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Abstract

The abilit y to answ er complex questions p osed in Natu-

ral Language dep ends on (1) the depth of the a v ailable

seman tic represen tations and (2) the inferen tial mec ha-

nisms they supp ort. In this pap er w e describ e a QA ar-

c hitecture where questions are analyzed and candidate

answ ers generated b y 1) iden tifying predicate argumen t

structures and seman tic frames from the input and 2)

p erforming structured probabilistic inference using the

extracted relations in the con text of a domain and sce-

nario mo del. A no v el asp ect of our system is a scal-

able and expressiv e represen tation of actions and ev en ts

based on Co ordinated Probabilistic Relational Mo dels

(CPRM). In this pap er w e rep ort on the abilit y of the

implemen ted system to p erform sev eral forms of prob-

abilistic and temp oral inferences to extract answ ers to

complex questions. The results indicate enhanced accu-

racy o v er curren t state-of-the-art Q/A systems.

1 In tro duction

Curren t Question Answ ering (QA) systems extract

answ ers from large text collections b y (1) classify-

ing the answ er t yp e they exp ect; (2) using question

k eyw ords or patterns asso ciated with questions to

iden tify candidate answ er passages; and (3) ranking

the candidate answ ers to decide whic h passage con-

tains the exact answ er. F ew systems also justify the

answ er b y p erforming ab duction in �rst-order pred-

icate logic (Moldo v an et al., 2003). This paradigm

is limited b y the assumption that the answ er can

b e found b ecause it uses the question w ords. Al-

though this ma y happ en sometimes, this assump-

tion do es not co v er the common case where an in-

formativ e answ er is missed b ecause its iden ti�cation

requires more sophisticated pro cessing than named

en tit y recognition and the iden ti�cation of an answ er

t yp e. Therefore w e argue that access to ric h seman-

tic structures deriv ed from domain mo dels as w ell as

from questions and answ ers enables the retriev al of

more accurate answ ers as w ell as inference pro cesses

that explain the v alidit y and con textual co v erage of

answ ers.

W e consider sev eral stages of deep er seman tic pro-

cessing for answ ering complex questions. A �rst

step in this direction is the incorp oration of \se-

man tic parsers" that recognize predicate-argumen t

structures or seman tic frames when pro cessing b oth

questions and do cumen ts. A second step is the iden-

ti�cation of a topic mo del that con tributes to the

in terpretation of the question and generates a p os-

sible index in an o�-line battery of on tologies. The

third step consists of building a scalable and expres-

siv e mo del of actions and ev en ts whic h allo ws the

sophisticated reasoning imp osed b y QA within com-

plex scenarios. W e em b ed the three forms of seman-

tic represen tations and the inference they enable in

a no v el, 
exible QA arc hitecture that allo ws us to

ev aluate the impact of eac h new form of seman tic

information on the accuracy of answ ering complex

questions.

The remainder of this pap er is organized as fol-

lo ws. In Section 2 w e presen t the seman tic kno wl-

edge that w e extract from questions and answ ers

as w ell as our no v el QA arc hitecture. In Section

3 w e detail our mo del of ev en t structure. Section

4 presen ts the t yp es of inference that are asso ciated

with the ev en t structure. Section 5 details the results

of our initial ev aluations. Section 6 summarizes the

conclusions.

2 Seman tic Structures for QA

Pro cessing complex questions in v olv es the iden ti�ca-

tion of sev eral forms of complex seman tic structures.

First w e need to recognize the answ er t yp e that is

exp ected, whic h is a ric h seman tic structure, in the

case of a complex question, or a mere concept in

the case of a factual question. Second, w e need to

iden tify the question class or the question pattern.

Third, in the case of a complex question, whic h is

part of a scenario, w e need to mo del the topic of the

scenario.

A t least three forms of information are needed for

detecting the answ er t yp e: (1) question classes and

named en tit y classes; (2) syn tactic dep endency in-

formation; and (3) seman tic information taking the

form of (i) predicate-argumen t structures or seman-

tic frames and (ii) the represen tation of the question

topic. The follo wing question illustrated the signi�-

cance of eac h of the three forms of information:

Q1: \What stimulate d India's missile pr o gr am ?"

The question stem \what" is am biguous, as m ultiple

answ er t yp es could b e asso ciated with a question

pattern \What stimulate d X?" . T o �nd candidate

answ ers, the recognition of \India" and other related

named en tities, e.g. \Indian " , as w ell as the name

of the \Prithvi missile" or its related program is im-

p ortan t. T o b etter pro cess question Q1 , the syn tac-
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Figure 1: QA arc hitecture based on sev eral forms of seman tic structures.

tic dep endencies enable the recognition of predicate-

argumen t structures. The predicate-argumen t struc-

ture of Q1 is:

PREDICATE: Stimulate

ARG0 (role = agent) ANSWER (part 1)

ARG2 (role = instrument) : ANSWER (part 2)
ARG1 (role = thing increasing): India's missile progam

The predicate-argumen t structure w as built based

on the de�nitions of the PropBank pro ject (Kings-

bury et al., 2002). The structure indicates that the

answ er ma y ha v e the role of agent or ev en the role

of instrument . When additional information from

F rameNet (Bak er et al., 1998) is used, w e �nd that

the answ er ma y ha v e four other seman tic roles, de-

riv ed as frame elemen ts of t w o distinct frames:

FRAME: Stimulate

Frame element CIRCUMSTANCES:  ANSWER (part 1)
Frame Element EXPERIENCER: India's missile progam
Frame Element STIMULUS : ANSWER (part 2)

FRAME: Subject_stimulus

Frame element CIRCUMSTANCES:  ANSWER (part 3)
Frame element COMPARISON SET:  ANSWER (part 4)
Frame element EXPERIENCER:  India's missile program
Frame element PARAMETER:  nuclear proliferation

None of these seman tic roles are fully sp eci�ed.

T o in terpret the seman tic information constrained

b y the thematic roles, w e need to also ha v e access to

a topic mo del of the scenario in whic h the question

is b eing ask ed. F or example. for the question: Q2:

\How c an a biolo gic al we ap ons pr o gr am b e dete cte d

?" the topic mo del consists of (a) a set of t ypical

relations b et w een topic concepts; and (b) a set of

p ossible paths of actions. As it is illustrated in Fig-

ure 1, the iden ti�cation of (a) predicate-argumen t

structures and (b) seman tic frames con tributes to

the recognition of the exp ected answ er as w ell as to

the formation of the topic mo del.

Question Q2 is mapp ed in to its p attern and its

fo cus , whic h has the role of the topic of the ques-

tion. The do cumen t passages retriev ed for the sp e-

ci�c topic can b e used to extract the most relev an t

topic relations with the metho d detailed in Section 2.

The ev en t structure, detailed in Section 3 enables

the recognition of p ossible paths of action in the

format of c hains b et w een the ev en ts lexicalized in

the topic relations. The set of p ossible paths of ac-

tions generate di�eren t in terpretations of the ques-

tions fo cus, whic h facilitate the mapping of the orig-

Question PATTERN: How can X be detected?

Question FOCUS: X = biological weapons program

TOPIC MODEL

[stockpile -- weapons], [deliver -- missiles]

Topic relations: [develop -- program], [produce -- bilogical agents]

Possible paths of action

Predicate-argument structure

PREDICATE: = detect
Arg0 (detector) : Answer (1)
Arg1 (detected): biological weapons program
Arg2 (instrument) ; Answer (2)

2) development --> acquisition --> stockpiling --> delivery
1) development --> production --> stockpiling --> delivery

   1) program for producing biological weapons     
   2) program for acquiring biological weapons

FOCUS Interpretation

PREDICATE: = produce
Arg0 (producer) : Answer 
Arg1 (product): biological weapons

PREDICATE: = acquire
Arg0 (buyer) : Answer 
Arg1 (object): biological weapons

Figure 2: Question pro cessing based on topic mo dels.

inal predicate-argumen t structure in other predicate

structures in whic h the seman tic t yp e of the answ er

has less am biguit y . Figure 2 illustrates the mapping

of the predicate dete ct in the predicates pr o duc e and

ac quir e that can b e extracted in parallel. This map-

ping enabled b y the topic mo del corresp onds to the

decomp osition of the original complex questions in to

a set of less complex questions.

Because the mo del for ev en t structure has the ca-

pabilit y of (1) incorp orating domain kno wledge in

O WL-based represen tations

1

; and (2) p erforms sev-

eral forms on inference on this kno wledge, it can b e

used to extract candidate answ ers from the passages

retriev ed b y the topic relations. The QA arc hitec-

ture that tak es adv an tage of these seman tic struc-

tures and the inference they enable is illustrated

in Figure 1. The syn tactic parse is pro duced b y

the Collins parser (Collins, 1996), the Named En-

tit y Recognizer (NER) is an implemen tation of the

NER rep orted in (Bik el et al., 1999) whereas the

1

O WL is a markup language for the seman tic w eb

(h ttp://www.seman ticw eb.org) whic h allo ws for the sp eci�-

cation of on tologies and the seman tic markup of do cumen ts

in an xml format on the w eb



predicate-argumen t structures and the frame ele-

men ts are parsed with the tec hniques describ ed in

Section 2.1. All these four op erations are p erformed

b oth in the question pro cessing mo dule and in the

do cumen t pro cessing mo dule. The topic mo del, gen-

erated at question pro cessing, has three roles: (1) it

pro vides an index for the ev en t structures to �nd

on tological information; (2) it re�nes the de�nition

of the answ er t yp e; and (3) it impro v es the qualit y

of the retriev ed answ er passages b ecause it mak es

topic-relev an t relations a v ailable. The deriv ation

of the topic mo del is based on the predicate argu-

men t structures deriv ed from the question, whereas

the answ er t yp e and the ev en t structures rely on

the frame seman tics a v ailable from questions and

relev an t passages. Because PropBank has higher

lexical co v erage than F rameNet, whenev er the se-

man tic frames cannot b e recognized, the QA sys-

tem falls bac k on the predicate-argumen t structure

iden ti�ed in questions and do cumen ts. This bac k-o�

mec hanism enables (1) indexing and retrieving rel-

ev an t passages from do cumen t collections b y using

lexico-seman tic kno wledge; and (2) the recognition

of the ev en t structure referred b y questions and an-

sw ers. The Probabilistic Inference Net w orks (PINs)

describ ed in Section 5.2 select the answ er structures

and iden tify the answ ers to b e returned.

2.1 Predicate and F rame Structures

Prop osition Bank or PropBank is a one million

w ord corpus annotated with predicate-argumen t

structures, whic h w ere describ ed in (Kingsbury

et al., 2002). The corpus consists of the

P enn T reebank 2 W all Street Journal texts

( www.cis.up enn.e du/ � tr e eb ank ). F or ev ery giv en

predicate lexicalized b y a v erb, a set of argumen ts se-

quen tially n um b ered from Arg0 to Arg5 w ere anno-

tated. The general pro cedure w as to select for eac h

v erb the roles that seem to o ccur most frequen tly

and use these roles as mnemonics for the predi-

cate argumen ts. Generally , Arg0 w ould stand for

agent , Arg1 for dir e ct obje ct or theme whereas Arg2

represen ts indir e ct obje ct , b enefactive or instrument ,

but mnemonics tend to b e v erb sp eci�c. F or exam-

ple, the argumen t structure for the v erb-predicate

ste al has Arg0: agent , Arg1: theme , Arg2: sour c e , and

Arg3: b ene�ciary . Additionally , the argumen t ma y

include functional tags from T reebank, e.g. ArgM-

DIR indicates a directional, ArgM-LOC indicates a

lo cativ e, and ArgM-TMP stands for a temp oral.

The F rameNet pro ject annotates roles de�ned for

eac h seman tic frame. A frame is a sc hematic rep-

resen tation of situations in v olving v arious partici-

pan ts, props and other conceptual roles, all called

F rame Elemen ts (FEs). F or example the frame

THEFT describ es situations in whic h a Perpetra-

tor tak es Goods that b elong to the Victim . The

Means b y whic h this is accomplished ma y b e also

expressed. The British National Corpus is used for

annotations.

(Gildea and Jurafsky , 2002) and (Gildea and

P almer, 2002) rep ort on the same statistical metho d

that lab els argumen t roles from PropBank or FEs

from F rameNet on an y English sen tence that is syn-

tactically parsed. Their metho d consists of t w o clas-

si�cation tasks: (1) iden tifying the parse tree con-

stituen ts corresp onding to the predicate argumen ts

or the FEs; and (2) recognizing the role of the

argumen t or FE. They ha v e in tro duced sev en fea-

tures that (a) w ere used for training b oth classi�ers;

and (b) w ork ed b oth for PropBank and F rameNet.

In (Surdean u et al. , 2003) sev en additional fea-

tures w ere prop osed, that enhanced the p erformance

of the classi�ers. By using b oth sets of features

in our implemen tation using the SVM-ligh t soft-

w are a v ailable from http://svmlight.jo achims.or g , w e

automatically transformed the Question Q3 in to

the predicate-argumen t structure P AS(Q3) and the

F rame Structure FS(Q3) :

[Arg2: from the Russian navy]?

Q3: What kind of nuclear materials were stolen from the Russian navy ?

FS(Q3): What [GOODS: kind of nuclear materials] were 

PAS(Q3): What [Arg1: kind of nuclear materials] were [Predicate: stolen]

[target-Predicate: stolen] [VICTIM: from the Russian navy]?

The exp ected answ er, as predicted b y P AS(Q3)

is the Arg1 of the predicate 'ste al' , when the Arg2

has the head 'R ussian navy' . Additionally , the an-

sw er needs to b e in the same seman tic class as 'nu-

cle ar materials' . The FEs from FS(Q3) sho w that w e

should searc h for an FE with the role Goods when-

ev er w e �nd a target w ord of the frame STEAL. The

paragraphs con taining candidate answ ers are parsed

similarly . F or example, the correct answ er A(Q3) is

transformed in to the predicate-argumen t structure

P AS((A(Q3)) and the F rame Structure FS(A(Q3)) :

A(Q3): Russia's Pacific Fleet has also fallen prey to nuclear theft; in 1/96,
approximately 7 kg of HEU was reportedly stolen from a naval
base in Sovetskaya Gavan .

PAS(A(Q3)): [Arg1(P1) Russia's Pacific Fleet] has [ArgM-DIS(P1) also] 

[ArgM-TMP(P2): in 1/96], [Arg1(P2): approximately 7 kg of HEU]
[Predicate(P1): fallen] [Arg1(P1): prey to nuclear theft];

was [ArgM-ADV(P2) reportedly] [Predicate(P2): stolen]
[Arg2(P2): from a naval base] [Arg3(P2): in Sovetskaya Gavan]

FS(A(Q3)): [VICTIM: Russia's Pacific Fleet] has also fallen prey to
[GOODS: nuclear] [target-Predicate(P1): theft]; in 1/96,

[target-Predicate(P2): stolen] [VICTIM(P2): from a naval base]
[GOODS(P2): approximately 7 kg of HEU] was reportedly

[SOURCE(P2): in Sovetskaya Gavan]

In P AS(A(Q3)) w e iden tify t w o predicates, in-

dexed P1 and P2. P2 is lexicalized with the same

w ord-lemma as the predicate from Q3 , th us its

Arg1(P2): 'appr oximately 7 kg of HEU' pro vides the

exact answ er. It is to b e noted that its Arg2(P2)

is 'a naval b ase' whic h has a meron ym relation

with the previously men tioned NP 'R ussia's Paci�c

Fle et' , a meron ym of 'R ussian navy' . The same

meron ym y needs to b e resolv ed b et w een the FE Vic-

tim of stolen ' and the FE of Victim of theft in the

FS(A(Q3)) . In the second case the meron ym y is

iden ti�ed since the second frame iden ti�es an ev en t

whic h is an example of the ev en t iden ti�ed b y the

�rst frame.



2.2 T opic Mo dels

In question pro cessing t w o ob jects need to b e iden ti-

�ed: (1) the exp e cte d answer typ e and (2) the fo cus of

the question. F or example, in question Q2: How c an

a biolo gic al we ap ons pr o gr am b e dete cte d ?" , the ex-

p ected answ er t yp e is Manner (of detection) and the

fo cus is 'biolo gic al we ap ons pr o gr am' . When pro cess-

ing complex question the role of the fo cus b ecomes

more imp ortan t, since it guides the recognition of

the topic mo del asso ciated with the question, whic h

in turn enables the iden ti�cation of partial answ ers

and the relations b et w een them. T o iden tify the ex-

p ected answ er t yp e, w e can rely on the question stem

(e.g. \How" ) and its asso ciated seman tic classes or

w e can determine the answ er t yp e b y using a com bi-

nation of features asso ciated with the question stem

and one or more of the question w ords. F or exam-

ple, the question \How long do es it take to pr o duc e

we ap ons of mass destruction ?" has the answ er t yp e

Time Sp an determined b y the com bination of the

stem 'how' and the adv erb 'long' . This information

is m uc h more relev an t for iden tifying the exp ected

answ er t yp e than the fact that the predicate 'take'

has ArgM= 'how long' and Arg2= 'pr o duc e we ap ons

of mass destruction ' , whic h represen ts the fo cus of

the question.

Complex questions rely on topic mo dels for �nding

the answ er since it is unlik ely that in a text collec-

tion the exact answ er to a complex questions can b e

found, but it is more lik ely that partial answ ers can

b e detected, and then they ma y b e com bined for

generating the most informativ e answ er. W e used

an incremen tal topic represen tation that w as in tro-

duced in (Harabagiu, 2004). Information ab out a

topic is mo deled through t w o incremen tal enhance-

men ts of the topic signatures in tro duced in (Lin and

Ho vy , 2000). The �rst enhancemen t determines a

set of seed relations. The metho dology considers:

(1) �ltering out outliers of the terms iden ti�ed as

relev an t with the statistical metho d based on lik eli-

ho o d ratio rep orted in (Lin and Ho vy , 2000)

(2) morpholo gic al exp ansion of the nouns and v erbs

from the topic signature;

(3) semantic normalization through the NER and an

o�-line on tology of 22,000 w ords; and

(4) sele ction of the topic se e ds with the same lik e-

liho o d ratio metho d applied for acquiring the topic

concepts. The seeds are the most relev an t [ V erb-

Noun ] pairs whic h ha v e a predicate-argumen t rela-

tionship.

F or question Q3 w ords lik e 'say' , 'have' or 'identify'

w ere �ltered out, living w ords lik e 'we ap ons' , 'sarin '

and 'pr o duc e' as the most relev an t topic concepts.

The morphological expansion added w ords lik e 'pr o-

duction ' whereas the seman tic normalization uni�ed

'R ussian ' and 'Ir aqi' in to Na tionality and ' b omb'

or 'building' in to Ar tif a ct .

The seed relations that w as selected for ques-

tion Q3 is [ develop - pr o gr am ]. The relation is fur-

ther used to pro duce a corpus of paragraphs re-

lated to the corpus, from whic h new topic relations

can b e extracted. Tw o t yp es of relations are tar-

geted: (1) syn tax-based relations (e.g. V erb - Sub-

je ct , V erb - Obje ct and V erb - Pr ep ositional A ttach-

ment ) and (2) salience-based relations, whic h mo del

long-dep endency relations to a seed concept. The

relations are rank ed based on a metho dology in tro-

duced in (Rilo�, 1996) eac h relation is rank ed based

on its R elevanc e-R ate and its F r e quency . The F r e-

quency of an extracted relation coun ts the n um b er of

times the relation is iden ti�ed in the relev an t para-

graphs. The R elevanc e-R ate = F r e quency / Count ,

where Count measures the n um b er of times an ex-

tracted relation is recognized in an y paragraph con-

sidered.

This ranking allo ws us to select a new topic rela-

tion, and to resume the topic mo deling pro cedure,

this time on a new corpus generated b y the most

recen tly disco v ered relation. W e stop the disco v ery

pro cess when w e ha v e iden ti�ed 20 topic relations.

Some of the topic relations disco v ered for question

Q2 are illustrated in Figure 2.

The second enhancemen t of topic represen tations

rep orted in (Harabagiu, 2004) considers the notion

of topic theme that asso ciates clusters of topic rela-

tion with text segmen ts. The segmen tation is pro-

duced b y the TextTiling algorithm (Hearst, 1997).

The nominalization of the v erb corresp onding to the

most relev an t topic relation in a segmen t is consid-

ered to b e link ed to the nominalization from the fol-

lo wing topic-relev an t segmen t. Suc h segmen ts are

called themes and the c hains of nominalizations rep-

resen t p ossible paths of actions. Tw o suc h paths are

represen ted in Figure 2

3 F rom Seman tic Extraction to

Inference for QA

Seman tic extraction allo ws us to iden tify predica-

tions in the input text. F or pro cessing complex

questions w e further iden tify the question class or

the question pattern as w ell as relev an t parts of the

scenario whic h w e refer to as the topic mo del. A

signi�can t gap remains b et w een a) the unstructured

and in tuitiv ely c hosen tag sets used in F rameNet or

PropBank and the relation names and clusters in

the topic mo del and b) a formal c haracterization of

the in terrelated ev en ts, actions, states and relations

holding among them. The explicit represen tation of

suc h frame seman tic and ev en t structure information

is needed for for the p oten tial use of suc h resources

for question answ ering.

In previous w ork (Chang et al. , 2002), w e bridged

the gap b y de�ning a formalism that unpac ks the

shorthand of frames in to structured ev en t represen-

tations. This allo ws annotated F rameNet data to

parameterize ev en t sim ulations (Nara y anan, 1999)

that pro duce �ne-grained, con text-sensitiv e infer-

ences. W e ha v e extended this w ork to further incor-

p orate the topic mo del and theme describ ed earlier.

Curren tly , the list of extracted predicate-argumen t



structures, the topic mo del and the answ er t yp e

predicate are used to index in to a set of parame-

terized ev en t represen tations instan tiated to sp eci�c

v alues based on the extracted predicate-argumen t

bindings (see Figure 3). The answ er t yp e predicate

translates to a sp eci�c inference pro cedure.

Figure 3 (middle) sho ws the represen tation of ex-

tracted predicate-argumen t bindings in our param-

eterized ev en t formalism, Em b o died Construction

Grammar (ECG)(Bergen and Chang, in press), that

maps annotations to ev en t sim ulations. ECG is a

constrain t-based formalism similar in man y resp ects

to other uni�cation based linguistic formalisms suc h

as HPSG or LF G (features, roles, constrain ts, simple

and complex slots, sub casing, and a self reference).

ECG di�ers from other linguisticall y motiv ated pro-

p osals in 1) the use of an evokes relation that mo d-

els the priming of a bac kground sc hema (role inher-

itance is lazy and explicitly sp eci�ed) and 2) the

complex net w ork of conceptual sc hemas in ECG are

designed to map utterances to men tal simulations

in con text to pro duce a ric h set of inferences. It is

th us ideally suited for our curren t goal of translat-

ing frames to conceptual represen tations. Figure 3

(middle left) sho ws the theft sc hema instan tiated

to the bindings extracted from the answ er passage.

Figure 3 (middle righ t) sho ws the sc hema instance

enhanced with inferen tially deriv ed additional bind-

ings.

SCHEMA INSTANCE:  FN:THEFT SCHEMA INSTANCE:  FN:THEFT

CRIME_SCENARIO

FN:THEFT  CPRM SELL(PERP, GOODS)

own(PERP, GOODS)

own(VICTIM, GOODS)

at(SOURCE, GOODS)

at(SOURCE, PERP)

Crime

ENABLE

EVOKE

VICTIM: "Russian Navy, Pacific Fleet,Naval Base"

COMMITTING CRIME

Roles
Evokes: FN:Crime_Scenario as FNC
Subcase_of: FN:Take
Subcase_of: FN:Committing_Crime

Roles
Evokes: FN:Crime_Scenario as FNC
Subcase_of: FN:Take
Subcase_of: FN:Committing_Crime

THEFT(?MEANS)

OWN(?PERPETRATOR, "approx. 7KG HEU")
MEANS: ?m
SOURCE: "in Sovetskaya Gavan"
GOODS: "approx. 7 KG of HEU"
VICTIM: "Russian Navy, Pacific Fleet,Naval Base"
PERPETRATOR: ?x:AGENT

SOURCE: "in Sovetskaya Gavan"
GOODS: "approx. 7 KG of HEU"

A(Q3): Russia's Pacific Fleet has also fallen prey to nuclear theft; in 1/96,
approximately 7 kg of HEU was reportedly stolen from a naval
base in Sovetskaya Gavan .

[GOODS(P2): approximately 7 kg of HEU] was reportedly

FS(A(Q3)): [VICTIM: Russia's Pacific Fleet] has also fallen prey to

[target-Predicate(P2): stolen] [VICTIM(P2): from a naval base]
[SOURCE(P2): in Sovetskaya Gavan]

[GOODS: nuclear] [target-Predicate(P1): theft]; in 1/96,

Figure 3: F rom Seman tic Extraction to Inference

Figure 3 (b ottom) sho ws a fragmen t of the ev en t

sim ulation for the theft frame (all the informa-

tion in this sim ulation is generated from informa-

tion in the F rameNet database).

2

Preconditions

2

In general, as w e argued in (Chang et al. , 2002), there is a

considerable gap b et w een F rameNet represen tations and com-

putational mo dels capable of inference. Our curren t e�orts

in v olv e mainly man ual translations from F rameNet frames to

ECG represen tations. As F rameNet matures and the v arious

F rame and FE relations gro w and b ecome systematized, w e

ma y b e able to automate the pro cess of going from Ev en t

and w orld states that obtain b efore the ev en t in-

clude a) victim o wns the goods , b) the perpe-

tra tor is at the sour ce and c) the goods are at

the sour ce . The theft ev en t can b e a simple tran-

sition or can zo om-in to a complex ev en t with phases

(suc h as start , ongoing , �nish , interrupt , c anc el , r e-

sume , stop ). Complex ev en ts can include monitoring

and detection conditions as w ell as resource pro duc-

tion, consumption and lo c king. The c ompletion of

theft results in a) the perpetra tor o wning the

goods and b) the ev o cation of the crime scenario

sc hema, whic h gets sim ulated if other conditions ob-

tain (suc h as a uthorities notice the crime ). The

e�ect of one action ma y probabilisticall y enable, dis-

able, in terrupt, or terminate other p ossible ev en ts

(suc h as o wn pro vides evidence for the future sell

ev en t). The result of running the inference pro cess

for this example results in 1) iden ti�cation of rele-

v an t un b ound roles ( perpetra tor and means ) and

2) highly probable new assertions and bindings (the

p erp etrator o wns the go o ds after the theft). 1) sug-

gests new scenario-based query expansion strategies

and is a result of up dating the state v ariables after

the new evidence (extracted predicate-argumen ts) is

asserted as this pro cess is called �ltering . 2) is

the resultan t state after executing the action and

is computed b y a) executing the action and iden ti-

fying reac hable states and b) up dating the state

after the action to �nd the Maxim um A P oste-

riori (MAP) probabilities. These pro cedures are

amongst the imp ortan t inference metho ds for struc-

tured sto c hastic pro cesses and are directly supp orted

b y our implemen tation.

T ec hnically , the ev en t structure implemen tation

uses a factorized mo del of states based on T emp o-

rally Extended (ak a Dynamic) Probabilistic Rela-

tional Mo dels (Murph y , 2002; Pfe�er, 2000; Geto or

et al. , 2001) that enable a v ariet y of inferences that

up date and revise the state v ariables (forw ard and

bac kw ard in time). Cen tral to the represen tation

of actions and ev en ts is an ev en t mo del called ex-

ecuting sc hemas (or x-sc hemas ), motiv ated b y

researc h in b oth sensorimotor con trol and cognitiv e

seman tics (Nara y anan, 1997). X-sc hemas are ac-

tiv e structures based on Sto c hastic P etri Nets (Cia-

rdo et al. , 1994) that cleanly capture sequen tialit y ,

concurrency and ev en t-based async hronous con trol

3

.

Our implemen tation in tegrates the PRM based state

mo del with the x-sc hema based action mo del and is

called Co ordinated Probabilistic Relational Mo dels

or CPRM. Our CPRM implemen tation, KarmaSIM,

is link ed to existing linguistic resources (F rameNet

and W ordNet) and to on tologies on the seman tic

F rames in F rameNet to ev en t sim ulations. But that issue re-

mains op en.

3

X-sc hemas ha v e b een sho wn to pro vide a cognitiv ely

motiv ated basis for mo deling div erse ev en t-structure re-

lated linguistic phenomena, including asp ectual inference

(Chang et al. , 2002), metaphoric inference (Nara y anan,

1997) and ev en t-based reasoning in narrativ e understanding

(Nara y anan, 1999).



w eb. T o address the v exing issue of domain sp e-

ci�c Kno wledge Acquisition (KA), in past w ork w e

ha v e constructed automatic translators from O WL-

based ev en t and pro cess on tologies (suc h as O WL-

S) to the CPRM mo deling framew ork, KarmaSIM

(Nara y anan and McIlraith, 2003). W ordNet, Op en-

CYC, and SUMO are also a v ailable in O WL. F or

the exp erimen ts rep orted here, w e used the O WL-

based T ekno wledge WMD on tology

4

to instan tiate

the general frames obtained from F rameNet

5

. The

CPRM mo del p opulated with domain kno wledge to

functions as a QA system comp onen t for answ er ex-

traction (see Figure 2).

W e ha v e dev elop ed a proto col that allo ws us to

tak e predicates and frames extracted from the input

text and p erform a v ariet y of causal and ev en t struc-

ture related inferences for QA. Curren tly , the main

API b et w een the seman tic extraction and inference

comp onen ts mak es use of 1) extracted predicate-

argumen t structures, 2) extracted topic mo dels and

3) a set of extracted answ ert yp e predicates . The

topic mo dels pro vide an index in to the CPRM mo del

database (compiled from existing F rameNet and Se-

man tic W eb (O WL-based) databases). CPRM Mo d-

els matc hing the topic mo del are retriev ed and in-

stan tiated b y the predicate argumen t bindings sp ec-

i�ed b y the seman tic parse output. The answ ert yp e

predicates are mapp ed to sp eci�c structured proba-

bilistic inference pro cedures a�orded b y the CPRM

mo dels. The next section outlines the curren tly im-

plemen ted CPRM inference algorithms and their use

for question and answ er pro cessing.

4 Inference With CPRMs for QA

Inference in structured probabilistic mo dels of dy-

namic systems (as in the CPRM mo del) consists of

the follo wing kinds of computations. Here X

t

is a

state v ariable at time t (lo w ercase x

t

is a v alue as-

signmen t), and y

t

is an observ ation v alue at time t .

Filtering :Compute P ( X

t

j y

i:::t

). State up date based

on the observ ation sequence.

Prediction : Compute P ( X

t + h

j y

1 ::: t

). Predict the

state at some future time t + h based on the obser-

v ation sequence up to time t .

Smo othing : Compute P ( X

t � m

j y

1 ::: t

). Recompute

previously estimated states in the presen t of curren t

evidence.

MAP : Compute ar g max

x

1 ::: t

( P ( x

1 :::t

j y

1 ::: t

). Com-

pute the b est assignmen t of state v alues giv en the

observ ation sequence.

Reac habilit y :Giv en a CPRM S with an initial state

X

t

and a �nal state X

f

, is X

f

2 R ( S ; X

t

)?

W e compiled a list of complex, seman tically ric h,

4

h ttp://www.relian t.tekno wledge.com/D AML/WMD.o wl

5

The compilation pro cess is not completely automated,

since none of the o wl on tologies w ere ric h enough to co v er

our ev en t structure mo del. F or the exp erimen t, w e restricted

an y information added to the O WL-based on tologies to the

class do cumen tation strings pro vided in the on tology . W e are

curren tly trying to use seman tic extraction to automatically

generate this information from the do cumen tation.

high frequency answ er t yp es for questions in the

A QUAINT CNS data.

6

The top four categories w ere

to 1) Supp ort/Justi�cation for a prop osition, 2) the

abilit y of an agen t to p erform a sp eci�c act, 3) tem-

p oral pro jection or predictions from a state, and 4)

h yp othetical situations (including coun terfactuals).

In our mo del, these map straigh tforw ardly in to the

running of v arious inference pro cedures (including

their sequen tial application) describ ed in Section 3.

F or coun terfactuals, w e use the idea of mo del in ter-

v en tion (prop osed b y (P earl, 2000)). The exact de-

tails of the algorithm for coun terfactuals is outside

the scop e of this pap er. T able 4 summarizes the

v arious query t yp es and the corresp onding inference

algorithms. W e don't kno w of an y previously im-

plemen ted QA system (going from text to inference)

capable of handling these kinds of questions.

Answ er T yp e Inference T yp e

Just(Prop osition) MAP

Abilit y(Agt,Act) F;S

Prediction(State) P;R;MAP

Hyp othetical(I,State) F; R

I

T able 1: The t yp e of answ er required and the inference

algorithm used in the CPRM mo del. Here MAP stands

for Maxim um A P osteriori estimation, F for �ltering, S

for smo othing, R for reac habilit y , and P for predictiv e

inference. , indicates sequen tial application. The sym b ol

I represen ts a sp eci�c in terv en tion in to the CPRM net-

w ork (P earl 2000) as sp eci�ed b y the h yp othetical con-

dition. Computing reac habilit y after the in terv en tion is

giv en b y R

I

.

5 Ev aluating Seman tically based QA

The previous sections describ ed tec hniques to incor-

p orate seman tic comp onen ts at increasing lev els of

depth and complexit y . W e no w rep ort on exp eri-

men ts conducted to ev aluate the utilit y of these dif-

fering W e rep ort on results p ertaining to the impact

of (1) the iden ti�cation of seman tic structures and

(2) inference through CPRMs on a baseline state-of-

the-art Q/A system that emerged after �v e y ears of

TREC ev aluations.

5.1 Ev aluating seman tic information

T o ev aluate our no v el QA arc hitecture w e ha v e used

a set of 400 questions p ertaining to four di�eren t

topics: (T1) UN insp e ctions ; (T2) Thefts in R ussia's

nucle ar navy , (T3) Status of India's Prithvi b al listic

missile pr oje ct and (T4) China's p articip ation in non-

pr olifer ation r e gimes . F or eac h topic w e ha v e created

a gold standard consisting of (1) 100 questions; (2)

one or sev eral text spans considered correct answ ers

b y t w o indep enden t judges; (3) the syn tactic parse

pro duced b y the Collins parser (Collins, 1996) whic h

w as man ually corrected; (4) the predicate argumen t

structures of the questions and its corresp onding

6

A QUAINT is an ARD A sp onsored QA program. The

Cen ter for Non-Proliferation (CNS) data is a data source re-

leased to the A QUAINT pro ject.



Corpus P(Arg) R(Arg) F

1

(Arg)

PropBank 85.4 85.6 85.5

AnswerBank 89.4 89.5 89.4

Corpus P(Role) R(Role) F

1

(Role)

PropBank 88.5 92.7 90.5

AnswerBank 86.8 95 90.7

T able 2: Iden ti�cation of predicate-argumen t struc-

tures.

Corpus P(FE) R(FE) F

1

(FE)

FrameNet 75.2 77 76.08

AnswerBank 73.5 74 73.74

Corpus P(Role) R(Role) F

1

(Role)

FrameNet 91.57 89.13 90.33

AnswerBank 90.2 88.5 89.34

T able 3: Iden ti�cation of frame structures.

answ er, pro duced automatically and then corrected

man ually; (5) the seman tic frames whenev er they

could b e iden ti�ed. The answ ers w ere extracted

from the A QUAINT CNS corpus. The gold standard

w as used for ev aluating the precision (P(Arg)) and

recall (R(Arg)) of iden tifying the correct b oundaries

of predicate argumen ts. W e ha v e also computed and

F

1

-score as F

1

(Arg)=

2 P ( Ar g ) � R ( Ar g )

P ( Ar g )+ R ( Ar g )

. T able 2 lists

the results. The T able also lists the precision of clas-

sifying the argumen ts (P(Role)), the recall for argu-

men t classi�cation (R(Role)) and the corresp onding

F

1

-score. The results are presen ted for t w o corp ora:

the PropBank section 23; and Answ erBank, whic h

represen ts our gold standard. T able 3 presen ts sim-

ilar results for recognizing the b oundaries of frame

elemen ts (FEs) from F rameNet and for classifying

their seman tic roles.

5.2 Ev aluating the CPRM mo del for QA

W e exp erimen ted with the QA system on the

A QUAINT CNS data. Since there are no imple-

men ted QA systems that p erform the kinds of com-

plex inferences describ ed ab o v e, our ev aluation with

resp ect to the curren t state-of-the-art baseline re-

lates to the enhanced set of questions and answ er

t yp es our system can handle. W e w an ted to calibrate

to exten t and t yp e of inferences needed for di�eren t

questions in the CNS scenario data as w ell as the ex-

ten t to whic h suc h inferences require man ual domain

mo del building. T o this end, w e created a set of 400

hand-annotated question answ er passages for the

gold standard. W e measured the p erformance of our

system with along the follo wing dimensions. 1) Ho w

w ell did the automatically constructed CPRM do-

main mo dels (from the O WL on tologies) fare when

compared to the man ually constructed (from gold-

standard CNS data) CPRM mo del? 2) Ho w capa-

ble w as our CPRM ev en t mo del in p erforming a set

of complex ev en t-structure based inferences required

for QA?

T o test (1), w e man ually compiled CPRM domain

mo dels based on our core theory of ev en ts and on

the gold standard annotations (w e used a 60-20-

20 build-v alidate-test dataset). W e compared this

to the semi-automatical l y generated from the O WL

databases of WMD pro cesses. F or our �rst exp er-

imen t, w e lo ok ed at ho w man y of the complex, se-

man tically ric h inference t yp es could b e made b y

our system for the t w o mo dels. Figure 4 sho ws the

Percent correct by inference type

Justification, 72

Ability, 69

 Hypothetical, 51

Ability, 83

 Hypothetical, 73

OWL-based Domain
Model

Prediction, 63

Justification, 87
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Figure 4: P erformance of the CNS-based (gold stan-

dard) and O WL-deriv ed CPRM mo dels based on infer-

ence t yp e

p erformance of the t w o systems on the CNS gold-

standard annotations (the results are for the test

data of 80 questions). Note that b oth the man ually

built and the O WL-based mo dels p erform reason-

ably w ell for the di�eren t inference t yp es w e lo ok ed

at. This is somewhat encouraging giv en that this is

the �rst inference based QA system (that w e are

a w are of ) that go es from textual input to infer-

ence. The main shortcoming of the O WL-deriv ed

mo dels w as that they lac k ed detailed sp eci�cations

of the pro cesses, their resource requiremen ts, and

a detailed list of agen t abilities, preconditions, ef-

fects and main tenance conditions. W e are seeking to

o v ercome this de�ciency through a v ariet y of auto-

matic tec hniques, seman tic w eb resources, and Sub-

ject Matter Exp ert (SME) input using the CPRM

GUI to b o otstrap and enhance the acquisition of

domain sp eci�c kno wledge. Ho w ev er, results from

these e�orts remains future w ork.

T o test (2), w e lo ok ed at the p ercen tage of in-

ferences b y di�eren t t yp es of ev en t-structure infer-

ences that had to b e made to generate the answ er

for the questions in the 400 gold standard anno-

tations. The categories w e lo ok ed at w ere asp ec-

tual inferences (Phases of ev en ts, viewp oin ts (zo om-

in, zo om-out)), action and pro cess-feature infer-

ences (Preconditions, E�ect, Resources (pro duced,

consumed, lo c k ed)), metaphoric inferences (w e only

lo ok ed at Ev en t Structure Metaphors (Lak o� 1999).

W e coun ted the n um b er of inferences made b y the

h uman and b y the mo del (the CNS-based man ually



built mo del) for eac h category in the annotated data.

W e lo ok ed at the precision (n um b er of correct infer-

ences) and recall (n um b er of total made) .

7

Comp onen t Num b er M

1 f

M

2 f

Asp ectual 375 .74 .65

Action-feature 459 .62 .45

Metaphor 149 .70 .62

T able 4: Inferences brok en b y Ev en t Structure comp o-

nen t. M

1 f

refers to the f-score of the man ually con-

structed CNS gold-standard mo del, M

2 f

to the mo del

deriv ed from O WL.

T able 4 sho ws our initial results. Note that all

three of the categories of inferences are fairly com-

mon in the data, and our initial results are quite en-

couraging. The more domain general inference t yp es

regarding the asp ectual and metaphoric inferences

ab out ev en ts seem to fair reasonably w ell (recall that

all these inferences are imp ossible in the state-of-

the-art baseline QA system). The lo w er score the

action-feature inference seems to tied to the lac k of

domain kno wledge in our mo del regarding domain

sp eci�c pro cess details (suc h as the sp eci�c resources

for the pro duction (or disp ersal) of WMD). W e ex-

p ect this n um b er to increase considerably with more

domain sp eci�c kno wledge using the tec hniques de-

scrib ed earlier. W e are also conducting a detailed

study of other imp ortan t categories of ev en t related

causal inferences.

5.3 Ev aluating the Answ ers

The fo cus of our exp erimen ts w as to measure the im-

pact of (1) the iden ti�cation of seman tic structures

and (2) inference through CPRMs on state-of-the-

art Q/A tec hniques that emerged after �v e y ears of

TREC ev aluations. As rep orted in (Moldo v an et al.,

2002), most of the errors of Q/A systems are de-

termined b y (a) the incorrect iden ti�cation of the

exp ected answ er t yp e and (b) the inabilit y to ex-

pand question k eyw ords with the ideal w ords that

enhance the retriev al of the candidate answ ers.

T able 5 lists the results obtained for the iden ti�ca-

tion of correct answ er t yp es. The answ er hierarc h y

(AH) comprising more than 8000 W ordNet concepts

7

W e computed an f-score based on (

2 P R

P + R

) for b oth the

CNS gold-standard based CPRM mo del and for the O WL

deriv ed mo del.

AH P AS FS TM

49 (12%) 130 (32%) 78 (19%) 42(10%)

P AS+TM FS+TM ES+TM ES+Inf

141(35%) 94(23.5%) 203(50%) 294(73.5%)

T able 5: Num b er of correct answ er t yp es iden ti�ed b y

seman tic information originating in: the Answ er Hierar-

c h y (AH), the predicate-argumen t structure (P AS); the

topic mo del (TM); the ev en t structure (ES) and the

CPRM inference (Inf ) for a set of 400 complex questions.

and mapping in to 15 name classes w as the source of

only 12% of the correctly recognized answ er t yp es,

in con trast with the more than 70% that is cor-

rectly iden ti�ed for factoid questions when pro cess-

ing TREC-lik e data. T o ev aluate the con tribution

of predicate-argumen t structures (P AS), w e consid-

ered that the answ er t yp e can b e de�ned not only

as a seman tic class, but also as an argumen t of a

sp eci�c predicate. Whenev er the answ er w ould b e

recognized as the same argumen t of the same predi-

cate or of a directly related predicate

8

w e considered

that the answ er t yp e is recognized correctly . Simi-

larly , when the frame structures could b e iden ti�ed

in the question and the answ er, the answ er t yp e can

b e indicated b y the frame elemen t (FE), and its cor-

rect iden ti�cation accoun ts for our resolution of a

correctly predicted answ er t yp e. The topic mo dels

(TMs) con tribute to the recognition of the answ er

t yp e if an y of the relations they induce p ertains to

the exp ected answ er, whic h ma y b e either the re-

lation itself, a more complicated structure that in-

cludes an y of the topic relations or an y concept that

tak es part in an y topic relation but w as not acces-

sible directly from the question w ords. The ev en t

structure (ES) w as considered a v alid source for �nd-

ing the answ er t yp e if an y of the sc hemas that w ere

instan tiated con tained at least a seman tic class or re-

lation that corresp onds ev en partially to the answ er

structure, whereas the com bination b et w een ES and

the inference pro cedures (Inf ) determines the answ er

t yp e either b y considering only the seman tic infor-

mation a v ailable from the ES or b y adding to it the

answ er t yp es determined b y inference. The results

listed in T able 5 sho w that the sc hema instan tia-

tions, through their v ery general seman tic co v erage

accoun t for most of the answ er t yp es whic h are rec-

ognized, whereas the addition of answ er t yp es deter-

mined b y inference accoun ts for almost 73.5% of the

correct answ er t yp es of the ev aluated complex ques-

tions. When pro cessing the test questions only with

the AH, 8% of the answ ers w ere correct. In con-

trast, when all the other seman tic structures w ere

a v ailable and probabilistic inference could b e p er-

formed, 52% of the extracted answ ers w ere correct.

In future w ork w e plan to in v estigate w a ys in whic h

the seman tic structures presen ted in this pap er could

impro v e the qualit y of paragraph retriev al and k ey-

w ord selection.

6 Issues and Discussion

The last few y ears ha v e witnessed a go o d deal of ac-

tivit y on predicate extraction (ak a seman tic parsing

(Gildea and Jurafsky , 2002; Kingsbury et al., 2002)).

Un til no w it has b een unclear if and ho w predicate

extraction migh t help in the p erformance of an ac-

tual NLP task. Often the in tuitiv e justi�cation of-

8

Directly related predicates are those that (a) b elong to

the same v erb hierarc h y in W ordNet or (b) are argumen ts

of the target predicate (either b ecause they are in�nitiv es or

b ecause they b elong to a relativ e clause).



fered w as that predicate extraction w as an in terme-

diate step to w ard seman tic inference (Gildea and Ju-

rafsky , 2002). As far as w e kno w the results rep orted

in this pap er constitute the �rst demonstration that

sophisticated textual analysis including predicate-

argumen t extraction can b e com bined with deep se-

man tic represen tation and inference mo dels to en-

hance a state-of-the-art QA system to answ er new

question t yp es that p ertain to causal and temp o-

ral asp ects of complex ev en ts. Imp ortan tly , w e b e-

liev e our w ork demonstrates a 
exible arc hitecture

and metho dology that harnesses the increasingly

widespread a v ailabilit y of seman tically motiv ated re-

sources (suc h as W ordNet, F rameNet, and the Se-

man tic W eb). Our curren t e�orts are directed at

more e�ectiv e kno wledge acquisition and at expand-

ing the co v erage of system b oth in terms of the do-

main mo dels and question and answ er t yp es sup-

p orted. W e b eliev e that our 
exible arc hitecture

and CPRM based computational mo del for com bin-

ing predicate and frame parsing with deep inference

could p oin t the w a y for building the next generation

of seman tically ric h QA systems.
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