C. Project Summary

Computer systems that could understand natural language would endrinimagien the range of possible computer
users and applications. Although there have been some successful speoitiratiianguage understanding (NLU)
systems, these have all been limited in scope, brittle, and very expeéndiuéd and maintain. The advances of the
last decade in statistical language processing have been very useful fotagksebut can not on their own yield

understanding. NLU requires extensive semantic knowledge and soatad inference methods.

In previous NSF work, we have constructed a pilot system capabledefrstanding news stories in the domains
of politics and international economics. The stories were taken frompagwes articles in these domains. When
presented with a pre-parsed version of these narratives, the system was gbteerate commonsense inferences
consistent with the input. The pilot system used a novel model ofrectimd events that combines an executable
action representation with belief propagation and metaphor mappings (Nareg889b; Narayanan 1999a). The
representation integrated an extended Stochastic Petri Net (@ibatld 994) representation (x-schemas) designed to
model distributed dynamic systems with complex coordination, ceanay and resource constraints with Temporal
Bayes Networks (TBN) (Murphy 2002) for inference.

The news understanding pilot and subsequent extensions (€éhah@002) exhibited an architecture capable of
capturing many of the rich linguistic and conceptual subtleties neededdbNLU. There are obviously significant
scientific and engineering challenges involved in extending the architdotlameye scale tasks.

One of these challenges, extending the inference module, is the maindfatiescurrent proposal. A formalism
integrating x-schemas for action and TBN for inference appears to be an aénaetihodology for the construction
and analysis of intelligent systems. For large scale systems, we will toegtilize more modular and structured
probabilistic networks, usually called Probabilistic Relational lecdr PRM (Pfeffer 2000; Pfeffer & Koller 2000;
Getooret al.2001). Our current efforts at the computational level are directed toveardmplete integration of PRM
and x-schemas, which we call Coordinated Probabilistic Relational Mod€IBRM. These can be seen as extending
an ongoing community effort to add more sophisticated temporal andot@atpabilities to probabilistic inference
models (Pearl 1988; Boyen & Koller 1998; Anderseiral. 2002; Jordan 1999; Lernet al.2002).

A PRM is a qualitative dependency structure and a set of parameters quntiie conditional dependency
relations. These are much more scalable than flat TBN because the dependeeloyuaatifying the various domain
relations is given at the frame level. CPRM add the control flexibdityPetri nets extend the formalism to cover a
wide range of action models. A central research question is how to produdersffiealizations of CPRM and our
initial ideas on this are part of the current proposal. In addition ¥eldging the theory of CPRM, we will implement
and make generally available, a software package that efficiently implemerietrg.

This is part of a larger effort on scalable NLU and we will also work oagméating the CPRM inference engine with
the other two critical components: a parser and interfaces to large exteavakkiye sources. This integration effort
articulates with other past NSF work on the FrameNet linguistic knaydeutoject and on Embodied Construction
Grammar.

We propose to develop the theory of CPRM, implement a generally aleapalckage that efficiently realizes the
theory, and demonstrate its inferential capabilities on a scalable veffdiom @xisting pilot understanding system. As
parallel efforts to build semantic analyzers and on wide-coverage ontolagieknowledge compendia mature, we
will be ready to exploit these resources for large-scale applications th Nhe combination of these advances, along
with those from other labs, should permit the development and gestiscalable NLU systems within a few years.



D. Project Description

1 Introduction

Computer systems that could understand natural language would entyrbmesden the range of possible appli-
cations and users. Although there have been some successful specialized Natiguage Understanding (NLU)
systems, these have all been limited in scope, brittle, and very expeéndiuéd and maintain. The advances of the
last decade in statistical techniques for Natural Language Processing (BNé*p&en very useful for some tasks, but
can not on their own yield understanding. NLU requires extensive setriartiviedge and sophisticated inference
methods.

We propose to extend existing knowledge representation and prisbialbb@asoning methods and demonstrate how
this can support scalable NLU systems. In particular, we will develeghbory and implementation of Coordinated
Probabilistic Relation Models (CPRM). These combine the contndlfiity of Petri nets (Murata 1989; Ciardet al.
1994) with the expressive and inferential power of the Bayesian ertemdirelational data bases (Pfeffer 2000;
Pfeffer & Koller 2000). This is part of a larger effort on scalable NLU anel will also work on integrating the
inference engine with the other two critical components: a parser and aiaggéo large external knowledge sources.

The proposed work arises as a large scale extension of a previousystem for understanding news stories
involving international economics. Understanding such stories resjgiophisticated reasoning about actions and
events. The world’s languages have a variety of grammatical and lexicakddwe construe focus direct attention
and control inferenceabout actions and events (Vendler 1967; Moens & Steedman 1988; Langackeiagalyl
1993; Steedman 1996; Narayanan 1997b). Consider the meanstgnoblingin the following newspaper headline
“Indian Government stumbling in implementing Liberalization Plan”. iedhe speaker intends to specify that the
liberalization plan is experiencing some difficulty. Moreover, the gratical formis + VP-ingsuggests that the
difficulty facing the plan isongoingand the final outcome of the plan is indeterminate. Compare this to titkesu
meaning differences with grammatical and lexical modifiers on the same rdo$wehn asas stumbledr starting to
stumble Most readers are likely to infer after reading this sentence that the gogatisriberalization policy is likely
to fail, but this is only a default causal inference that is made in the absdéncrmation to the contrary. Finally,
how doesstumble whose basic meaning is related to spatial motion and obstacles get irgdripratnarrative about
international economic policies?

Several decades of research in cognitive science have established that theveeafid pdmary schemas underly-
ing much of language and thought (Langacker 1987; Talmy 1988; Talmy; 1888ff & Johnson 1980; Lakoff 1987;
Johnson 1987; Slobin 1997). The NTL project (http://www.losikeley.edu/NTL) has been developing computational
realizations of this theory for both scientific and applied purposeqjdivag a program that interprets simple causal
narratives in the domains of Politics and Economics. The stories weare takn newspaper articles in these domains.
When presented with a pre-parsed version of these narratives as inpystidra svas able to generate common sense
inferences consistent with the input. The pilot system used a novetlnobdctions and events that combines an
executable action representation with belief propagation and metaphor mapfine system was able to interpret
narratives such as the one below about India’s march toward liberalized easrfoom the New York Times.

In 1991, in response to World Bank pressure, India boldly set ot path of liberalization. The gov-
ernment loosened its strangle-hold on business, and removed obstantesrtational trade. While great
strides were made in the first few years, the Governmentis currenthpging in its efforts to implement
the liberalization plan.

The system was able to draw correctinferences from a pre-parsed versi@stdti, using a variety of techniques
that we will extend in the proposed project. For concreteness, we \gilldascribe the relevant features of the pilot
systemt Section 3 will present our general idea for scaling up such systems and Sectoitains the technical core
of the proposal, implementing CPRM. Section 5 compares CPRM withdbtfieories of action. Section 6 shows how
our existing system, and hence CPRM, can be used to support undergtahdrbitrary semantic frameginally,

1The Pilot System, KARMA (Section 2) describes previous wddae under NSF grant IRI-9619293 with Feldman as Pl Narayasaa
supported CS graduate student at UC Berkeley.

2FrameNet related work described in Section 6.1 is fundeautite NSF FrameNet project NSF ITR/HCI 0086132, where Naray is a
Co-PI.
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Figure 1. KARMA System Architecture Metaphor maps project values fronsource domainaction and event
simulations (see Figure 2) target domain evidence on one or more slice of the target domain temporally extended
Bayes net (TBN) (see Figure 3).

in Section 6.2, we describe how the proposed inference module can adiwuithtefforts on scalable parsers and
knowledge compendia, under development at ICSI and elsewhere.

2 KARMA: A Pilot Inference System for Understanding

In the example above, note that institutions are conceptualized as causal ageses as forces, actions as motions,
and goals as states in a spatial terrain. These mappings are part of amgosstii metaphor system called the Event
Structure Metaphor (Lakoff 1994) which is the general name for projestitom the concrete experiential domain
of forces and spatial motion (source domain) to the abstract domain of cagsess, and events (target domain).
Following from the fact that institutions are conceptualized as agerdsifigpcausal events are attributed as effected
by or affecting the institution; such as apply pressure, respond tesyreedoosen strangle-hold, remove obstacles,
stride, and stumble. Commonsense inferences that are required foretitegphe article oftemely on our experience

of force dynamics and motion in space. For instance, the inference thatlstghelads tofalling can felicitously be
transferred to the abstract domain of economic policy through a coowvettized metaphor thdialling — failure.
This enables the interpreter to conclude that the government is likebiltnfits liberalization plan. Many other
inferences rely on the source domain (consider the implications of strauadd).

Figure 1 shows the architecture of the implemented pilot inferencersystARMA (Narayanan 1999a). The
specific hypothesis motivating the design is that the meaning of matid manipulation terms is grounded in patterns
generated by our sensory and motor systems as we interact in the worlem&tis metaphors project these features
onto abstract domains such as Economics enabling language to use matisrtdedlescribe abstract actions and
processes. The implemented system has three main components, nanmsgyrtteedomain the target domain
and themetaphor maps The source and target domains are based on a model of action that is able tineneet
representational requirements and support the kinds of inferential pescieherent in language understanding and is
the focus of this proposal.

The central idea behind the model is that the reader interpreting a pheasmtresponds to a motion term is in
fact performing a mental simulation of the entailed event in the curreriexbriThe basic idea is simple. We assume
that people can execute schemas with respect to structures that are not littkedoaly, the here and the now. In
this case, actions are not carried out directly, but instead trigger siongatif what they would do in the imagined
situation. The physical world is modeled by other schemas that havekftb the schema representing the planned



ans.
Name: [/u/snaragan/code/simulatar/compase 1++| Madify |-

4 ° 2]
VISUAL_OK %
ENABLE PREPARE "R _orrefOMGOING 1, DONE o A i TR |
et s 1 S e I A W
o_...-@- ,‘ () HURT L = L == L B X
_, HESURE INTERRUPT

AP \@/\G)

SIerED ‘Soft_ground

ONGOING DONE
ENABLE PREPARE  READY  grapt o Lali] o
(@)= —(—1 —

RESUME

- -

SUSPEND

INTERRUPT

d - i :
STANDING L _GOAL-BASED-ENABLING

POSTURE_UP

ENABLE HEE ONGOING gy  DONE
R AR £,
(o)~ () — (o]

o RESUME INTERRUF|

L1
SLIDE
AT_DEST
| L1 ]
O \@‘/
SUSPEND
0

| |

Figure 2: The source domain is a rich action and event simulation emagot. Shown is a fragment of the network
simulating the situation of an agentgigoingwALK being interrupted by anbstacleresulting in a situation where
the agent isbout toTRIP andmayberALL .

action.
In the pilot implementation, source domain structure is encoded as cedrmaotion schemas (see Figure 2). The

model of the source domain is a dynamic system based on inter-scaivation inhibition and interruption In

the simulation framework, whenever an executing x-schema makes a doatrgition, it potentially modifies state,
leading to asynchronous and parallel triggering or inhibition of othechemas. The notion of state as a graph
marking is inherently distributed over the network, so the workimemory of an x-schema-based inference system
is distributed over the entire set of x-schemas (see Figure 2). Thieotand simulation regime remains central to
the proposed CPRM design. Of course, it is also intended to model trevelgigparallel computation of the brain
(Feldman 1990).

An important and novel aspect of our source domain representation is ¢hsditie system is able to respond to
either direct sensory-motor inpat other ways of setting the agent state (such as linguistic input).afloiss for the
same mechanism to perform simulative reasoning and generate inferencesfyoistic input as well as be used for
high-level control and reactive planning. There is now robust bioldgvidence to support the view (Galleseal.
1996; Graftoret al. 1996; Tanji 1994) that planning, recognition and imagination sharevarmn representational
substrate. We believe that this is an important aspect of embodimentrajltive same mechanisms to reason as well
as react. The structure of the pilot abstract domain (the domain of attenal economic policies) encodes knowledge
about Economic Policies. The representation must be capable of a) reprgdmkground knowledge (such as US
is a market economy), b) modeling inherent target domain structure antlaiatss(high-growth may result in higher
inflation), and c) be capable of computing the impact of new observatibithiwnay from direct input (“US economy
is experiencing high-growth”), or from metaphoric (or other) infeesn(“Economy stumbling”). Furthermore, these
different sources of evidence have different degrees of believabiliytterepresentation must provide a framework
for their combination. For all these reasons, we chose to representdbédamain as a Bayes Net.

The pilot model of the target domain entails multiple copies (ug jaf a temporally extended Bayes net (Dean
& Wellman 1991), representing different time slices. The structurédheftarget domain for three temporal slices
of the Bayes network is shown in Figure 2. Within a single tempdreg sthe nodes of the network correspond
to economic variables which can take on different values. For instance, in weeahnode in the target network
(Figure 2) corresponding the the economic actor which can be instantatezl the US government, IMF, Indian
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Figure 3: The target domain is a temporally extended Bayes net (TBN).

Government, etc. Links within a single time slice model the prolsinldependence between variables. For instance,
there is a link between the actor variable and the policy variable, whiclelmdlde fact that if we knew the actor
in question (US Government) we would have a good idea of the p(lieg-market economy). The strength of this
belief is quantified as the conditional probability tabl Policy|Actor) . Links between nodes at different time
slices encode the conditional probability of a variable’s value at imgiven its value att — 1. For instance, the
link P((Actor,1)|(Actor,0)) (ref. to the top of Figure 2) results in the conditional probapilable €PT) that
corresponds to the probability of a specific actor being instantiatednat #i = 1, given the value of the actor
at time ¢t = 0. From such local conditional probability tablesEBEF PROPAGATION algorithms (Jensen 1996;
Jordan 1999) compute the global posterior probabilities for thieeemétwork propagating influences backward and
forward in time. As we will see, a major barrier to scaling the pilotegsts the inefficiency of very large unstructured
bayes networks.

In the pilot model, metaphor maps connect the x-schema based represerttatiobaBayes net representing
knowledge about international economics (see Figure 1). Such prajetspecific results of x-schema executions
by projecting specific source domain values to the target domain by agssetirevidenceat one or more time slices
of the temporally extended Bayes net.

A story represents the specification qfartial trajectory over epistemic states. This is simulated by clamping some
of the Bayes network nodes to specific values. The remaining features aratestinsing known target domain inter-
feature correlations as well as metaphoric projections from the embodietagknowledge (x-schemas). Metaphoric
projections of x-schema executions may clamp target features to specific \ajy#ading newevidenceon the target
domain Bayes net.

Comprehending a story corresponds to finding the set of trajectoaebeist satisfy the constraints of the story
and are consistent with the domain knowledge. This may inviilligg in missing values or placing new evidence
on the Bayes net. The resultant target network state becomes a prior éesgirtg the next input at stage= 2.
Background knowledge is encoded as the network state-a0 . Target inferences can go forward and backward in
time in the estimation of the most probable explanation of thetisfmury.

In the pilot system, the embodied domain theory had abddt linked x-schemas, while the abstract domain
theory is a relatively sparse net of abott multi-valued variables with at most temporal stages. It also encoded
about50 metaphor maps from the domaindw@falthandspatial motion These were developed using a databasgof
2—3 phrase fragments from newspaper stories all of which have been sucgassfupreted by the program. Among
the inferences made were those related to goals (their accomplishment catamtifi subsumption, concordance, or
thwarting), resources, aspect, frame-based inferences, perspectival infereddeser@mces about communicative
intent. (Narayanan 1997a; Narayanan 1999a; Cledrady 1998; Baileyet al. 1998; Changet al. 2002) report on the
different types of inferences produced by the system.

In summary, our results suggest that a large proportion of comraoaplescriptions of abstract events seem to
project embodied, familiar concepts onto more abstract domains such as ecemmaipolitics. This allows non-
experts to comprehend and reason about such abstract policies and actionsiofterare familiar and universal



embodied concepts. The fact that the metaphoric inferences are contextsgiminediate, and defeasible set up
fairly strong representational requirements for a metaphor interpnetaggtem. The structured probabilistic repre-
sentation coupled with the rich action semantics of x-schema based simwdatdles our model to capture subtle
contingency relations between events necessary for routine commondenseda.

3 Scalable NLU systems

Inference for NLP applications such as event tracking or question answegnges a rich computational model of
the temporal and causal structure of events. For instance, knowirsgaheof the process (interrupted walk due to a
stumble event), gives valuabteedictiveinformation (may fall) as well apresuppositionahformation (a walk has
started and was ongoing). Of course, this informatigar@dabilistiothe agent is onljikely to fall), abductivHobbs

et al. 1988) (the agent wagrobably carele$sdynamic(is about to trip),context sensitivéthe type and severity of
stumble in combination with the agent’s energy and ability to stabililedetermine whether the agent falls), often
metaphoridas in economies stumbling, sliding, crawling, sprinting), and megrporate the specifigperspectivesf
the various participants.

The news understanding pilot and subsequent extensions (@hahg2002) exhibited an architecture capable
of capturing many of the rich linguistic and conceptual subtleties needaddbNLU. There are obviously signif-
icant scientific and engineering challenges involved in extending the arcinégotlarge scale tasks. Some critical
challenges include building a 1) building a scalable semantic analyzetrexcegemantic relations from text, 2) the
availability of and integration with large scale ontologies and wideecage language resources and 3) a computa-
tional framework that can support the rich set of inferential requiremertscalable manner.

One of these challenges, extending the inference module, is the maindbthes current proposal. A formal-
ism integrating extended Petri nets for action and temporal Bayes netfeorikderence appears to be an attractive
methodology for the construction and analysis of intelligent systdfos large scale systems, we will need to uti-
lize more modular and structured networks, usually called ProbabiiRslational Models or PRM (Pfeffer 2000;
Pfeffer & Koller 2000; Getooet al. 2001). Our current efforts at the computational level are directed tovaards
complete integration of PRM and x-schemas, which we call CoordinatedPilistic Relational Models or CPRM.
These can be seen as extending an ongoing community effort to add moistisaf#d temporal and control ca-
pabilities to probabilistic inference models (Pearl 1988; Boyen & &011998; Andersoiet al. 2002; Jordan 1999;
Lerneret al.2002).

Section 4 details our technical approach to solve this problem. Section &srelat approach to the other formal
theories of actions and events. Section 6 outlines how the proposedizikates with ongoing parallel efforts (by
us and others) to address a) the issue of large-scale knowledge compehb)alamissue of open-domain semantic
extraction (other critical barriers to large-scale NLU).

4 A Scalable and Expressive Model of Actions

Reasoning about structured stochastic dynamic systems requires rgantedidinated temporal processes and com-
plex, structured states. A significant amount of work has gone inferdiit aspects of overall probletnFigure 4
maps out the space of relevant probabilistic modeling and inference ¢gesalong three basic dimensions (extended
from the description in (Andersaat al. 2002)). The dimension along the x-axis (left-right) depicts thedasing ex-
pressiveness of the action model. The y-axis (vertical going up) comdsyto increasing the complexity of the state
representation. The z-axis (into the plane) corresponds to increasinighthess of the overall representation. The
origin of the space is an unstructured probabilistic state vector remason with no explicit temporal or relational
information.

Moving to the right along the x-axis, we get to linear temporal modedequences. Markov Models (MM) are the
most widely used technique to model such simple sequential processgshaugeachieved considerable success in
a variety of domains (speech, computational biology). However, Markodets (including Hidden Markov Models
(HMM) which are properly subsumed under DBN (or TBN) (Murphy 20@2% fairly inflexible and representationally

3In all these cases, we can have continuous variables asswaiserete ones. For the purposes of this exposition, attdhements here apply
to both types of states and actions.



inadequate as models of actidhsSpecifically these representations are unable to model and reason about central
aspects of actions such asncurrencysynchronizatiomndresourcesMoving further right, we arrive at a set of well
developed graphical modeling approaches designed to model distributaehidysystems with complex coordination,
concurrency and resource constraints. These representations are basethastist®etri Nets (SPN) (Ciarcx al.

1994), are used widely in modeling in many domains (such as netwositsbdied systems, computational biology).

PRM T(D)PRM CPRM

BN DBN/HMM CBN

RMM CSPN

&

Factorization

Coordination

Figure 4: Probabilistic Models and Inference Space

One of the main drawbacks of MM and SPN based representations is thétynabibpresent states with com-
plex internal structure. Moving from the origin up along the y-axi® have Factor Models, Markov Random
Fields (MRF) (the undirected version) and Bayes Nets (BN) (the directesiovgrall of which make conditional
independence assumptions to factorize the joint probability distoib of the state variables into a compact prod-
uct form. Temporally extended Bayes Nets (TBNs, also called DBNs) model aaehstep in a sequence as
a BN and links between state variables at different time steps capture thertdrdppendencies between vari-
ables. TBNs are thus able to model simple sequences and structured staldesariMoving rightward, CBNs
(Narayanan 1999b) combine the expressive action modeling framewavidpd by the SPN (or CSPN (SPN with
types as in x-schemas (see section 4.2)) based representation with thetabiivdel complex states provided by
the BN framework. This model of action and its use in language undeliswas illustrated in (Narayanan 1997a;
Narayanan 1999a).

All the representations so far model states as propositions (or sitioiglets) and are unable to handle rela-
tional information? A critical aspect of scaling the current models to complex domain topolaidslinguis-
tic structure is the ability to model predicates and relations. Moviogalthe z-axis (into the plane), are rela-
tively recent probabilistic models that handle relational informatidihe RMM model (Andersoret al. 2002) is
a relational extension to sequential processes that allows variables anonseiatimarkov models. However, un-
like BN (or TBN), RMMs are unable to model complex states with dependsncPRMs (Getooet al. 2001;
Pfeffer 2000) extend the Bayes Net formalism to allow specification of hamitity distribution over a set of rela-

4The more recent versions of Hierarchical HMM (HHMM) (as inyhy 2002) are also subsumed under the TBN framework arfdfser
gradations are omitted in the figure to ease exposition.
50ur use of token types (Narayanan 1999b) (as in CSPN) allortké action model to be relational but the state strucemeins propositional.



tional interpretations. As in Bayes Nets, a PRM consists of a quaétdépendency structure and a set of parameters
guantifying the conditional dependency. One basic difference is thheinase of PRMs we specify the dependency
model quantifying the various domain relations at the class level.ddgiendency is assumed to be duplicated for each
instantiation. While PRMs are able to model the relational infornmaggsential for modeling inference over complex-
structured domains, they are unable to model coordinated action or dysavioving rightward from PRMs we come

to T(D)PRMs which are model simple sequences of PRMs in a manner anatogb({z)BN.

Our existing formalism integrates extended CSPN nets for action aiNs T& inference and appears to be an
attractive methodology for the construction and analysis of inteltiggstems. For large scale systems, we will need
to utilize more modular and structured probabilistic networks, RMB. Our current efforts at the computational
level are directed towards a complete integration of DPRM and our extdPelednets (see Section 4.1), which
we call Coordinated Probabilistic Relational Models or CPRM (see Ei@lr These can be seen as extending an
ongoing community effort to add more sophisticated temporal and deafabilities to probabilistic inference models
(Andersoret al.2002; Boyen & Koller 1998; Jordan 1999; Murphy 2002).

The rest of this section describes our technical approach to integratimgatthélar and structured inference pro-
vided by PRMs with the rich action modeling framework and distributedrational semantics provided by the PNs.
Our action theory comprises of two central components; Bxatutingrepresentation cdctiongcalledx-schemas
based on extensions to Petri Nets and 2) a PRM modshtéthat captures and reasons about complex dependencies
between state variables.

4.1 An expressive representation of coordinated actions and events

Central to the representation is an event model calextuting schemagor x-schema$, motivated by research in
both sensorimotor control and cognitive semantics (Narayanan 1997s)hetnas are active structures that cleanly
capture sequentiality, concurrency and event-based asynchronous cohaythus provide a cognitively motivated
basis for modeling diverse linguistic phenomena, including aspectfeaknce (Chanet al. 1998), metaphoric in-
ference (Narayanan 1999a) and event-based reasoning in narrative undegstiadiayanan 1999b). We have built
prototype systems (Chamgal.2002) that demonstrate its use for a varietjrame-based inferencesd the attendant
problem of modelingerspectival effects

X-schemas are based on Petri nets, which in its basic form is a weightedtiteigraph consisting gflaces
(shown as circles) antlansitions (shown as rectangles) connected by directed input and output arcs (Reisig 1985
Murata 1989; Narayanan 1997a). Places may comdkiens (i.e., they may benarked, and they typically represent
states, resources or conditions that apply. Transitions typically repirastions or events. X-schemas extend the basic
Petri net to include typed arcs, hierarchical control, durative transitiparameterization, typed (individual) tokens
and stochasticity.

The most relevant property of the x-schema for action modeling isatkspecified execution semantics: a transi-
tion isenabledwhen all its input places are marked, such that itfi@nby moving tokens from input to output places.
The active execution semantics serves as the engine of context-semdénemce in the simulation-based model of
language understanding (described in Section 2).

Definition 1 The basic x-schemaAn x-schemaconsists ofplace$ P ) and Transitiong 7 ) connected by weighted
directed arcsA(A € (P x T)U(T x P)). Each arca;; € A has weightw;; (w;; € N). Input Arcs T
(xT € (P x T)) connect Input Places to Transitions. Output AfEs (T € (T x P)) connect Transitions to
Output Places. Arcs are typedesablearcs £ , inhibitory arcsZ , or resourcercs R .

X-schemas have a well specified real-time execution semantics whemesthstatefunction is specified by the
firing rule. In order to simulate the dynamic behavior of a systermaaking (distribution of tokensin places
(depicted as dark circles or numbers)) of the x-schema is changed accordiadatawing firing rule .

Definition 2 Execution Semantics of the basic x-schema transition 7 is said to beenabledif no inhibitory arc
1 € T of T has amarked source placand all sources of enable arase £ of 7 aremarked and all input arcs
p € R have at leastw,; tokens at their source place, wheig, is the weight of the arc fronP to 7 . Thefiring
of anenabledtransition 7, removeswpr tokens from the source of each resource inputBr@and placeswrp
tokens in each output place 6F .



X-schemas cleanly capture sequentiality, concurrency and event-based asgastommtrol; with our extensions
they also modehierarchy stochasticityand parameterizatiofrun-time bindings). Besidetyped arcgDefinition 1),
the following two extensions to the basic Petri net are designeddw alk to model hierarchical action sets with
variables and parameters: First, tokens carry information (i.e. they direduated and typed) and transitions are
augmented with predicates which select tokens from input places based onghéytod, as well as relate the type of
the tokens produced by the firing to the types of tokens removed freinpiut. Second, transitions are typed into four
kinds, namelystochastig durative, instantaneousandhierarchical transitions. An instantaneous transitifines as
soon as it is enabled. A timed transition fires after a fixed delay or at an exXjahedistributed rate. Hierarchical
transitions, activate a subnet, wait for its return, or timeout.

The state of an x-schema is defined by its marking. The firing rule jpexdaichange in the state of an x-schema by
taking it from one marking to the next. Given an x-schema and a mankimgan execute the x-schemadaccessive
transition firings. This can continue as long as there is at least one ertedisdion that can fire. The x-schema
firing rule semantics allows enabled transitions to fire in a completslyilolited manner without any global clocks
or central controller§. Execution halts at the state where there is no enabled transition. Thislhagllows us to
extend the earlier definition to define artended next-state functiorfor x-schemas.

Definition 3 Extended next-state function
The extended next-state function is defined for a statand a sequence of transitiopss T as

J(Si,tjp) = J(J(Siatj)’ P)
5(31',)\) = 8;

A\ is the null transition.

4.2 A PRM model of states

Our representation of states must be capable of modeling causal knowledagealld to support both belispdates
andrevisionsin computing the global impact of new observations and evidence boh direct observations and
from action effects. Our implementation of the agent’s state uses Beliefddetlensen 1996; Pearl 1988). A belief
network is a convenient data structure to encode causal domain knowledgbagih algorithms that operate on the
probabilistic network data structure deal both with new observatimid database updates due to external intervention
such as actions and random disturbances.

In previous work (Narayanan 1999b), we have used temporally extemdpdgitional graphical models or Dy-
namic (Temporally extended) Bayes Nets (TBN) (Pearl 1988; Jensen 19€9anJb999; Murphy 2002) to model
complex states. A Bayes Net is a convenient data structure to encode causabpositipnal domain knowledge.
The basic algorithms that operate on the probabilistic network datetsre deal both with new observations and
database updates due to external interventions such as new textuab@imthts.

A Bayes Net consists of a set of variables and a set of directed links. Each gdrabh finite set of mutually
exclusive states. The variables and links together forMAG (Directed Acyclic Graph). To each variablé with
parentsC; ... C, thereis attached a conditional probability tatl¢ A|C4, ... C,) . A Bayes NetworkB,, can be
viewed as &ompactepresentation of the probability table, and if the conditional indepecids inB,, hold for U,
for a Bayes NetB, , the following theorem allows us to calculate the joint probabilRyU) from the conditional
probabilities in the network.

Theorem 1. The Chain Rule (Jensen 1996) LetB, be a Bayes Net ovet/l = (4;...4,). Then the joint
probability distribution P(U) is the product of all conditional probabilities specified B, .

PU) = H P(Ailpa(A;)) (1)

where pa(4;) is the parent set of4;

SHowever our sequential simulation adjusts step size to leetalfire multiple enabled transitions in a single step.



We can use this recursive factorization for b&#lief Updatesand MAP Estimationto find the best explanation
for an input narrative. Our results so far (Narayanan 1999b) suggeshibaethnique is promising enough to be
useful for a variety of NLP applications.

While our current Bayes Net structure supports structured inferenaaeimfes of interest to NLP applications
(Narayanan 1999a), it does not exploit the relational structure inhgremy domain. In this project, we propose
to use a recent extension to the Bayes Net formalism, ProbabilisticiételaModels (PRMs) (Pfeffeet al. 2000;
Pfeffer 2000; Pfeffer & Koller 2000; Getoet al.2001). PRMs extend the Bayes Net formalism to allow specification
of a probability distribution over a set of relational interpretasioAs in Bayes Nets, a PRM consists of a qualitative
dependency structure and a set of parameters quantifying the conditgpeaidency. One basic difference is that in
the case of PRMs we specify the dependency model quantifying the vaioousin relations at the frame level. This
dependency is assumed to be duplicated for each instantiation. So evancasf thevaLk schema will have the
dependency model defined at theLk frame level. A second difference is that the relational structure of theaio
is explicitly used so that the role of one fram@/dlk.Agen} can depend on the roles of related frames (including
sub-frames) $tep.Agent

Definition 4 A PRM Model of a State

The StateS is defined as a PRM comprised of: A setof classes, related by inheritance relationships. A%et
of named instances, each denoting an instance afifss A set A of simpleattributes, denoting functional relations,
where the domairDom[A] € C and the range som&ange[A] € Val[A] . A set B of complexattributes, denoting
functional relations, where the domaom[B] € C and the rangeRange[B] € C . A set ofConditional Probability
Distributions (CPD)where for each class € F and for each attributes € A|J B, we define aCPD of the form
P(alpa(C.a)) , wherepa(C.a) are the parents of the attribute (simple or complex). CPDs are attazktsses and
inherited by instances. Cyclic dependencies in the parent links are disdllow

4.3 Inference With CPRMs

Traditional inference methods in probabilistic models of linear timeasnic systems (such as TBN) (see (Murphy
2002) for a fuller description) consist of the following kindsafmputations. HereX; is a state variable at time
(lowercasez; is a value assignment), ang is an observation value at time

Filtering Compute P(X.|y;...:) . Update the state based on the observation sequence.

Prediction ComputeP(X;n|y1...+) . Predict the state at some future time- A based on the observation sequence
upto timet.

Smoothing Compute P(X;_,|y1...t) - Recompute previously estimated states in the present of current evidence.

Viterbi Decoding Computeargmaz,, , P(zi..t|y1..:) . Compute the best assignment of values to the state given
the observation sequence.

With the extension tbranching or coordinated models of dynamic systems, we need to enhance these traditional
inference procedures to include the computation ofrdeehability set of amarkingin an x-schema based action
framework.

Reachability is a fundamental problem in dynamic system theory and is cemtraimputing a variety of event
related inferences (Chareg al. 1998). In terms of x-schemas, give that the state space evolves thegaghtion of
enabled transitions, we can define thachablestates of an x-schema, given an initial marking.

Definition 5 Immediately reachable states
For an x-schemas , with a states; , states; is immediately reachableif there exists a transitiom, € T' such
that J(Si,tk) =38;.

Extending this concept, we can define the set of reachable markings for axgdgrema in some initial state.
Basically, if s; is immediately reachable from; , and s;, is immediately reachable frora; , then s, is in the
reachability set ofs; . Thus thereachability relationship is the reflexive transitive closure of the immediatech-
able relationship.
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Definition 6 Reachability set
The reachability sefR(S, so) for an x-schemaS with state so is the smallest set of markings defined by a)
80 € R(S,s0),and b) If s; € R(S, s0) and s = d(s;),t; forsomet; € T, then s, € R(S, so) -

Definition 7 Reachability Given an x-schem& with an initial statese and a final statesy , is sy € R(S, so) ?

Given this definition of reachability, the following theorem allowgaiglirectly use the vast number of techniques
developed in the distributed systems literature for x-schema basérink.

Theorem 2. (Proof in Narayanan 1997a) An x-schema is formally equivaleniiended High Level Generalized
Stochastic Petri Net (HLGSPN). The reachability graph of a redrkschema is isomorphic to a semi-Markov process.

Given this theorem, we can compute the various parameters of interestirsonema based model of coordinated
events. As in other models (Ciarébal. 1994), we assume that the x-schema transition firing time is govéned
exponentially distributed random variablg . The firing time of transitior¢; is given by

For=1—e N7 )

The negative exponential distribution renders the reachability gvéble SPN isomorphic to a continuous time
Markov chain. The Markov chaiml/C can be obtained from the reachability graph as follows: THE' state
space is the reachability s@t(PN) of the markedSPN . In MC, the transition rate fromM; to M; is given
by g¢i; = A&, corresponding to the firing rate of the transitién from M; to M; . If several transitions lead from
M; to Mj ,then g;; is the sum of the rates of these transitions. If there is no link fildinto M; in R(PN) then
qij = 0in MC.

The steady state distributiom of the M C is obtained by solving the linear equations:

Q=0 3)
Zﬂ'j =1
1=1
4

From the vectorr = (74, ..., 7s) We can compute the following measures.

Probability of being in a set of states Let B C R(PN) constitute the states of interest in a givei® N . Then
the probability of being in a state of the correspond®$\gN is

PB) = m (5)
M;eB

Probability of taking a transition ¢;: Let EN; be the subset of R(PN) in which the transitiép is enabled.
Then the probability that an observer looking randomly into the segst; firing next (p; ) is given by

pi= 3 md (6)

Miepn; i

where g;; is the sum of the transition rates out 81; .
The throughput of a transition is the mean number of firings at steady state.

di= Y mk (7)
M;€EN;

With this semantics in hand, we can now turn to one of the standard ife@ncedures in an action model (that
of temporal projectionr predictior).

The temporal projection problem consists of computing statgs resulting from executing the action s8t=
[a1,-.-a,] in a given initial statesg . The solution to this problem in our action model involves bothudating
the direct temporal and causal structure of the action in the current coatewell as using the PRM (see Section
4.2) to compute the Maximum A Posteriori (MAP) estimates of related ésanmThe MAP estimates and related
belief_revision (Pearl 1988) procedures allow us to compute the indirect effects (ramifisatioat flow from the
action (Narayanan 1999b). The basic algorithm is outlined below.
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Algorithm 1 Temporal Projection
1. Setinitial MarkingMq . Vp € so : Mo(p) = 1,Vp ¢ 8¢ : Mo(p) =0.

2. Fire enabled transition$,, € T' of M with initial marking M, . The next state function described earlier
takes the system to a new markidd;,;o . The state corresponding to this markiSg,: = Vp : Min:(p) =1 :
P E Sint,Vp: M1(p) =0:p ¢ Sins .

3. Run thebelief_revision procedure to return the most consistent a posteriori assignndé¢mt® ) of values to
the state variables. The new staffe corresponds to the markindy/; whereVp € S1 : M1(p) = 1,Vp ¢ s;1 :

4. While 1 < i < n, do: fire enabled transitiong,
to get S;+1 . Return S, 1 as the answer.

with marking M; . set M;,; = *a;|J M;. Run Step3

i—1

Steps 1 and 2 are essentially constant time, since our notion of state gshangarking is inherently distributed
over the network, so the working memory of an x-schema-based infererteensgdistributed over the entire set of
x-schemas and state features. The result is a massively parallel solutf@pgoojection problem. In addition, the
central features of our action representation, namely that thegxaitingorovides an elegant solution to the Frame
Problem. Specifically, the action-based executing action semantics allows fdoms to be implicitly encoded in
the structure of the net and the local transition firing rules.

Step 3 requires MAP estimation of the state variables. Our in the pastskdsauTBN to model states. MAP
estimation over such a network is well known to be intractable for coxgdenain topologies. While the worst
case analysis does not change with the more expressive CPRM desigmpesgto exploit the additional structure
provided by the PRM framework to develop state and domain modelsrtniae the inferential complexity. The
complexity of exact inference on PRMs (using the Structured Varialmeifidtion (SVE) algorithm is given below.

Theorem 3. (Pfeffer 2000) The space and time complexity of solving a queky basic variables for a PRMP is
at most O(Nkb*(m+2)p7)  where N is the total number of attributes iR, & is the maximum number @iterface
variables for any object inP , and m is the maximum tree-width of any objecti.

The two critical variables to control ark (the maximum number of interface variables) amgd, the maximum
tree-width or the maximum width of the dependency graph of a class veetatan elimination ordering. For instance,
if the dependency graph of a class igs@ytree then the (space+time) complexity of solving a querygowariables for
a PRM P reduces toO (Nkb(Pt2)*p)  wherep is the maximum number of parents of any attributeRn Clearly,
the cost is dominated by the size of the interface variales [n a generalPRM , there may be no local method to
guarantee that the interface size stays small. However by carefully icirggelations and doing query optimization,
one can get a handle on this variable. For instance, if the only relatiomeglls thepart-ofrelation, then it is possible
to specify at design time the maximum size of the interface variabl&his results in a specialization of PRMs called
Object Oriented Bayes Nets (OOBN) (Pfeffer 2000).

Specifically, with respect to the structure of relational model for languageare involved in the development
of a semantically rich wide-coverage lexicon, FraméNetconjunction with linguists from UC Berkeley and ICSI.
FrameNet represents frames, frame elements (FE), relations between frameshhieral composition), and role
relations between frames, FEs and filler types. We have encoded the relationalre of frames and the annota-
tion instances (example annotations of corpus examples using thedrainele information) in a MySQL relational
database (Fillmoret al. 2001). We are developing a Probabilistic Relational Model (PRMhefléxical and anno-
tation database along with an API that supports the kinds of queriesshétiems would typically use. As a PRM
we specify the dependency model quantifying the various FrameNet redatiche frame level. This dependency
is assumed to be duplicated for each annotation instance. We also explatatienal structure of the FrameNet
database to quantify role-binding constraints (where the FE of @meefi(Trial. Defendarjtcan depend on the FEs
of related framesArrest.Suspegt The current FrameNet design is easily handled as an OOBN (to represent frame

“FrameNet is funded by NSF ITR/HCI 0086132; URL:http://wiesi.berkeley.edu/framenet.
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inheritance) coupled to a an x-schema model (for the composition relatiente the tractability of the inference can
be controlled by local design choicgs.

We also propose to extend the inference algorithm for PRMs to theaiaihp extended version (TPRM). The
simplest way to accomplish this is to encode the temporal relation betweibntat of different time slices as another
relation to the existing PRM and use the PRM inference algorithmisretihanced network. However, it is often the
case that elimination orderings on the enhanced PRM that do not exghdilynto account the temporal structure may
produce extremely large cliques and make inference intractable. As in thef@aN mference, we plan to explicitly
use conditional independence information from the topology affobgetie temporal structure. Here we plan to draw
from our own previous work on on-line Bayesian algorithms for seo¢ processing (Narayanan & Jurafsky 1998;
Narayanan & Jurafsky 2001) and from tinéerfacealgorithm (Murphy 2002) for TBN. The interface algorithm defines
the outgoing interfacef a slicet in the DPRM as the set of variablds that have at least one child in the next slice
t + 1. We then use the result (from (Murphy 2002)) that the outgoitgrface (I; ) d-separates the past ¢ from
the future > ¢ and hence provides a sufficient statistic for inference. Specifically, tlugslior on-line inference
algorithms similar to the inside-outside algorithm (for SCFGJl #me forward-backward algorithm for HMM to be
adapted to DPRM inference.

To summarize, in our model, executing actions is fast, parallel and reflexhiks inference with complex state
dependencies to achieve global consistency is hard. To deal with the scadinigrp, we propose to exploit the
relational structure of knowledge (linguistic and domain) to alloneixplicit domain modeling and query optimization
choicesto influence the tractability of inference. Together, this provittesealism expressive enough to support deep
semantic inference necessary for language understanding with guidelineeshnidjues to bound the time and space
complexity. We expect that accomplishing this could result in the vpides] use of structured probabilistic models in
NLP, something long overdue.

5 Comparison to Logical Theories of Actions

Although the mechanisms outlined above were developed for languagestamting, they seem to useful for some
of the problems discussed in the recent Al literature. It is useful to emenpur approach with logical theories of
actions, for expressiveness, tractability of reasoning as well as leatpabiliterms of representational power, the
PRM framework is captured by the first-order probabilistic databasthedbrm described in (Pfeffer & Koller 2000;
Kersting & Raedt 2001). However, these databases are unable to model tpxawncurrency, resource and
coordination primitives inherent in the CPRM model. In terms of théoaamnodel itself, we compare the CPRM
framework with a specific representative language for reasoning abouhsa¢fitease see (Narayanan 1999b) for
further details). We assume the reader is familiar with reasoning witbraotbdels similar to (Gelfond & Lifschitz
1993).

As in ARD (Giunchiglia & Lifschitz 1995), we model both “inertial"glways C' (where C is a formula)) and
“dependent” (A dependson B) fluents.

An ARD language consists of

1. A set of symbolsF, called Fluentnames (F # {}), and another disjoint set of symbol4, called Action
names A # {}) and A(F = {}. For every FluentF' there is a non-empty séDomp called the domain
of F.

2. Two sets of symbold,D : I € F AD € F,where fluents in sefl are callednertialfluents and fluents in set
D are calleddependerluents.(I(\D = {}).

An atomic formulas of the form F' is V', where V is in the domain of fluentF'. If F' is propositional, then
Domp = {true, false} ,and we write F' for the formula F' is ¢true . A value propositionis of the form C' after
A™ , whereC is aformulaandA™ is a string of action names. [A™ is empty, we writdnitially C . A constraint
is of the formalways C , where C' is a formula. Aneffect propositions of the form A causesC if P, where A
is an action, andC’ and P are formulas. Adependency propositias of the form F dependson G if P, where
F' is the dependent fluent namé&, any fluent name, an@® a formula.

The following rules present the basic encoding of action theories (asguhe syntax of theARD theory) in
our model.

8FrameNet continues to evolve, so more complicated franatioak may change this situation.
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1. Static Fluent names are places. Actions names are Transition labels. Fienerade pre-sets«7 ), direct
effects are post-setsf(x) of transitions. If the truth-value of a fluent € F is true, in State S;, then the
marking M;(f) =1.°

2. Domain Constraints with inertial fluents are modelled as instantariemsitions. Statements iARD , of the
form always A O B, add an instantaneous transition with pre-8&yz = A, post-setT zx = A, B. De-
pendent fluents are modeled as arcs in the Agent state Bayes net. More préwsstbtdmentf; dependson
fi it fi, results in an arc from the variables representfiagf, to f; . The CPT entries for f; are given by
the appropriate constraints (including prior knowledge).

3. Initially C', is modeled by assigning an initial marking whéré € F(C : Mo(f) =1. Vf;, fj € F,if f;
dependson f;, add an instantaneous transitigi ; with presetx7z s = f; and postsetizz* = f;, f; .

Theorem 4. (Narayanan 1999b) The procedure above results gaasal modelfor a domain descriptionD (in

the Syntax ofARD) in that it satisfies all the causal laws i . Furthermore, a value proposition of the fordi
after A isentailed byD iff Ve € C,c € S; where S; is the state that results after running the projection algorithm
on the action set4 .

In addition to the connection to thd RD language and its descendents, the CPRM framework can also be com-
pared to representation efforts on the Semantic Web (http://www.seawaitiorg). The PRM framework has been
used to model probabilistic version of description logics in (Ko#ieal. 1997). Description logics form the basis of
the current RDF-based proposals, DAML+OIL and OWL (http://wwwav8/TR/owl-ref). The x-schema based ac-
tion framework has been shown (Narayanan & Mcllraith 2002) to be capabtewfiing an operational semantics for
plansin arich situation calculus (Pinto 1994). (Narayanan & Mcllraitti22@lso use the x-schema based action model
as the semantic underpinning for the expressive Web-services markuasDAML-S (http://www.daml.org/services).
We believe that the proposed integrated CPRM representation could begueie probabilistic model of the various
emerging ontology markup languages on the Semantic Web.

One important feature of our proposed CPRM representation of evetitatishey are more fine-grained than
other proposals we have seen. This finer granularity resulted frormtarest in modeling aspectual distinctions
made by different languages (Narayanan 1999a; Clerad. 2002). We also believe that the finer-grained nature
of our representation of aspect presents one natural way to constrain aatorfetnce in reasoning about event
descriptions. Additional evidence comes from the observation that &tiagprojection of events across different
domains appears to respect the temporal and aspectual distinctions madedyresentation (Narayanan 1999a).

Other distinguishing features include the true concurrency semafitics 8-schema model, the ability to cleanly
model uncertainty in action selection and action effects (both conditional @mdi@terministic), a natural model of
resource consumption and production, a model of continuous time tlas previous section) and principled methods
to support continuously varying state (Pinto 1994; Jordan 1999)

In general, we believe that probabilistic, graphical models are inherdesiyable for action representation, infer-
ence and learning. The graph-based representation allows us to formalsrsiateason about inter-schema relations
declaratively while using their real-time execution capability for infesenThis allows our representation to be used
to declaratively to specification and design or procedurally for projectionaait@matic inference. The factorized
topology of the graph supports recursive parameter estimation te@migordan 1999) and provides powerful con-
straints and inductive bias for relational structure learning (Getbat. 2001; Pfeffer & Koller 2000). We believe
these properties to be essential for representations that are to be usdartzaating and for reasoning about action
descriptions.

6 Towards Integrated Large Scale NLU

Scalable probabilistic inference models such as CPRM are one criticaleswant for large NLU systems, but are not
sufficient. In this section, we will briefly review our understandirfighe other barriers to scalable NLU and of current
efforts to overcome them, both in our lab and elsewhere. The suggestioat isufficient progress is being made on
all fronts to allow serious testing of ambitious applications witthie next few years. The two issues which will be

9In general, the representation allows states with typesraader measure fluents, in which case the multi-set reptiesethe place would be
marked by the appropriate number and type of tokens.
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addressed are the availability of large structured knowledge bases afehtfitality of language analysis modules
(parsers) that can produce the semantic structures needed for inference arstiamnting.

6.1 Ontologies and Linguistic Resources

We are interested in investigating methods and tools for the digtdbdlevelopment, management and use of open
domain ontologies. We have had considerable interest from and expevigthcthe Semantic Web community
(Ankolekaret al.2002; Narayanaat al. 2002; Narayanan & Mcllraith 2002) and have developed a distributed opera-
tional semantics for the RDF-based Semantic Web Service markup languagé.-BAtp://www.daml.org/services)
based the x-schema model of events. We have also developed an automsiitdrdrom FrameNet to DAML+OIL
(http://www.daml.org). We plan to continue our close associatitth this community and continue to leverage the
growing set of tools, techniques and protocols to allow for an autoraaténsion to wide of adoption of our CPRM
package.

Another critical requirement for scaling up NLU is the emergence of machieepiretable language resources that
are deep enough in structured semantic information to support trugidentdependent understanding. The FrameNet
project (Fillmoreet al. 2001) has been building a unique kind of lexicon for English witbperties that take it far
beyond any other existing lexical resource. The building of the Frahkeicon began with linking groups of lexical
units with low-level word-related semantic frames, but in its lateduian has been fitting these in turn into more
global institutional and procedural frames. FrameNet is a structurahylexical database (LDB) based on the well
developed theory of frame semantics (Fillmore 1968; Fillmore 18ilnore & Atkins 1992).

We have built representations (Bergen & Chang 2002a) that bridge dpishgough a formalism that unpacks
the shorthand of frames into structured event representations. Oesespation allows annotated FrameNet data
to parameterize event simulations (Narayanan 1999b) that produce fineejraontext-sensitive inferences. We
have built prototype systems that suggest that the model can accowitésranging consequences of frame-based
inferences (Narayanan 1997a; Chat@l. 1998; Narayanan 1999a; Chagigal. 2002).

6.2 Semantic Analysis

Even assuming that we can build scalable CPRM inference systems and linkvitterarge knowledge bases and
ontologies, another barrier to large scale NLU remains. We will need sgdteh can generate Semantic Analyses
from input text (and eventually speech) as well as modules that can generaiprégtprianguage output. There are
two distinct approaches to this problem and we are pursuing both of them

The knowledge intensive approach to semantic analysis focuses on tHedlstditle knowledge that supports
human language and thought. Linguists continue to elaborate tiwiigs of grammar and meaning and our systems
should exploit this vast resource. Our work along these lines coempwis complementary research efforts. The
Embodied Construction Grammar (ECG) project has focused on devefongalism that is well suited to capturing
the deep form-meaning relationships required for the embodied inferemaelsrdescribed above.

A detailed overview of the Embodied Construction Grammar (ECG) fasmatan be found in (Bergen & Chang
2002b) and has been presented at the First International Workshop on &d&alnial Language Understanding at the
European Media Laboratory. The formalism supports a new compughtipproach to cognitively motivated semantic
analysis. Historically, there has been a gap between grammar formalismepeoiggh to be used for parsing and
those used in cognitive approaches to language. ECG bridges this gap\iging a formalism that marries the
precision of unification grammar with the expressiveness of cognitimeastics. The basic linguistic unit of ECG
is the construction, a pairing of form and meaning. On the form sid@& Bllows for more expressive constraints,
dropping the Phrase Structure Grammar requirements for strict werdtordering. On the meaning side, ECG uses
cognitively motivated schemas, including frames, image schemas and themagtescribed in this proposal. These
schemas are represented as feature structures with meaning constraints nasdmliedexation constraints.

ECG also extends standard unification-based formalisms with severl oyerators that provide additional se-
mantic expressiveness. Theokeoperator makes related meanings accessible, thus allowing background frames and
preconditions to be bound to the meaning pole. $aéoperator allows constructions to be self-referential (prohib-
ited in traditional unification grammar) and the :: operator allows fod@wnal or dynamic unification that facilitates
dealing with events. ECG has been successfully employed by linguisksngan the construction grammar frame-
work in different languages. This has reached the point where there are anntexences on Construction Grammar
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(http://www.eng.helsinki.fi/janola/iccg2.htm) and there is alspecsal session on ECG at the 2003 ICLC meeting in
Spain.

There is also a running Semantic Analysis system based on ECG (Brya®{@0appear)) that is being used in
various applications (Porzel & Bryant 2003 (to appear); Chang & FeldmaB)20ithis system has been designed
explicitly to interface with large knowledge sources such as those desdcabove. The technical idea is to add a
restricted set of predicates to the constraints of ECG and to define an appligatgram interface(API) for linking to
ontologies such as CYC or Wordnet. We have completed the initial veoitie API and are testing the compatibility
of existing ontologies with the needs of ECG analysis.

Of course, large scale use of ECG will require an extensive compendiucorstructions, but this is what
many linguists do for a living. Our (admittedly visionary) visief how this might all work comes from organic
chemistry. Chemists have developed notations and disciplinary caiah that allows then to cumulatively de-
scribe a collection of objects and interactions that is of complexity coampato language. The FrameNet effort
and the general success of Open Source Software suggests that it is nobnabéaso work towards a scientific
linguistics that will yield the wisdom needed for a knowledge based Ninfact, the world-wide HPSG consor-
tium has gone far towards building a community effort on common grararand analyzers for several languages
(http://www.ling.ohiostate.edu/research/hpsg/ ). The form efdeCG shares many features with HPSG and it is at
least possible that some synthesis could be brought about.

Another stream of analysis comes from learning approaches currently pungueanly researchers that are at-
tempting to automatically extract semantic relations from text (Gildda&fsky 2002; Harabagiu & Moldovan 1998;
Harabagiu 2002; Rosariet al. 2002; Mohit & Narayanan 2003) The learning techniques used cover the spectru
from supervised methods (that need high quality annotations) to weadrgsed and unsupervised methods.

We believe that it is necessary for the two approaches to coarticulate ana isdeh other. Corpora labeled using
knowledge intensive analyses can be used as training data for learniegnsysor example, Gildea’s program (Gildea
& Jurafsky 2002) for learning to extract semantic roles from text vaieéd on data from the FrameNet corpus. On the
other hand, statistical regularities revealed by learning studies camitiierdesign of constructions and of semantic
analysis systems that attempt to find most likely descriptions. Theravise range of efforts following both paths.
Specifically, we are pursuifgthe path of combining statistical learning techniques with construgiéssing in the
AQUAINT project as part of the ARDA program on question answeringesyst Again, it would be naive to assume
the semantic analysis problem can be easily solved, but equally naive, aldsslproductive, to give up trying.

7 Conclusion

Scalable probabilistic inference models such as CPRM are not sufficietarfm NLU systems, but are certainly
necessary. We propose to develop the theory of CPRM, implement a ggreaailable package that efficiently
realizes the theory, and demonstrate its inferential capabilities on a scatasilen of the existing pilot understanding
system (Section 2). As parallel efforts to build semantic analyzers anddetauiverage ontologies and knowledge
compendia mature, we will be ready to exploit these resources for largeamalications in NLU. In addition, the
CPRM package could be potentially useful in a wide range of scientific mutipal tasks that are now using one of the
less expressive members of the model space of Figure 4. Assumingpprafiress on the other key issues, CPRM
could form the inferential core of scalable NLU systems that could radichiyge who can use computers and what
can be done with them. In any event, the proposed research should addundeustanding of both probabilistic
reasoning and natural languages.

10The project is a collaborative effort that involves Chrisiing from Stanford University, Marti Hearst from SIMS, U@iReley and Feldman
and Narayanan from ICSI, Berkeley.
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