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Abstract

With the increasing use of researchpaper
searchengines,suchas CiteSeerfor both lit-
eraturesearchand hiring decisions,the accu-
ragy of suchsystemsis of paramountmpor-
tance. This paperemploys Conditional Ran-
dom Fields (CRFs)for the task of extracting
variouscommon elds from the headersand
citation of researchpapers. The basic the-
ory of CRFsis becomingwell-understoodbut
best-practicegor applyingthemto real-world
datarequiresadditionalexploration. This paper
malkesan empiricalexplorationof severalfac-
tors, including variationson Gaussianexpo-
nentialandhyperbolic-  priorsfor improved
regularization,and several classesf features
and Markov ordet On a standardoenchmark
dataset,weachieve new state-of-the-anperfor
mance,reducingerror in averageF1 by 36%,
andword errorrateby 78%in comparisorwith
the previousbestSVM results.Accurag com-
paresevenmorefavorablyagainstHMMs.

1 Intr oduction

Research paper search engines, such as CiteSeer
(Lawrence et al., 1999) and Cora (McCallum et al.,

2000), give researchersremendouspower and corve-

niencein theirresearchThey arealsobecomingncreas-
ingly usedfor recruitingandhiring decisions. Thusthe

informationquality of suchsystemss of signi cant im-

portance.This quality critically dependn aninforma-
tion extraction componenthat extractsmeta-datasuch
astitle, author institution, etc, from paperheadersand
referenceshecauseahesemeta-dataare further usedin

mary componengpplicationsuchas eld-basedsearch,
authoranalysisandcitationanalysis.
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Previouswork in informationextractionfrom research
papershas been basedon two major machinelearn-
ing techniques. The rst is hidden Markov models
(HMM) (Seymore et al., 1999; Takasu, 2003). An
HMM learnsa generatre model over input sequence
and labeledsequencepairs. While enjoying wide his-
torical successstandardHMM modelshave dif culty
modeling multiple non-independenfeaturesof the ob-
senation sequence. The secondtechniqueis based
on discriminatiely-trainedSVM classi ers (Han et al.,
2003). TheseSVM classi ers can handlemary non-
independenfeatures.However, for this sequencdabel-
ing problem,Hanetal. (2003)work in atwo stagegro-
cess: rst classifyingeachline independentlyo assignit
label, thenadjustingtheselabelsbasedon an additional
classi erthatexaminedargerwindowsof labels.Solving
the information extraction problemin two stepslooses
the tight interactionbetweenstatetransitionsand obser
vations.

In this paper we presentesultson this researctpaper
meta-dataextraction task using a Conditional Random
Field (Lafferty et al., 2001), and explore several practi-
cal issuesn applying CRFsto informationextractionin
general. The CRF approachdraws togetherthe advan-
tagesof both nite stateHMM anddiscriminatve SVM
techniquesby allowing useof arbitrary dependenfea-
turesandjoint inferenceover entiresequences.

CRFshave beenpreviously appliedto othertaskssuch
asnameentity extraction(McCallumandLi, 2003),table
extraction (Pinto et al., 2003) and shallav parsing(Sha
and Pereira,2003). The basictheory of CRFsis now
well-understoodbut thebest-practicefor applyingthem
to new, real-world datais still in an early-eploration
phase Herewe exploretwo key practicalissuesi(1) reg-
ularization,with an empirical study of GaussianChen
andRosenfeld2000),exponentialGoodman2003),and
hyperbolic- (Pintoetal., 2003)priors; (2) exploration
of variousfamilies of features,ncluding text, lexicons,



andlayout, aswell asproposinga methodfor the bene-
cial useof zero-counffeatureswithout incurring large
memorypenalties.

We describea large collectionof experimentalresults
on two traditional benchmarkdata sets. Dramaticim-
provementsare obtainedin comparisonwith previous
SVM andHMM basedesults.

2 Conditional Random Fields

Conditionalrandom elds (CRFs)areundirectedgraph-
ical modelstrainedto maximizea conditionalprobabil-
ity (Lafferty etal., 2001). A commonspecial-casgraph
structureis a linear chain,which correspondso a nite

statemachine,andis suitablefor sequencdabeling. A
linearchain CRF with parameters de nes

a conditionalprobability for a state(or label) sequence

givenaninputsequence to be

@)

where is the normalization constantthat makes
the probability of all state sequencessum to one,
is a feature function which is often

binary-valued but canbereal-valued,and isalearned
weightassociatedvith feature . Thefeaturefunctions
canmeasureary aspecbf a statetransition,
andthe obsenationsequence, , centeredat the current
time step, . For example, one featurefunction might
have valuel when isthestateTITLE, isthestate
AUTHOR, and isawordappearingn alexicon of peo-
ple's rst names.Largepositive valuesfor  indicatea
preferencdor suchanevent,while large negative values
male theeventunlikely.

Given sucha modelasde ned in Equ. (1), the most
probabldabelingsequencéor aninput

can be efciently calculatedby dynamic programming
using the Viterbi algorithm. Calculatingthe mamginal
probability of statesor transitionsat each position in

the sequenceby a dynamic-programmindpasedinfer-

enceprocedurevery similarto forward-backvardfor hid-

denMarkov models.

The parametersmay be estimated by maximum
likelihood—maximizingthe conditional probability of
a set of label sequenceseachgiven their correspond-
ing input sequences.The log-likelihood of training set

We considerhereonly nite statemodelsin which thereis
a one-to-onecorrespondencbetweenstatesandlabels;this is
not, however, strictly necessary

ounts of lamda (i log scale)

2 E)
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Figurel: Empiricaldistribution of

is written

)

Maximizing (2) correspondgo satisfyingthe follow-
ing equality whereinthethe empiricalcountof eachfea-
ture matchests expectedcountaccordingto the model

CRFssharemary of the advantageouspropertiesof
standardnaximumentropy models,includingtheir con-
vex likelihoodfunction,which guaranteethatthelearn-
ing procedurecorvergesto the global maximum. Tra-
ditional maximumentroyy learningalgorithms,suchas
GIS and lIS (Pietraet al., 1995), can be usedto train
CRFs, however, it hasbeenfound that a quasi-Nevton
gradient-climberBFGS,convergesmuchfaster(Malouf,
2002; Shaand Pereira,2003). We use BFGS for opti-
mization. In our experimentswe shall focusinsteadon
two otheraspect®f CRFdeployment,namelyregulariza-
tion andselectiorof differentmodelstructureandfeature

types.

2.1 Regularizationin CRFs

To avoid over- tting, log-likelihoodis oftenpenalizedy

some prior distribution over the parameters. Figure 1

shavs anempiricaldistribution of parameters, , learned
from an unpenalizedikelihood, including only features
with non-zerocountin the training set. Threeprior dis-

tributions that have shapesimilar to this empirical dis-

tribution are the Gaussiarprior, exponentialprior, and
hyperbolic- prior, eachshavn in Figure?2. In this pa-
perwe provide anempiricalstudyof thesethreepriors.



Figure2: Shape®f prior distributions

2.1.1 Gaussianprior
With a Gaussiarprior, log-likelihood(2) is penalized
asfollows:

®3)

where isavariance.
Maximizing (3) correspondso satisfying

This adjustedconstraint(aswell asthe adjustmentsm-
posedby the othertwo priors)is intuitively understand-
able: ratherthan matchingexact empirical featurefre-
guenciesthe modelis tunedto matchdiscountedeature
frequencies.Chenand Rosenfeld(2000) discussthis in
the context of otherdiscountingprocedurecommonin
languagemodeling.We call thetermsubtractedrom the
empiricalcounts(in this case ) adiscountedralue

The variancecan be featuredependent.However for
simplicity, constantariances oftenusedfor all features.
In this paper however, we experimentwith severalalter
nateversionsof Gaussiarprior in which the varianceis
featuredependent.

Although Gaussian(and other) priors are gradually
overcomeby increasingamountsof training data, per
hapsnot at the right rate. The threemethodsbelow all
provide waysto alter this rate by changingthe variance
of the Gaussiarprior dependendn featurecounts.

1. ThresholdCut: In languagemodeling,e.g, Good-
Turing smoothing,only low frequeng words are
smoothed.Here we apply the sameideaand only
smooththosefeatureswhosefrequenciesare lower
than a threshold(7 in our experiments,following
standardracticein languagemodeling).

2. Divide Count: Here we let the discountedvalue
for afeaturedependonits frequeng in thetraining

set, . Thediscounted
valueusedhereis where is aconstanpver

all features.In this way, we increasehe smoothing
onthelow frequeng featureanoresothanthehigh

frequeng features.

3. Bin-Based: We divide featuresinto classeshased
on frequeng. We bin featuresby frequeng in the
trainingset,andlet thefeaturesn thesamebin share
the samevariance.Thediscountedralueis setto be

where is the countof features, is
thebinsize,and istheceilingfunction. Alterna-
tively, the variancein eachbin may be setindepen-
dentlyby cross-alidation.

2.1.2 Exponential prior

Whereaghe Gaussiarprior penalizesaccordingto the
squareof theweights(an  penalizer)theintentionhere
is to createa smoothlydifferentiableanalogueto penal-
izing theabsolute-alueof theweights(an  penalizer).

penalizersoften resultin more“sparsesolutions; in
whichmary featureshave weightnearlyatzero,andthus
provideakind of softfeatureselectiorthatimprovesgen-
eralization.

Goodman (2003) proposes an exponential prior,
speci cally a Laplacianprior, asan alternative to Gaus-
sianprior. Underthis prior,

(4)

where is aparametem exponentialdistribution.
Maximizing (4) would satisfy

This correspondso the absolutesmoothingmethodin
languagamodeling. We setthe ; i.e. all features
sharethe sameconstantwhosevalue canbe determined
usingabsolutadiscounting ,where and
arethenumberof featuresoccurringonceandtwice (Ney
etal., 1995).

2.1.3 Hyperbolic- prior

Another  penalizeris the hyperbolic-  prior, de-
scribedn (Pintoetal.,2003).Thehyperbolicdistribution
haslog-lineartails. Consequentlyhe classof hyperbolic
distributionis animportantalternatve to the classof nor-
mal distributions and hasbeenusedfor analyzingdata
from variousscienti ¢ areassuchas nance, thoughless
frequentlyusedin naturallanguageprocessing.

Underahyperbolicprior,
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which correspondso satisfying

The hyperbolicprior wasalsotestedwith CRFsin Mc-
CallumandLi (2003).

2.2 Exploration of Feature Space

Wise choiceof featuresis alwaysvital the performance
of any machindearningsolution. Featurenduction(Mc-
Callum,2003)hasbeenshownn to provide signi cant im-
provementdn CRFsperformanceln someexperiments
describedbelon we usefeatureinduction. The focusin
this sectionis onthreeotheraspect®f thefeaturespace.

2.2.1 Statetransition features

In CRFs,statetransitionsare alsorepresenteasfea-
tures. The featurefunction in Equ. (1)
is agenerafunctionover statesandobsenations.Differ-
ent statetransitionfeaturescan be de ned to form dif-
ferent Markov-order structures. We de ne four differ-
ent statetransitionsfeaturescorrespondingo different
Markov order for different classesof features. Higher
orderfeaturesmodeldependencieletter but alsocreate
more datasparseproblemand requiremore memoryin
training.

1. First-order:Heretheinputsareexaminedn thecon-
text of the currentstateonly. The featurefunctions
arerepresente@s . Thereare no separate
parametersr preference$or statetransitionsatall.

2. First-order+transitions: Here we add parameters
correspondingo statetransitions.Thefeaturefunc-
tionsusedare

3. Second-orderHereinputsareexaminedin the con-
text of the currentandpreviousstates Featurgunc-
tion arerepresenteds

4. Third-order: Hereinputs are examinedin the con-
text of thecurrent two previousstates Featurdunc-
tion arerepresenteds

2.2.2 Supportedfeaturesand unsupported features

Before the useof prior distributions over parameters
was commonin maximumentropy classi ers, standard
practicewas to eliminate all featureswith zero count
in the training data(the so-calledunsupportedeatures).

However, unsupportedzero-countfeaturescan be ex-
tremely useful for pushingViterbi inferenceaway from
certainpathsby assigningsuchfeaturesnegative weight.
The use of a prior allows the incorporationof unsup-
portedfeatureshowever, doingsooftengreatlyincreases
the number parametersand thus the memory require-
ments.

Below we experimentwith modelscontainingandnot
containingunsupportedeatures—bottwith andwithout
regularizationby priors,andwe arguethatnon-supported
featuresareuseful.

We presenthereincrementalsupport a methodof in-
troducingsomeusefulunsupportedeatureswithout ex-
ploding the numberof parametersvith all unsupported
features.The modelis trainedfor severaliterationswith
supportedeaturesonly. Theninferencedetermineghe
label sequencesassignedhigh probability by the model.
Incorrect transitions assignedhigh probability by the
modelareusedto selectvely addto the modelthoseun-
supportedeatureghatoccuron thosetransitionswhich
may helpimprove performanceby beingassignecega-
tiveweightin futuretraining. If desiredseveraliterations
of this procedurenaybeperformed.

2.2.3 Local features,layout featuresand lexicon
features

Oneof theadwantage®f CRFsandmaximumentrogy
modelsin generals thatthey easilyafford theuseof arbi-
trary featuresof theinput. Onecanencoddocal spelling
features)ayoutfeaturessuchaspositionsof line breaks,
aswell asexternallexicon featuresall in oneframework.
We studyall thesefeaturesin our researctpaperextrac-
tion problem,evaluatetheirindividual contrikutions,and
give someguidelinesfor selectinggoodfeatures.

3 Empirical Study
3.1 Hidden Mark ov Models

Here we also briey describea HMM model we used
in our experiments.We relaxthe independencassump-
tion madein standardHMM andallow Markov depen-
denciesamongobsenations, e.g., . We

canvary Markov ordersin statetransitionand obsena-

tion transitions.In our experimentsa modelwith second
order statetransitionsand rst orderobsenation transi-
tions performsthe best. The statetransitionprobabilities
andemissionprobabilitiesareestimatedisingmaximum
likelihood estimationwith absolutesmoothing, which

wasfoundto beeffectivein previousexperimentsinclud-

ing Seymoreetal. (1999).

3.2 Datasets

We experimentwith two dataset®f researctpapercon-
tent. Oneconsistof the headerof researctpapers.The



otherconsistsof pre-sgmenteccitationsfrom the refer
encesectionsof researchpapers. Thesedatasetshave
beenusedas standardbenchmarksn several previous
studies(Seymore et al., 1999; McCallum et al., 2000;
Hanetal., 2003).

3.2.1 Paper headerdataset

The headerof a researctpaperis de ned to be all of
the words from the beginning of the paperup to either
the rst sectionof the paper usually the introduction,
or to the end of the rst page,whichever occurs rst.
It contains15 elds to be extracted: title, author afl-
iation, addressnote, email, date,abstract,jntroduction,
phone,keywords,web, degree,publicationnumber and
page(Seymoreetal., 1999). Theheadeidatasetontains
935 headers. Following previous research(Seymore et
al., 1999; McCallum et al., 2000; Han et al., 2003), for
eachtrial we randomlyselect500for trainingandthere-
maining435for testing.We referthis datasetisH.

3.2.2 Paperreferencedataset

The reference dataset was created by the Cora
project (McCallum et al., 2000). It contains500 refer
enceswe use350 for training andthe rest150 for test-
ing. Referencesontainl3 elds: author title, editor,
booktitle, date,journal, volume, tech, institution, pages,
location,publisher note. We referthis dataseasR.

3.3 Performance Measures

To give a comprehensie evaluation, we measureper

formanceusing several differentmetrics. In additionto

the previously-usedwvord accurag measurgwhich over-

emphasizesiccurayg of the abstact eld), we useper

eld F1measurdgbothfor individual elds andaveraged
overall elds—calleda“macroaverage”in theinforma-
tion retrieval literature),andwhole instanceaccurag for

measuringoverall performancen a way thatis sensitve

to evenasingleerrorin ary partof headeor citation.

3.3.1 Measuring eld-speci c performance

1. Word Accurag: Wede ne  asthenumberof true
positive words, asthe numberof falsenegative
words, asthe numberof falsepositive words,
asthe numberof true negative words,and

is thetotal numberof words.Word accurag
is calculatedo be

2. F1-measure: Precision,recalland F1 measureare
de ned asfollows. Precisior= —— Recall= ——

Fl=

3.3.2 Measuring overall performance

1. Overall word accurag: Overall word accuray
is the percentagef words whosepredictedlabels
equaltheir true labels. Word accurag favors elds
with large numberof words,suchasthe abstiact.

2. Averaged--measure: Averaged--measurés com-
putedby averagingthe F1-measuresver all elds.
AverageF-measurdavors labelswith small num-
ber of words, which complementsvord accurag.
Thus,we considerbothword accuray andaverage
F-measurén evaluation.

3. Wholeinstanceaccurag: An instancehereis de-
ned to be a single headeror reference. Whole
instanceaccuray is the percentagef instancesn
which everywordis correctlylabeled.

3.4 Experimental Results

We rst report the overall resultsby comparingCRFs
with HMMs, andwith the previously bestbenchmarke-
sultsobtainecby SVMs (Hanetal.,2003).Wethenbreak
down the resultsto analyzevariousfactorsindividually.
Table 1 shows the resultson dataseH with the bestre-
sultsin bold; (intro and page elds are not shavn, fol-
lowing pastpractice(Seymoreet al., 1999; Han et al.,
2003)). Theresultswe obtainedwith CRFsusesecond-
orderstatetransitionfeatures)ayout featuresaswell as
supportedand unsupportedeatures. Featureinduction
is usedin experimentson datasetR; (it didn't improve
accurag on H). Theresultswe obtainedwith the HMM
modeluseasecondrdermodelfor transitionsanda rst
orderfor obsenations. The resultson SVM is obtained
from (Hanetal., 2003)by computingF1 measuregrom
theprecisionandrecallnumberghey report.

HMM CRF SVM
Overallacc. 93.1% 98.3% 92.9%
Instanceacc. 4.13% 73.3% -

acc. | F1 acc. F1 acc. F1
Title 98.2 | 82.2] 99.7] 97.1| 98.9| 96.5
Author 98.7 | 81.0] 99.8| 975 99.3| 97.2
Af liation 98.3|85.1]99.7] 97.0| 98.1| 93.8
Address 99.1| 84.8] 99.7] 95.8| 99.1| 94.7
Note 978 81.4] 988 91.2| 955 | 81.6
Email 999 925] 999 95.3| 99.6 | 91.7
Date 99.8| 80.6| 99.9| 95.0| 99.7 | 90.2
Abstract 97.1]198.0] 99.6 | 99.7| 975 | 93.8
Phone 99.8| 53.8199.9| 979 99.9| 924
Keyword 98.7 | 40.6 | 99.7 | 88.8| 99.2 | 88.5
Web 999 686] 999|941 99.9| 924
Degree 995 68.8]99.8| 84.9| 995| 70.1
Pubnum 99.8| 64.2] 99.9| 86.6 | 99.9| 89.2
| AverageFl | | 75.6 ] [ 93.9 ] [ 89.7 ]

Tablel: Extractionresultsfor paperheaderonH

Table 2 shaws the resultson datasetR. SVM results
arenot availablefor thesedatasets.



HMM CRF

Overallacc. 85.1% 95.37%
instanceacc. 10% 77.33%
acc. F1 acc. F1
Author 96.8 92.7 [ 99.9| 994
Booktitle 944 1] 0.85 | 97.7]| 937
Date 99.7] 96.9 | 99.8| 98.9
Editor 988 70.8 | 995 87.7
Institution | 985 72.3 | 99.7] 94.0
Journal 96.6 | 67.7 [ 99.1] 91.3
Location 99.1| 81.8 | 99.3| 87.2
Note 99.2] 50.9 | 99.7] 80.8
Pages 98.1] 729 [ 99.9| 98.6
Publisher | 99.4| 79.2 | 994 76.1
Tech 988 749 | 994 86.7
Title 92.2] 87.2 | 98.9| 98.3
Volume 986 | 75.8 | 99.9| 97.8

| AverageFl | | 77.6% | [ 91.5% |

Table2: Extractionresultsfor papemreferencesnR

3.5 Analysis

3.5.1 Overall performancecomparison

From Table (1, 2), one can seethat CRF performs
signi cantly betterthan HMMs, which again supports
the previous ndings (Lafferty etal., 2001; Pintoet al.,
2003).CRFsalsoperformsigni cantly betterthanSVM-
basedapproachyielding new stateof theartperformance
onthistask. CRFsincreasgheperformancen nearlyall
the elds. Theoverall word accurag is improved from
92.9%to 98.3%,which correspondso a 78% error rate
reduction.However, aswe canseeword accurag canbe
misleadingsinceHMM modelevenhasahigherwordac-
curag thanSVM, althoughit performsmuchworsethan
SVM in mostindividual elds exceptabstiact Interest-
ingly, HMM performsmuchbetteronabstact eld (98%
versus93.8%F-measureyvhich pusheghe overall accu-
ragy up. A bettercomparisoncanbe madeby compar
ing the eld-basedF-measuresHere,in comparisorto
the SVM, CRFsimprove the F1 measurdrom 89.7%to
93.9%,anerrorreductionof 36%.

3.5.2 Effectsof regularization

The results of different regularization methodsare
summarizedn Table (3). SettingGaussianvarianceof
featureslependingnfeaturecountperformsbetter from
90.5%t0 91.2%, an error reductionof 7%, when only
using supportedfeatures,and an error reductionof 9%
when using supportedand unsupportedfeatures. Re-
sults are averagedover 5 randomruns, with an aver-
agevarianceof 0.2%. In our experimentswe found the
Gaussianprior to consistentlyperform better than the
others. Surprisingly exponentialprior hurtsthe perfor
mancesigni cantly. It over penalizeghelik elihood(sig-
ni cantly increasingcost—de nedasnegative penalized

supportfeat. | all features
Method F1 F1

Gaussiann nity 90.5 93.3
Gaussiarvariance= 0.1 81.7 91.8
Gaussiarvariance= 0.5 87.2 93.0
Gaussiarvariance= 5 90.1 93.7
Gaussiarvariance= 10 89.9 93.5

| Gaussiarcut 7 | 901 | 934 ]

| Gaussiarivide count | 909 [ 928 |
Gaussiarbin 5 90.9 93.6
Gaussiarbin 10 90.2 92.9
Gaussiarbin 15 91.2 93.9
Gaussiarbin 20 90.4 93.2

| Hyperbolic | 89.4 | 928 |

| Exponential | 80.5 | 856 |

Table3: RegularizationcomparisonsGaussiarin nity is
non-regularized,Gaussianvariance= X setsvarianceto
be X. Gaussiarcut 7 refersto the ThresholdCut method,
Gaussiardividecountrefersto the Divide Countmethod,
Gaussiarbin N refersto the Bin-Basedmethodwith bin
sizeequalsN, asdescribedn 2.1.1

log-likelihood). We hypothesizedhatthe problemcould

be thatthe choiceof constant is inappropriate.Sowe

tried varying insteadof computingit using absolute
discounting put foundthe alternatvesto performworse.
Theseresultssuggesthat Gaussiarprior is a saferprior

to usein practice.

3.5.3 Effectsof exploring feature space

Statetransition featuresand unsupported features.

We summarizehe comparisorof differentstatetran-
sition modelsusingor not usingunsupportedeaturesn
Table4. The rst columndescribeshefour differentstate
transitionmodels thesecondcolumncontaingheoverall
word accurag of thesemodelsusingonly supportfea-
tures,andthe third column containsthe resultof using
all featuresjncluding unsupportedeatures.Comparing
the rows, one can seethat the second-ordemodel per
formsthe best,but not dramaticallybetterthanthe rst-
order+transitionandthethird ordermodel. However, the
rst-order modelperformssigni cantly worse. The dif-
ferencedoesnotcomefrom sharingtheweights,but from
ignoringthe . The rst ordertransitionfeature
is vital here. We would expectthe third ordermodelto
performbetterif enoughtrainingdatawereavailable.

Comparingthe secondandthe third columns,we can
seethatusingall featuresncludingunsupportedeatures,
consistentlyperforms better than ignoring them. Our
preliminary experimentswith incrementalsupporthave
shavn performancein betweenthat of supported-only
andall featuresandarestill ongoing.

Effects of layout features



support | all
rst-order 89.0 90.4
rst-order+trans| 95.6 -
second-order 96.0 96.5
third-order 95.3 96.1

Table4: Effectsof usingunsupportedeaturesandstate
transitionson H

To analyzethe contribution of differentkinds of fea-
tures,we divide the featuresinto threecateyories: local

featuresjayoutfeatures andexternallexicon resources.

Thefeaturesve usedaresummarizedn Tableb.

| Featurename | Description |
Local features
INITCAP Startswith acapitalizedetter
ALLCAPS All characterarecapitalized
CONTAINSDIGITS Containsatleastonedigit
ALLDIGITS All characteraredigits
PHONEORZIP Phonenumberor zip code
CONTAINSDOTS Containsatleastonedot
CONTAINSDASH Containsatleastone-
ACRO Acronym
LONELYINITIAL Initials suchasA.
SINGLECHAR Onecharacteonly
CAPLETTER Onecapitalizedcharacter
PUNC Punctuation
URL Regularexpressiorfor URL
EMAIL Regularexpressiorfor e-address
WORD Worditself
Layout features
LINE_START At thebaginningof aline
LINE_IN In middleof aline
LINE_END At theendof aline
External lexicon features
BIBTEX_AUTHOR Matchword in authorlexicon
BIBTEX_DATE Wordslike Jan.Feh
NOTES Wordslike appeaed submitted
AFFILIATION Wordslik e institution, Labs etc

Table5: List of featuresused

Theresultsof usingdifferentfeaturesareshovn in Ta-
ble 6. The layoutfeaturedramaticallyincreaseshe per
formance raisingthe F1 measurdrom 88.8%to 93.9%,
whole sentenceccurag from 40.1%to 72.4%. Adding
lexicon featuresaloneimprovesthe performance.How-
ever, when combing lexicon featuresand layout fea-
tures theperformancés worsethanusinglayoutfeatures
alone.

The lexiconsweregatheredrom a large collection of
BibTeX les, anduponexaminationhaddif cult to re-
move noise,for examplewordsin the authorlexicon that
werealsoafliations. In previouswork, we have gained
signi cant bene tsby dividing eachlexiconinto sections
basedon point-wiseinformationgainwith respecto the

Word Acc. F1 Inst. Acc.
local feature 96.5% 88.8% 40.1%
+ lexicon 96.9% 89.9% 53.1%
+ layoutfeature 98.2% 93.4% | 72.4%
+ layout+ lexicon 98.0% 93.0% | 71.7%

Table6: Resultsof usingdifferentfeatureson H

lexicon'sclass.

3.5.4 Error analysis

Table7 is theclassi cationconfusionmatrix of header
extraction( eld page is not shavn to sare space).Most
errorshappenat the boundariedbetweentwo elds. Es-
peciallythetransitionfrom authorto af liation , from ab-
stract to keyword. The note eld is the one mostcon-
fusedwith others anduponinspectioris actuallylabeled
inconsistentlyin the training data. Other errors could
be x edwith additionalfeatureengineering—forexam-
ple, including additionalspecializedregular expressions
shouldmake email accurag nearly perfect. Increasing
the amountof training datawould also be expectedto
help signi cantly, asindicatedby consistennearly per
fectaccurag onthetrainingset.

4 Conclusionsand Futur e Work

This paperinvestigateghe issuesof regularization,fea-
ture spacesandef cient useof unsupportedeaturesin
CRFs,with anapplicationto informationextractionfrom
researctpapers.

For regularizationwe nd thatthe Gaussiamprior with
variancedependingpn featurefrequencieperformsbet-
terthanseveralotheralternatvesin theliterature.Feature
engineerings a key componentof ary machinelearn-
ing solution—especiallyin conditionally-trainedmod-
elswith suchfreedomto choosearbitraryfeatures—and
playsanevenmoreimportantrole thanregularization.

We obtainnew state-of-the-amperformancen extract-
ing standardelds from researctpaperswith a signi -
canterrorreductionby severalmetrics. We alsosuggest
betterevaluationmetricsto facilitate future researchin
thistask—especiallyeld-F1, ratherthanword accurag.

We have provided an empirical exploration of a few
previously-publishegriorsfor conditionally-trainedog-
linear models. Fundamentahdvancesin regularization
for CRFsremainsa signi cant openresearclarea.
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