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Abstract

The developmentof FrameNet,a large
databaseof semanticallyannotatedsen

tenceshasprimedresearchinto statistical
methodsfor semantictagging. We ad-

vance previous work by adopting a

Maximum Entropyapproachandby using
previoustag informationto find the high-

est probability tag sequencdor a given

sentence.Furtherwe examinethe use of

sentencdevel syntacticpatternfeaturesto

increasepaformance. We analyzeour

strategyon both human annotatedand
automaticallyidentified frame elements,
and compare performanceto previous
work on identical testdata. Experiments
indicate a statistically significant im-

provement (p<0.01) of over 6%.

1 Introduction

Recentwork in the developmentof FrameNet,a
largedatabasef semanticallyannotatedsentences,
haslaid the foundationfor statisticalapproacheso
the task of automatic semantic classification.

The FrameNefprojectseeksto annotatea large
subsetof the British National Corpuswith seman-
tic information. Annotationsare basedon Frame
SemanticgFillmore, 1976) in which framesare
definedas schematicrepresentationsf situations
involving variousframe elementssuchas partici-
pants, props, and other conceptual roles.

In each FrameNetsentencea single target
predicateis identified and all of its relevantframe
elementsare taggedwith their semanticrole (e.g.,
Agent, Judge),their syntactic phrasetype (e.g.,

NP, PP),andtheir grammaticalfunction (e.qg., ex-

ternalargumentpbjectargument). Figure 1 shows
an exampleof anannotatedsentencendits appre

priate semantic frame.

Frame:  Body-Movement

Frame Elements:

Agent  Body Part Cause
She clapped_her handm inspiration.
-NP -NP -PP
-Ext -Obj -Comp

Figure 1. Framefor lemmaOclap&hownwith three
coreframe elementsand a sentenceannotatedvith ele
ment type, phrase type, and grammatical function.

As of its first releasein June2002, FrameNet
has made available 49,000 annotatedsentences.
The releasecontains99,000annotatedframe ele-
ments for 1462 distinct lexical predicates(927
verbs, 339 nouns, and 175 adjectives).

While considerablen scale,the FrameNetda-
tabasedoesnot yet approachthe magnitudeof re-
sourcesavailablefor otherNLP tasks. Eachtarget
predicate,for example,has on averageonly 30
sentencegagged. This data sparsity makesthe
task of learning a semanticclassifier formidable,
and increasesthe importanceof the modeling
framework that is employed.

2 Related Work

To our knowledge Gildeaand Jurafsky(2002)
is the only work to useFrameNetto build a statis
tically basedsemanticclassifier. They split the
probleminto two distinct sub-tasksframe element
identification and frame elementclassification. In
the identification phase,syntacticinformation is
extractedfrom a parsetreeto learnthe boundaries



of the frameelementdn a sentence.In the class-

fication phase,similar syntactic information is

usedto classifythoseelementsnto their semantic
roles.

In both phasesGildea and Jurafsky (2002)
build a modelof the conditionalprobabilitiesof the
classificationgiven a vector of syntacticfeatures.
Thefull conditionalprobabilityis decomposedhto
simpler conditional probabilitiesthat are then in-
terpolatedto make the classification. Their best
performanceon held out testdatais achievedusing
a linear interpolation model:

m
p(r |X):! "opr %)

i=0
wherer is the classto be predicted x is the vector
of syntacticfeatures,x is a subsetof those fea-
tures,! ; is the weight given to that subsetcond-
tional probability (as determinedusing the EM
algorithm),andm is the total numberof subsets
used. Using this method,they reporta testsetac-
curacyof 78.5%on classifyingsemanticrolesand
precision/recallscoresof .726/.631on frame ele-
ment identification.

We extendGildeaand Jurafsky(2002)Oanitial
effort in threeways. First, we adopta maximum
ertropy (ME) frameworkin orderto learna more
accurateclassificationmodel. Secondwe include
featuresthatlook at previoustagsanduseprevious
tag informationto find the highestprobability se-
manticrole sequencdor a givensentence.Finally,
we exanine sentence-levepatternsthat exploit
more global informationin orderto classifyframe
elements. We comparethe resultsof our classifier
to that of Gildea and Jurafsky(2002) on matched
test setsof both humanannotatedand automait
cally identified frame elements.

3 Semantic Role Classification

Training (36,993 sentenced 75,548 frame ele-
ments), development(4,000 sentences 8,167
frame elements)andheld out test sets(3,865sen-
tences/ 7,899 frame elements)were obtainedin
order to exactly matchthoseusedin Gildea and
Jurafsky(2002). In the experimentspresented
below, featuresare extractedfor eachframe ele-
mentin a sentenceand usedto classify that ele-

! Data sets(including parsetrees)were obtainedfrom Dan
Gildea via personal communication.

mentinto oneof 120 semantiaole categories.The
boundarieof eachframe elementare given based
on the humanannotationsn FrameNet. In Section
4, experimentsare performedusing automatically
identified frame elements.

3.1 Features

For each frame element, featuresare extracted
from the surfacetext of the sentenceand from an
autamatically generatedsyntactic parse tree
(Collins, 1997). The featuresusedare described
below:

¥ Target predicate (tar): Although there may
be many predicatesn a sentencewith asso¢
atedframe elementsgclassificationoperateson
only onetargetpredicateat atime. Thetarget
predicateis the only featurethat is not ex-
tractedfrom the sentencdtself and must be
given by the user. Note that the frame which
the target predicateinstantiatesis not given,
leavingany word senseambiguitiesto be han-
dled implicitly by the classifiet.

¥ Phrasetype (pt): Thesyntacticphrasetype of
the frame element(e.g. NP, PP) is extracted
from the parsetree of the sentenceby finding
the constituentin the tree whose boundaries
matchthe humanannotatedboundarief the
element. In caseswherethere existsno con-
stituentthat perfectly matchegshe elementthe
constituents chosenwhich matcheghe largest
text spanof the elementand hasthe sameleft-
most boundary.

¥ Syntactic head (head): The syntacticheadsof
the frame elementsare extractedfrom the
frame elementOmatchingconstituent(as de-
scribed above) using a heuristic method de-
scribed by Michael Collins? This method
extractsthe syntactic headsof constituents;
thus,for example the secondframe elementin
Figure 1 has head Ohands,@hile the third
frame element has head Oin.O

¥ Logical Function (If): A simplification of the
grammaticalfunction annotation(seesection
1) is exracted from the parse tree. Unlike the

2 Because of the interaction of head word features with the
target predicate, we suspect that ambiguous lexical items do
not account for much error. This question, however, will be
addressed explicitly in future work.

3 http://www.ai.mit.edu/people/mcollins/papers/heads



Tablel. Featuresetsusedin ME frameelementclassifier. Showsindividual featuresets,examplefeature
function from that set,andtotal numberof featurefunctionsin the set. Examplestakenfrom frameelement
Oin inspiration,O shown in Figure 1.

Number Feature Set Example function Number of Functions
in Feature Set
0 S(r, tar) f(CAUSE, "clap”)=1 6,518
1 S(r, tar, pt) f(CAUSE, "clap”, PP)=1 12,030
2 S(r, tar, pt, If) f(CAUSE, "clap”, PP, other)=1 14,615
3 (v, pt, pos, voice) f(caUSE, NP, "clap”, active)=1 1,215
4 [, pt, pos, voice ,tar) | f(CAUSE, PP, after, active, "clap”)=1 15,602
5 [(r head) J(CAUSE, "in”)=1 18,504
6 (v, head, tar) S(CAUSE, "in”, "clap”’)=1 38,223
7 f(r, head, tar, pt) f(CAUSE, "in”, “clap”, PP)=1 39,740
8 f(r, order, syn) f(CAUSE, 2, 13,228
[NP-Ext, Target, NP-Obj, PP-other])=1
9 f(r, tar, order, syn) J(CAUSE, “clap”, 2, 40,580
[NP-Ext, Target, NP-Obj, PP-other])=1
10 flr,r -1) f(CaUSE, BODYPART)=1 1,158
11 flrr -1r -2) f(CAUSE, BODYPART, AGENT)=1 2,030
Total Number of Features: 203,443

full grammaticalfunction, the If canhaveonly
oneof threevalues:external argument,object
argument,other. A nodeis consideredan ex-
ternal argumentif it is an ancestorof an S
node,an object argumentif it is anancestoiof
a VP node,andother for all othercases. This
feature is only applied to frame elements
whose phrase type is NP.

Position (pos): The position of the frame ele-
mentrelativeto the target(before,after) is ex-
tracted based on the surface text of the
sentence.

Voice (voice): The voice of the sentencgac-
tive, passivg is determinedusing a simple
regularexpressionpassecdver the surfacetext
of the sentence.

Order (order): The positionof the frame ele-
mentrelativeto the otherframe elementsn the
sentence. For example,in the sentencefrom
Figure 1, the elementOShe®asorder=0,while
Oin inspirationO has order=2.

Syntactic pattern (pat): The sentenceevel
syntacticpatternof the sentenceas generated
by looking at the phrasetypes and logical
functions of eachframe elementin the sen-
tence. For example,in the sentenceQAlexan-
drabenther head;®Alexandrafd an external
argument Noun Phrase Obent(s a target
predicate,and OherheadQs an object argu-
mentNounPhrase Thus,the syntacticpattern
asseiatedwith the sentences [NP-ext, target,
NP-obj].

Thesesyntacticpatternscan be highly in-
formative for classification. For example,in
the training data, a syntacticpatternof [NP-
ext, target, NP-obj] given the predicatebend
was associated100% of the time with the
Frame Element pattern: OAGENT TARGET
BODYPART.O

¥ Previousrole (r_n): Frameelementsdo not
occur in isolation, but rather, dependvery
much on the other elementsin a sentence.
This dependencycan be exploitedin classif-
cation by using the sematic roles of preu-
ously classifiedframe elementsas featuresin
the classificationof a currentelement. This
strakegy takesadvantageof the fact that, for
example,if a frame elementis taggedas an
AGENT it is highly unlikely that the next ele-
ment will also be an BENT.

The previous role feature indicatesthe
classificationthat the n-previous frame ele-
mentreceived. During training, this informa-
tion is providedby simply looking at the true
classesf the frame elementoccurringn pos-
tions beforethe targetelement. During testing,
hypothesizealasse®f the n elementsaareused
and Viterbi searchis performedto find the
most probable tag sequence for a sentence.

3.2 Maximum Entropy

ME modelsimplementthe intuition that the best
modelwill betheonethatis consistentvith the set
of constrainsmposedby the evidence but other-



wiseis asuniform aspossible(Bergeret al., 1996).
We model the probability of a semanticrole r
given a vector of featuresx accordingto the ME
formulation below:
n
expll (. %)]

p(r [X) = yzx

Here Z, is a normalizationconstant,f(r,x) is a
featurefunction which mapseachrole and vector
element(or combinationof elements)}to a binary
value, n is the total numberof featurefunctions,
and ", is the weight for a given featurefunction.
Thefinal classificationis just the role with highest
probability given its feature vector and the model.

The featurefunctionsthat we employ can be
divided into featuresetsbaseduponthe typesand
combinationsof featureson which they operate.
Tablel lists the featuresetsthat we use,aswell as
the numberof individual feature functions they
contain. The feature combinationswere chosen
basedboth on previouswork andtrial anderror. In
future work we will examinemore principledfea-
ture selection teatiques.

It is importantto notethatthe featurefunctions
describedhere are not equivalentto the subset
conditionaldistributionsthatare usedin the Gildea
and Jurafsky model. ME modelsare log-linear
modelsin which feature functions map specific
instanceof syntacticfeaturesandclassego binary
values(e.qg., if a training elementhas head=0in0O
androle=CAUSE, then,for thatelementthe feature
functionf(cAusg OinOwill equall). Thus,ME is
not herebeingusedasanotherway to find weights
for an interpolatedmodel. Rather,the ME ap-
proach provides an overarching framework in
which the full distribution of semanticrolesgiven
syntactic features can be modeled.

We train the ME modelsusingthe GIS algo-
rithm (DarrochandRatcliff, 1972 asimplemented
in the YASMET ME package(Och, 2002). We
usethe YASMET MEtagger(Benderet al., 2003)
to performthe Viterbi search. The classifierwas
trained until performanceon the developmentset
ceasedto improve. Feature weights were
smoothedusing Gaussianpriors with mean 0
(Chenand Rosenfeld,1999). The standarddevia-
tion of this distribution was optimized on the de-
velopment set for each experiment.

3.3 Experiments

We presentthree experimentsin which different
featuresetsareusedto train the ME classifier. The
first experimentusesonly thosefeaturecombina-
tions describedin Gildea and Jurafsky (2002)
(featuresets0-7 from Table 1). The secondex-
perimentusesa supersetof the first andincorpo
ratesthe syntacticpatternfeaturesdescribedabove
(featuresets0-9). The final experimentusesthe
previoustags and implementsViterbi searchto
find the best tag sequence (feature sets 0-11).

We further investigatethe effect of varyingtwo
aspectof classifiertraining: the standarddeviation
of the Gaussiarpriors usedfor smoothing,andthe
numberof sentencesisedfor training. To examine
the effect of optimizing the standarddeviation,a
range of valueswas chosenand a classifierwas
trained using eachvalue until performanceon a
development set ceased to improve.

To examinethe effect of training set size on
performancefive datasetswere generatedrom
the original set with 36, 367, 3674, 7349, and
24496 sentencesrespectively. Thesedata sets
were createdby going throughthe original setand
selectingeverythousandthhundredth tenth, fifth,
and every second and third sentence, respectively.

Classifier Performance on Test Set
86

84.7
83.6

78.5

76

G&J

Exp 1 Exp 2 Exp 3

Figure 2. Performanceof modelson test data using
handannotatedrame elementboundaries. G&J refers
to the resultsof Gildeaand Jurafsky(2002). Exp 1 in-
corpaatesfeaturesetsO-7 from Table 1; Exp 2 feature
sets 0-9; Exp 3 features 0-11.

3.4 Results

Figure 2 showsthe results of our experiments
alongsidethoseof (Gildeaand Jurafsky,2002) on
identical held out testsets. The differencein per-
formancebetweeneach classifier is statigically
significantat (p<0.01) (Mitchell, 1997), with the



exceptionof Exp 2 andExp 3, whosedifferenceis
statistically signifcant at (p<0.05).

Table 2. Effect of different smoothingparametei(std.
dev.) values on classification performance.

Std. Dev. % Correct
1 79.9
2 82.1
4 81.9

Table 2 showsthe effect of varying the stan-
dard deviation of the Gaussianpriors used for
smoothingin Experimentl. The differencein per-
formance betweenthe classifierstrained using
standarddeviation1 and 2 is statistically signifi-
cant at (p<0.01).
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Figure 3. Effect of training set size on semanticrole
classification.
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Figure 3 showsthe changein performanceasa
function of training set size. Classifierswere
trainedusingthe full setof featuresdescribedfor
Experiment 3.

Table3 showsthe confusionmatrix for a subset
of semanticoles. Five roleswerechoserfor pres
entationbasedupontheir high contributionto clas
sifier error. Confusionbetweenthesefive account
for 27% of all errorsmadeamongstthe 120 posst
ble roles. Thetenthrole, other, representshe sum
of the remaining115roles. Table 4 presentsex-
ample errors for five of the most dosed roles.

3.5 Discussion

It is clearthat the ME modelsimprove perform-
anceon frame elementclassification. Therearea
number of reasons for this improvement.

First, for this taskthe log-linearmodelemployed
in the ME frameworkis betterthanthe linear in-
terpdation model used by Gildea and Jurafsky.

One possiblereasonfor this is that semanticrole
classificationbenefitsfrom the ME modelO$ias
for more uniform probability distributionsthat s&-
isfy the constraintsplacedon the model by the
training data.

Anotherreasonfor improvedperformancecomes
from MEOssimpler design. Insteadof having to
worry about finding proper backoff strategies
amongstdistributionsof featuressubsetsME al-
lows one to include many featuresin a single
model and automaticallyadjuststhe weights of
these features appropriately.

Table3. Confusionmatrix for five roleswhich contrib-
ute mostto overall systemerror. Columnsrefer to ac
tual role. Rowsreferto the modelO&ypothesis. Other
refers to combination of all other roles.

Area Spkr Goal Msg | Path | Other | Prec.
Area 98 6 18 16 | 0.710
Spkr 373 23 41 | 0.853
Goal 11 431 28 50 | 0.828
Msg 18 1 315 33 | 0.858
Path 32 36 415 41 | 0.791
Other 15 21 26 24 33 5784 | 0.979
Recall | 0.628 0.905 0.862 0.87 0.84 0.969

Also, becausehe ME modelsfind weightsfor
manythousand®of featuresthey havemany more
degreesof freedomthan the linear interpolated
modelsof Gildea and Jurafsky. Although many
degreesof freedomcan lead to overfitting of the
training data, the smoothingprocedureemployed
in our experimentshelpsto counteractthis prab-
lem. As evidencedn Table 2, by optimizing the
standarddeviation used in smoothing the ME
modelsare able to show significant increasesn
performance on held out test data.

Finally, by including in our model sentence-
level patternfeaturesandinformation aboutprev-
ousclassesglobalinformationcanbe exploitedfor
improved classification. The accuracygainedby
including such global information confirms the
intuition that the semanticrole of an elementis
muchrelatedto the entire sentenceof whichiit is a
part.

Having discussedhe advantage®f the models
presentedhere,it is interestingto look at the errors
that the systemmakes. It is clearfrom the confu-
sion matrix in Table 3 thata greatdeal of the sys-
tem error comesfrom relatively few semantic



roles? Table4 offers someinsightinto why these
errorsoccur. For example,the confusionsexem-
plified in 1 and 2 are both dueto the fact that the
particularphrasesemployedcan be usedin multi-

ple roles (including the roles hypothesizedy the
system). Thus,while Oacrosghe counterGnay be
considereda goal whenoneis talking abouta per-
sonandtheir head,the samephrasewould be con-
sidereda path if one weretalking abouta mouse
who is running.

Table4. Exampleerrorsfor five of the mostoften con-
fused semantic roles

Actual Proposed| Example Sentence
1| Goal Path The barmancraned his head
across the counter
2 | Area Path Mr. Glassbeganhallucinating,
throwing books around the
classroom.
3 | Message | Speaker | Debatelasteduntil 20 Septem-

ber, opposition being voiced
by a number of Italian and
Spanish prelates.

4 | Addressee| Speaker | Furious staff claim they were
evencalledin from holiday to
be grilled by a specialistsecu-

rity firm

We cannot but admire the
efficiency with which she
took control of her own life.

5 | Reason Evaluee

Examples3 and 4, while showingphraseswith
similar confusions standout asbeingerrorscaused
by an inability to deal with passivesentences.
Sucherrorsare not unexpectedfor, eventhough
the voice of the sentences an explicit feature,the
systemsuffers from the paucity of passivesen-
tences in the data (approximately 5%).

Finally, example5 showsan error thatis based
on the difficult natureof the decisionitself (i.e., it
is unclearwhetherOtheefficiencyQs the reasorfor
admiration, or what is being admired). Often
times, phrasesare assignedsemanticrolesthat are
not obvious evento humanevaluators. In such
casedit is difficult to determinewhat information
might be useful for the system.

Having looked at the typesof errorsthat are
commonfor the system,it becomesnterestingto
examinewhat strategymay be bestto overcome
sucherrors. Aside from new featurespnesolution
is obvious: more data. The curve in Figure 2
showsthatthereis still a greatdeal of performance

to be gainedby training the currentME modelson
more data. The slopeof the curve indicatesthat
we arefar from a plateau,and that evenconstant
increasesn the amountof availabletraining data
may pushclassifierperformanceabove90% aca-
racy.

Having demonstratedhe effectivenesof the
ME approachon frame element classification
given hand annotatedframe elementboundaries,
we next examinethe value of the approachgiven
automatically identified boundaries.

4 Frame Element Identification

Gildea and Jurafsky equatethe task of locating

frame elementboundariesto one of identifying

frame elementsamongstthe parsetree constituents
of agivensentence.Becausenot all frameelement
boundaies exactly match constituentboundaries,
this approachcan perform no betterthan 86.9%
(i.e. the numberof elementsthat match constitu-
ents (6864) divided by the total numberof ele-

ments (7899)) on the test set.

4.1 Features

Frameelementidentificationis a binary classifica-
tion problemin which eachconstituentin a parse
treeis describedby a featurevectorand,basedon
thatvector,taggedaseithera frameelementor not.
In generatingeaturevectorswe usea subsebf the
featuresdescribedfor role tagging as well as an
additionalpathfeature.

* 44% of all error is due to confusion between only nine roles.
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She clapped her hands in inspiration

Figure4. Generatiorof path featuresusedin frame
elementtagging. The path from the constituentOinin-
spiration®to the target predicateOclapped@ repre
sented as the string PPP$VBD.

Gildea and Jurafskyintroducethe path feature
in orderto capturethe structuralrelationshipbe-
tween a constituent and the target predicate. The

Table5. Resultsof frame elementidentification. G&J representsesultsreportedin (Gildeaand Jurafsky,2002),
ME resultsfor the experimentgeportedhere. The secondcolumnshowsprecision,recall,and F-scoredor the task
of frame element identification, the third column for the combined task of identification and classification.

Method FE ID only FE ID + FE Classification

Precision | Recall | F-Score | Precision | Recall | F-Score
G&J Boundary id + baseline role labelq .726 .631 | .675 .67 468 | 551
ME Boundary id + ME role labeler .736 .679 | .706 .6 .554 | 576

path of a constituentis representedy the nodes
throughwhich one passeswhile traveling up the
tree from the constituentand then down through
the governing categoryto the target. Figure 4
showsan exampleof this featurefor a frame ele-
ment from the sentence presented in Figure 1.

4.2 Experiments

We usethe ME formulation describedin Section
3.2to build a binary classifier. The classifierfea-
turesfollow closelythoseusedin GildeaandJuraf-
sky. We modelthe datausingthe featuresets:f(fe,
path), f(fe, path, tar), andf(fe, head,tar), wherefe
representshe binary classificationof the constiu-
ent. While this experimentonly usesthreefeature
sets, the heterogeneityof the path featureis so
greatthatthe classifieritself usesl,119,331unique
binary features.

With the constituentshaving beenlabeled,we
apply the ME frame elementclassifier described
above. Resultsarepresentedisingthe classifierof
Experimentl, describedin section3.3. We then
investigatethe effect of varying the number of
constituentsusedfor training on identification per-
formance. Five datasetsof approximatelyl00,000
10,000,1,000,and 100 constituentsveregenerated
from the original setby randomselectionand used
to train ME models as described above.

4.3 Results

Table 5 compareghe resultsof Gildeaand Juraf-
sky (2002)andthe ME frame elementidentifier on
both the taskof frameelementidentificationalone,
and the combinedtask of frame elementidentifi-

cation and classification. In orderto be counted
correcton the combinedtask, the constituentmust



havebeencarectly identified as a frame element,
and then must have beencorrectly classifiedinto
one of the 120 semantic categories.

Recallis calculatedbasedon the total number
of frame elementsin the testset, not on the total
numberof elementghat have matchingparsecon-
stituents. Thus, the upper limit is 86.9%, not
100%. Precisionis calculatedas the number of
correctpositive classificationgdivided by the num-
ber of total positive cladsiations.

The differencein the F-scoreson the identifica-
tion task aloneand on the combinedtask are sta-
tistically significant at the (p<0.01) leveP. The
accuracyof the ME semanticclassifier on the
automatcally identified frame elementsis 81.5%,
not a statistically significant differencefrom its
performanceon handlabeledelementsbut a sta-
tistically significantdifferencefrom the classifier
of Gildea and Jurafsky (2002) (p<0.01).
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Figure5. Effect of training setsize on frame element
boundary identification.

Figure 5 showsthe resultsof varying the train-
ing set size on identification performance. For
eachdataset, thresholdswere chosento maximize
F-Score.

4.4 Discussion

It is clearfrom the resultsabovethat the perform-
anceof the ME modelfor frame elementclassii-

cation is robust to the use of automatically
identified frame elementboundaries. Further,the

® G&JOs results for the combined task were generated with a
threshold applied to the FE classifier (Dan Gildea, personal
communication). This is why their precision/recall scores are
dissimilar to their accuracy scores, as reported in section 3.

Because the ME classifier does not employ a threshold, com-

parisons must be based on F-score.

ME frameworkyields betterresultson the frame
elementidentification task than the simple linear
interpolationmodel of Gildea and Jurafsky. This
resultis not surprisinggiventhe discussiornn Sec-
tion 3.

What s striking, however,is the drasticoverall
reductionin performanceon the combinedidentifi-
cationandclassificationtask. The bottleneckhere
is the identification of frame elementboundaries.
Unlike with classificationthough, Figure 5 indi-
catesthat a plateauin the learningcurve hasbeen
reachedandthus, moredatawill notyield asdra-
matic animprovemenffor the givenfeaturesetand
model.

5 Conclusion

The resultsreportedhere show that ME models
provide higherperformanceon frameelementclas
sification tasks,given both humanand automait
cally identified frame elementboundariesthanthe
linear interpolationmodelsexaminedin previous
work. We attributethis increaseto the benefitsof
the ME frameworkitself, the incorporationof sen-
tence-levelsyntacticpatternsinto our featureset,
andthe useof previoustag informationto find the
most probable sequence of roles for a sentence.

But perhapamoststriking in our resultsarethe
effectsof varying training setsize on the perform-
anceof the classificationandidentificationmodels.
While for classificationthe learningcurveappears
to be still increasingwith training set size, the
learning curve for identification appearsto have
alreadybegunto plateau. This suggestghat while
classificationwill continueto improve asthe Fra-
meNetdatabasejetslarger,increasedgerformance
on identification will rely on the developmentbof
more sophisticated models.

In future work, we intendto apply the lessons
learnedhereto the problemof frameelementiden-
tification. Gildea and Jurafsky have shownthat
improvementsn identificationcanbe hadby more
closelyintegratingthe taskwith classification(they
report an F-Score of .719 using an integrated
model). We are currently exploring a ME ap
proachwhich integratesthesetwo tasksundera
taggingframework. Initial resultsshow that sig-
nificantimprovementsanbe had usingtechniques
similar to those described above.
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