apture the argument structure at this level, each verb in
exploit the hierarchical representation and capture mufi; and7" has a set of edge attribut¢sRrG;, PHTYPE},
tiple levels of abstractions and granularity of propertie¥VhereArRG; andPHTYPE; are the semantic role label and
represented at the sentence, phrase, and word-level. phrase type of each argumerdf the verb considered.
Nodes in a concept graph are grouped into different hi- For each verb i} andT’, check if they have the same
erarchical sets denoted By = {Hy, ..., H;} where a attribute set and argument structure at two abstraction
lower value ofj indicates higher hierarchical level (morelevels:

important nodes). This hierarchical representation is dq») The semantic role level (SRL attributes). egrc0

rived from the underlying concept graph and plays an imMyerh arc1 : [Contractors]/arc0 build [houses]ARG1 for
portant role in the definitions below. $100.000

We say thafS! entailsT if T can beunified intoS;. The )
significance of definitions below is that we define unifi-2) The syntactic parse level (parse tree labels). Some ar-
cation so that it takes into account both the hierarchic&uments of the verb might not be captured by the seman-
representation and multiple abstractions. t!c role labeler (SRL); we check their match at the syntac-
Let V(T), E(T), V(S!), and E(S!) be the sets of tic parse level. egnp verb NP PP: [Contractors])/NP build
nodes and edges ifi and S/, respectively. Given a [nouses]ip [for $100,000)/Pp.

hierarchical setH, a unificationis a 1-to-1 mappin At this level, if all nodes are matched (modulo func-
U = (Uy,Ug) whereUy : V(T) — V(S!), and tional subsumption), the cost(@s otherwise it is infinity.
Ug : E(T) — E(5]) satisfying: Hi erarchy set H; corresponds to phrase-level

1¥(z,y) € U : z andy are in the same hierarchical level.nodes and represents the semantic and syntactic argu-
. ments of theH, nodes (verbs). If the phase-level nodes

%’Zi(.avd(z gc)oerir%Ely: ':'Tgtr iszl;?zlar:zdg s;tirc:r? dr:;l;s\}vrt:ii hun"are recursive structures, all their constituent phrases ar
are the sinks aﬁd the s'ourcés a)'fand'f respectively H,y nqdes. For example, a complex noun phrase consists
' of various base-NPs. Base-NPs have edges to the words
(nl,ml) e Uy and(ng,mg) eUy. they contain.
3The verbs fanagé and “entet’ share the semantic argu- | he inference procedure recursively matches the corre-
ment “[the bombergA0". spondingH; nodes irll" andS; until it finds a pair whose



constituents do not match. In this situationPhrase- 4.2.2 Finding A Minimal Cost Solution

level SUbSUmptiOﬂlgorithm is applled The algorithm We seek the unification with a min-
is based on subsumption rules that are applied in a strighum (and, of course, finite) cost:
order (as a decision list) gnd each rule is assigned a conanjHj Y utemlewer; MG@ yulz,y),  where ); s
dence factor. The algorithm ensures tg nodes have the ‘constant and the cost of unification as we ex-
the samePHTYPE, but allows other attributes, e.QVE-  plained in the previous sections. The minimal subgraph
TYPE, to be optional. Each unmatched attribute results i’ of §’, that T is unified to is also the minimal re-

a uniform cost. representation of that incurs minimal unification cost.

H erarchy set Hs corresponds to word-level
nodes. The attributes used here af@/ORD, LEMMA,
Pos}. Unmatched attributes result in a uniform cost.
Figure 1 exemplifies the matching order betwe¥n Knowledge representation and reasoning techniques have
andT based on constraints imposed by the hierarchy. been studied in NLP for a long time (Schubert, 1986;
Moore, 1986; Hobbs et al.,, 1988). Most approaches
4.2 Inference as Optimization relied on First Order Logic representations with a gen-

the subsumption problem by formulating an equivalerféral prover and without using acquired rich knowledge
Integer Linear Programming (ILP) problém An ILP  Sources.
problem involves a set of integer variablgs} and aset  Significant developmentin NLP, specifically the ability
of linear equality or inequality constraints among themt© acquire knowledge and induce some level of abstract
Each variable); is associated with a cost, and the prob- representation could, in principle, support more sophisti
lem is to find an assignment to the variables that satisfi&ted and robust approaches. Nevertheless, most modern
the constraints and minimizés, c;v;. approaches developed so far are based on shallow rep-
To proveS C T, we first start with the grap§ (the resentations of the text that capture lexico-syntactia-rel
initial graph). Then we extenfl by adding the the right tions based on dependency structures and are mostly built
hand sides of applicable rules. This is repeated up tofEom grammatical functions in an extension to keyword-
fixed number of rounds and results in an expanded graf@se matching (Durme et al., 2003). Some systems make
S’. The formulation allows us to solve for the optimalUse of some semantic information, such as WordNet lex-
unification fromT’ to S/, that minimizes the overall cost. ical chains (Moldovan et al., 2003), to slightly enrich the
To formulate the problem this way, we need a set oféPresentation. Other have tried to learn various logic
variables that can represent different unifications flém "epresentations (Thompson et al., 1997). However, none
to 5, and constraints to ensure the validity of the solutioi?! these approaches makes global use of a large number
(ie, that the unification does not violate any nonnegotiabl@f résources as we do, or attempts to develop a flexible,
property). We explain this below. For readability, Wehierarchical representation and an inference algorithrm fo
sometimes express constraints in a logic form that can e 8 We present here.
easily transformed to linear constraints.

5 Previous Work

6 Experimental Evaluation and Discussion

4.2.1 Representing Unification We tested our approach on the PASCAL challenge data
We introduce Boolean variablegn, m) for each pair set®. As the system was designed to test for semantic
of nodesn € V(T') andm € V(Sy) in the same hierar- entailment, the PASCAL data set is ideally suited, being
chical level, and:(e, f) for each pair of edges€ E(T')  composed of 276 source - target sentence pairs, with a
andf € E(S;) in the same level. truth value indicating whether the source logically emstail
To ensure that the assignment to the matching varihe target. The set is split into various tasks: (Compa-
ables represents a valid unification fréfhand S}, we  rable Documents)g (Information Extraction)ir (Infor-
need two types of constraints. First, we ensure the unifimation Retrieval)MT (Machine Translation)pp (Prepo-
cation preserves the node and edge structure. For eagtional Paraphrase)A (Question Answering), andc
pair of edgese € E(T) and f € E(Sy), letn;, nj, (Reading Comprehension). The average sentence size
myg, andm; be the sources and the sinkscoénd f re-  varies from 11 (R task) to 25 (T task) words. Table 1
spectively. Thenu(e, f) = u(ni,mi) Au(n;,mi). Fi-  shows the system’s performance. As a baseline we use a
nally, to ensure that the unification is a 1-to-1 mappingexical-level matching based on bag-of-words representa-
from T'to 55, Vn; € V(T) 32, cs u(ni;m;) =1, and  tion with lemmatization and normalization (LLM).
Vm; € V(Sa) 32, cp u(ni,mj) < 1. Our system does particularly well (84.00% and 87.5%)
- on theQA andmT subtasks with a good corpus coverage

4Despite the fact that this optimization problem is NP haammercial packages have 5
very good performance on sparse problems such as this omegxMmP, ). http://www.pascal-network.org/Challenges/RTE/



Acc. Task S2-B: “[The Spanish leader]/A0 construct [a Spanish

CD [E [IR [ MI [PP [QA [RC : i : :
System | 65,9 | 74.0 | 500 | 62.0 | 87.5 | 63.8 | 84.0 | 52.9 city]/Al [on its ruins]/AM.LOC
(Y] 54.7 | 64.0 | 500 | 50.0 | 75.0 | 55.2 | 50.0 | 52.9

T2-A: “[The Spanish leader]/A0 destroy [Tenochtit-
Table 1: System’s performance obtained for each expefan]/Al”

ment on the Pascal corpora and its subtasks. T2-B: “[The Spanish leader]/A0 build [a Spanish
city]/Al [in its place]/AMLOC’

of about 30%, reducing overall error by 68% compared tg In this case, the lemmas of the key verbsin S and T will

.~ not match without a successful Functional Subsumption
the LLM system. On average, our system offers a signif- . . )
. . . call. In this case, WordNet contains synonymy relations
icant improvement over LLM, reducing overall error by

over 20% across all categories. It took about 50 minut for “destroy” and "raze”, and "build” and "construct’, so
9 ) SRe functional subsumption call will determine that the

to run the system on the corpus considered. verbs match, and the subsumption algorithm will deter-
The examples below show some of the strengths an’_ﬁ?

weaknesses of the system. They are intended to highligh ine that, at the verb level, S entails T.

the subsumption process at different levels of our hieragemantic Role Argument Type Subsumption
chical representation (and not intended to represent tbﬁ1
most complex sentences the system can handle). Th
show successes and failures at three main levels of t
representation: verb, Semantic Role argument types, ag
Semantic Role argument phrase-level subsumption.

e next level checked by the subsumption algorithm is
e SRL argument types. It requires that given a set of
rb frames in T that have matching verbs in S, that each

ument for a given verb frame in T has a corresponding
argument in a verb frame with a matching verb in S.
Verb-level Subsumption Errors in the automatic annotation by our Semantic
Role Labeller (SRL) sometimes result in errors at this
level of subsumption, which simply determines whether
S1: “The bombers had not managed to enter the buildthe correct types of arguments are present for each verb
ing.” frame. The next example highlights the case in which
T1: “The bombers entered the building. errors in the SRL annotation result in false negatives.

Our system identifies two verb frames in S: Example 3

S1-A: “[The bombers/AO [not/AMNEG manage [to S3: “The bombers managed to enter the embassy com-
enter the building)/Al pound:

S1-B: “[The bombers)/AO [not/AMNEG enter [the T3: “The bombers entere_d the_ (_ambassy compdund_.
building]/A1” As before, our system identifies two verb frames in S4

and one verb frame for T: and one in T4. However, it only identifies one argument
for “enter” in S4-B:

T1-A: “[The bombers]/A0 enter [the building]/AL. Aw )
The subsumption algorithm attempts to match Tl-A’s83 A:“[The bombers)/AO manage [the embassyJ/Al

“enter” with both S1-A's “manage” and S1-B’s “enter”; S3-B: “[The bombers]/A0 entet

there is no match between T1-As “enter” and S1-AST3-A: “[The bombers]/A0 enter [the embassy]’Al
“manage”; the match between T1-As “enter” and S1-B's  This results in a false negative, as the subsumption fails
“enter” fails because the system has identified a negati@jye to the lack of a candidate in S4-B to match A1l in
attached to the verb “enter” in S1-B, and finds none atr4-A. (Note also that the SRL does not find the correct
tached to its counterpart in T1-A. Thus the system colhoundary for Al in either sentence) With increasing sen-
rectly determines that S does not entail T at the verb |eVance |ength and number of verbs, the chance of such an
Example 2 error occurring becomes more and more significant.

This example highlights the importance of Functionakemantic Role Argument Phrase-Level Subsumption
Subsumption.

Example 1

_ _ _ The final step in the subsumption algorithm is to compare
S3: “The Spanish leader razed Tenochtitlan in 1521 anthe phrases in each argument identified in T in the previ-

constructed a Spanish city on its ruihs. ous step with its counterpart(s) in S. The next examples
T3: “The Spanish leader destroyed Tenochtitlan and builflustrate this.
a Spanish city in its place. Example 4

Our system identifies two verb frames in both S and TS4: “A car bomb that exploded outside a U.S. military

S2-A: “[The Spanish leader]/A0 raze [Tenochtitlan]/A1 base near Beiji killed 11 Iraqi citizeris.



T4: “A car bomb exploded outside a U.S. base in thAcknowledgments
northern town of Beiji killing 11 civilian$.
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ONRs TRECC and NCASSR programs.
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T4-B: “[A car bomb]/A1 kill [11 civilians])/AT
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S5: “Jennifer Hawkins is the 21-year-old beauty queen Grenoble, France.

from Australia’ B. Van Durme, Y. Huang, A. Kupsc, and E. Nyberg. 2003.
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