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Abstract

Numerousreal-world applicationsproducenetworked datasuchasweb data
(hypertext documentgonnectedia hyperlinks)andcommunicatiometworks(peo-
ple connectedria communicatiorinks). A recentfocusin machinelearningre-
searchhasbeento extendtraditionalmachindearningclassi cationtechniqueso
classify nodesin suchdata. In this report, we attemptto provide a brief intro-
ductionto this areaof researclandhow it hasprogressediuringthe pastdecade.
We introducefour of the mostwidely usedinferencealgorithmsfor classifying
networked dataand empirically comparethem on both syntheticand real-world

data.

1 Intr oduction

Networks have becomeubiquitous. Communicationnetworks, nancial transaction
networks, networksdescribingphysicalsystemsandsocialnetworksareall becoming
increasinglyimportantin ourday-to-dayife. Often,weareinterestedn modelsof how
objectsin the network in uence eachother(e.g.,who infectswhomin an epidemio-
logical network), or we mightwantto predictanattribute of interestbasedbn obsened
attributesof objectsin thenetwork (e.qg.,predictingpolitical af liations basednonline
purchaseandinteractions)pr we mightbeinterestedn identifying importantlinks in
the network (e.g.,in communicatiometworks). In mostof thesescenariosanimpor
tant stepin achiezing our nal goal, that either solvesthe problemcompletelyor in
part,is to classifythe objectsin the network.

Given a network andan objecto in the network, therearethreedistinct typesof
correlationghatcanbe utilized to determinethe classi cationor label of o:

1. Thecorrelationshetweerthelabelof o andthe obsered attributesof o.

2. The correlationsbetweenthe label of 0 andthe obsered attributes(including
obsenedlabels)of objectsin the neighborhoodf o.
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Figurel: A smallwebpageclassi cationproblem.Eachbox denotesa webpageeach
directededgebetweena pair of boxesdenotesa hyperlink, eachoval nodedenotesa
randomvariable,eachshadedval denotesan obseredvariablewhereasanunshaded
oval nodedenotesanunobsered variablewhosevalueneeddo be predicted. Assume
thatthesetof labelvaluesis L = f°SH%°CH %. The gure shavsasnapshotiuringa
runof ICA. AssumethatduringthelastICA labelingiterationwe chosethefollowing
labels:y; =% SH%andy, =% CH? a andad shav what may happenif we try to
encodethe respectre valuesinto vectorsnaively, i.e., we getvariable-lengthvectors.
The vectorsa; anda, obtainedafterapplyingcount aggreation shavs oneway of
gettingaroundthis issueto obtain x ed-lengthvectors.Seetext for moreexplanation.

3. Thecorrelationshetweenthe label of 0 andthe unobsered labelsof objectsin
theneighborhoof o.

Collectiveclassi cation refersto the combinedclassi cation of a setof interlinked
objectsusingall threetypesof information describedabove. Note that, sometimes
the phraserelational classi cationis usedto denotean approachhatconcentratesn
classifyingnetwork databy usingonly the rst two typesof correlationdisted aborve.
However, in mary applicationsthat producedatawith correlationsbetweenabelsof
interconnectebjects(a phenomenorsometimeseferredto asrelational autocore-
lation [41]) labelsof the objectsin the neighborhoodare often unknovn aswell. In
suchcasesjt becomesecessaryo simultaneouslynfer the labelsfor all the objects
in the network.

Within the machinelearningcommunity classi cationis typically doneon each
objectindependentlywithout taking into accountary underlyingnetwork that con-
nectsthe objects. Collective classi cationdoesnot t well into this setting. For in-
stancejn thewebpageclassi cationproblemwherewebpagesreinterconnecteavith



hyperlinksandthe taskis to assigneachwebpagewith a labelthat bestindicatesits
topic, it is commonto assumehat the labelson interconnectedvebpagesare corre-
lated. Suchinterconnectionsccurnaturallyin datafrom a varietyof applicationssuch
asbibliographicdata[10, 16], emailnetworks[7] andsocialnetworks[41]. Traditional
classi cationtechniquesvould ignorethe correlationsrepresentetby theseintercon-
nectionsandwould be hard pressedo producethe classi cationaccuraciegpossible
usingacollective classi cationapproach.

Even thoughtraditional exact inferencealgorithmssuchas variable elimination
[68, 11] andthejunctiontreealgorithm[22] harborthe potentialto performcollective
classi cation,they arepracticalonly whenthe graphstructureof the network satis es
certainconditions. In general,exact inferenceis known to be an NP-hardproblem
andthereis no guaranteghatreal-world network datasatisfythe conditionsthatmake
exactinferencetractablefor collective classi cation. As aconsequencenostof there-
searchn collective classi cationhasbeendevotedto the developmeniof approximate
inferencealgorithms

In this reportwe provide an introductionto four popularapproximateinference
algorithmsusedfor collective classi cation, iterative classi cation, Gibbs sampling
loopy beliefpropagationandmean- eldrelaxationlabeling We provide anoutline of
the basicalgorithmsby providing pseudo-codegxplain how onecould apply themto
real-world data,provide theoreticajusti cations (if thereexist ary), anddiscusdssues
suchasfeatureconstructionandvariousheuristicsthat may lead to improved classi-

cation accurag. We provide casestudies,on both real-world and syntheticdata,to

demonstrat¢he strengthsandweaknessesf theseapproachesAll of thesealgorithms
have arich history of developmentandapplicationto variousproblemsrelatingto col-

lective classi cationandwe provide a brief discussiorof thiswhenwe examinerelated
work. Collective classi cationhasbeenanactive eld of researcHor the pastdecade
andasaresult,therearenumeroustherapproximatenferencealgorithmsbesideghe

four we describehere. We provide pointersto theseworks in the relatedwork sec-
tion. In the next section,we begin by introducingthe requirednotationandde ne the

collective classi cationproblemformally.

2 Collective Classi cation: Notation and Problem Def-
Inition
Collective classi cation is a combinatorialoptimization problem, in which we are

Ni  V nfVg, which describeghe underlyingnetwork structure. Eachnodein V
is a randomvariablethat cantake a valuefrom an appropriatedomain. V is further
divided into two setsof nodes: X, the nodesfor which we know the correctvalues
(obsenedvariables)and, Y, the nodeswhosevaluesneedto be determined.Our task

we'll usetheshorthandy; to denotethelabelof nodeY;.
We explain the notationfurther using a webpageclassi cation examplethat will
sene asa runningexamplethroughouthe report. Figure 1 shawvs a network of web-



pageswith hyperlinks. In this example,we will usethewords(andphrasesgontained
in thewebpagesislocal attributes.For brevity, we abbreviatethelocal attributes,thus,
"ST' standdor “student”,”CO' standgor “course”, CU' standdor “curriculum” and
"Al' standdor “Arti cial Intelligence”.Eachwebpages indicatedby a box, thecorre-
spondingopic of thewebpagas indicatedby anellipseinsidethebox, andeachword
in thewebpagas representedsingacircle insidethe box. Theobsenedrandomvari-
ablesX areshadedvhereaghe unobseredonesY arenot. We will assumehatthe
domainof the unobsered labelvariablesL, in this case,is a setof two values:“stu-
denthomepage’(abbreviatedto "SH') and“coursehomepage’{abbreviatedto "CH").
Figure 1 shavs a network with two unobsered variables(Y; andY>), which require
prediction,andsevenobseredvariablegX 3, X 4, X5, X5, X7, Xg andXg). Notethat
someof theobsenredvariableshapperto belabelsof webpage$X ¢ andX g) for which
we know the correctvalues. Thus,from the gure, it is easyto seethatthe webpage
Wy, whoseunobsered label variableis representedby Y, containstwo words ST’
and CO' andhyperlinksto webpage®V,, W3 andW,.

As mentionedn theintroduction,dueto the large body of work donein this area
of researchyve have a numberof approache$or collective classi cation. At a broad
level of abstractiontheseapproachegan be divided into two distinct types,onein
which we usea collectionof unnormalizedocal conditionalclassi ersandonewhere
we de ne the collective classi cation problemasoneglobal objective functionto be
optimized.We next describehesetwo approacheand,for eachapproachwe describe
two approximateinferencealgorithms. For eachtopic of discussionwe will try to
mentionthe relevantreferencesothattheinterestedeadercanfollow up for amore
in-depthview.

3 Approximate Inference Algorithms for Approaches
basedon Local Conditional Classi ers

Two of the mostcommonlyusedapproximatenferencealgorithmsfollowing this ap-
proacharethe iterative classi cation algorithm (ICA) andgibbssampling(GS), and
we next describethesen turn.

3.1 Iterati ve Classi®cation

The basicpremisebehindICA is extremelysimple. Considera nodeY; 2 Y whose
valuewe needto determineandsupposeave know thevaluesof all theothernodedn its

neighborhood\; (notethatN; cancontainboth obsened andunobsered variables).
Then, ICA assumeshatwe aregiven a local classi er f thattakesthe valuesof N;

asargumentsand returnsthe bestlabel valuefor Y; from the classlabel setL. For
local classi ersf thatdo notreturnaclasslabelbut a goodness/liklihoodvaluegiven
asetof attribute valuesanda label,we simply choosehelabelthatcorrespondso the
maximumgoodness/liklihoodvalue;in otherwords,we replacef with agmax,, f.

Thismakesthelocalclassi erf anextremely e xible functionandwe canuseanything
rangingfrom adecisiontreeto anSVM in its place.Unfortunatelyit is rarein practice



thatwe know all valuesin N; whichis why we needto repeatthe processteratively,
in eachiteration,labelingeachy; usingthe currentbestestimatesf N; andthelocal
classi erf , andcontinuingto do sountil theassignmentto thelabelsstabilize.

Algorithm 1 Iterative Classi cationAlgorithm (ICA)
for eachnodeY; 2 Y do // bootstrapping
/I computeabelusingonly obsernednodesin N;
computes; usingonly X \ N;
yi (&)
end for
repeat// iterative classi cation
generaterderingO overnodesn Y
for eachnodeY; 2 O do
/I computenew estimateof y;
computes; usingcurrentassignmentto N;
yi  f(a)
endfor
until all classlabelshave stabilizedor athresholchumberof iterationshave elapsed

Mostlocal classi ersarede ned asfunctionswhoseargumentconsistsof a x ed-
lengthvectorof attribute values.Going backto the examplewe introducedin thelast
sectionin Figurel, assumehatwe arelooking at a snapshobf the stateof the labels
afterafew ICA iterationshave elapsedandthe labelvaluesassignedo Y; andY, in
thelastiterationare SH' and CH', respectiely. a2 in Figure 1 denotesoneattempt
to pool all valuesof N ; into onevector Here,the rst entryin a? correspondso the
rst neighborof Y; isa™1' denotingthatY; hasaneighborthatis theword "ST' (X 3),
andsoon. Unfortunately this not only requiresputtingan orderingon the neighbors,
but sinceY; andY; have adifferentnumberof neighborsthis type of encodingresults
in a2 consistingof a differentnumberof entriesthanal. Sincethelocal classi er can
take only vectorsof a x edlength,this meanswe cannotusethe samelocal classi er
to classifybotha? anda.

A commonapproacho circumwent sucha situationis to usean aggreation op-
eratorsuchascount or mode. Figurel shavs the two vectorsa; anda, thatare
obtainedoby applyingthe count operatorto a9 anda3, respectiely. Thecount op-
eratorsimply countsthe numberof neighborsassignedSH' and”CH' andaddsthese
entriesto the vectors. Thuswe get one new value for eachentry in the setof label
values. Assumingthat the setof label valuesdoesnot changefrom one unobsered
nodeto anotherthis resultsin x ed-lengthvectorswhich cannow be classi ed using
thesamdocalclassi er. Thus,for instanceg; containgwo entries besidegheentries
correspondindo the local word attributes,encodingthatY; hasoneneighborlabeled
"SH' (X g) andtwo neighborscurrentlylabeled CH' (Y, andX ). Algorithm 1 depicts
the ICA algorithmaspseudo-codevherewe useq; to denotethe vectorencodingthe
valuesin N; obtainedafter aggreyation. Notethatin the rst ICA iteration,all labels
yi areunde nedandto initialize themwe simply apply the local classi er to the ob-
sened attributesin the neighborhoodf Y;, this is referredto as “bootstrapping”in



Algorithm 1.

3.2 Gibbs Sampling

Gibbssampling(GS)[20] is widely regardedasoneof the mostaccurateapproximate
inferenceprocedureslt wasoriginally proposedn Geman& Geman[15] in the con-
text of imagerestoration Unfortunatelyit is alsovery slov andacommonissuewhile
implementingGS is to determinewhenthe procedurehascorverged. Even though
thereareteststhatcanhelp onedetermineconvergence they areusuallyexpensve or
complicatedo implement.

Dueto theissueswith traditional GS, researcher@ collective classi cation[36,
39] usea simpli ed versionwherethey assumejust like in the caseof ICA, thatwe
have accesso alocalclassi erf thatcanbeusedto estimatethe conditionalprobabil-
ity distribution of the labelsof Y; givenall the valuesfor thenodesin N;. Notethat,
unlike traditional GS, thereis no guaranteehat this conditionalprobability distribu-
tion is the correctconditionaldistribution to be samplingfrom. At best,we canonly
assumehat the conditional probability distribution given by the local classi er f is
anapproximatiorof the correctconditionalprobability distribution. Neville & Jensen
[46] provide morediscussiorandjusti cation for this line of thoughtin the context of
relationaldependengnetworks,wherethey usea similar form of GSfor inference.

The pseudo-codéor GSis shavn in Algorithm 2. The basicideais to samplefor
the bestlabelestimatefor Y; givenall thevaluesfor thenodesin N; usinglocal clas-
sier f for a x ednumberof iterations(a periodknown as“burn-in”). After that, not
only dowe samplefor labelsfor eachyY; 2 Y butwe alsomaintaincountstatisticsasto
how mary timeswe sampledabell for nodeY;. After collectinga prede nednumber
of suchsampleswe outputthe bestlabelassignmentor nodeY; by choosinghelabel
thatwasassignedhe maximumnumberof timesto Y; while collectingsamples.For
all our experimentgthatwe reportlater)we setburn-into 200iterationsandcollected
1000samples.

3.3 Feature Construction and Further Optimizations

Oneof the bene ts of both ICA andGS s the factthatit is fairly simpleto plugin
ary local classi er. Table 1 depictsthe variouslocal classi ersthat have beenused
in the past. Thereis someevidenceto indicatethatsomelocal classi erstendto pro-
duce higher accuracieghan others, at leastin the applicationdomainswhere such
experimentshave beenconductedFor instancel.u & Getoor[35] reportthaton bibli-
ograply datasetandwebpageclassi cation problemslogistic regressioroutperforms
nave Bayes.

Recallthat, to representhe valuesof N, we describedhe useof anaggreation
operator In the example,we usedcount to aggreate valuesof the labelsin the
neighborhoodbut count is by no meangheonly aggregationoperatoravailable. Past
researcthasuseda variety of aggreation operatorgncluding minimum, maximum,
mode, exists andproportion . Table 2 depictsvariousaggreation operators
andthe systemgshatusedtheseoperators The choiceof which aggreationoperatorto
usedependn the applicationdomainandrelatesto the larger questionof relational



Algorithm 2 Gibbssamplingalgorithm(GS)
for eachnodeY; 2 Y do // bootstrapping
/I computeabelusingonly obsernednodesin N;
computes; usingonly X \' N;
yi (&)
endfor
for n=1to B do// burn-in
generaterderingO overnodesn Y
for eachnodeY; 2 O do
computes; usingcurrentassignmentto N;
yi  f(a)
endfor
endfor
for eachnodeY; 2 Y do// initialize samplecounts
for labell 2 L do
ci;l]=0
endfor
endfor
for n=1to Sdo// collectsamples
generaterderingO overnodesn Y
for eachnodeY; 2 O do
computes; usingcurrentassignmentto N;

yi  f(&)
ciyil] cfiiyi]+ 1
endfor
endfor

for eachnodeY; 2 Y do// computenal labels

yi  amgmax, cfi; 1]
endfor

featule constructionwherewe areinterestedn determiningwhich featuresto useso
thatclassi cationaccurag is maximized. In particulay thereis someevidenceto in-
dicatethatnew attribute valuesderived from the graphstructureof the network in the
data,suchasthe betweennessentality, maybebene cial to theaccurag of the clas-
si cation task[14]. Within the inductive logic programmingcommunity aggreation
hasbeenstudiedasa meansfor propositionalizinga relationalclassi cation problem
[28, 29, 30]. Within the statisticalrelationallearningcommunity PerlichandProsost
[48, 49] have studiedaggr@ationextensvely andPopescuandUngar Popescu& Un-
gar [50] have worked on featureconstructionusing techniquedrom inductive logic
programming.

Otheraspectof ICA that have beenthe subjectof investigation include the or-
deringstratgy to determinein which orderto visit the nodesto relabelin eachICA
iteration. Thereis someevidenceto suggesthatICA is fairly robustto a numberof
simpleorderingstratgiessuchasrandomordering,visiting nodesin ascendingrder
of diversity of its neighborhoodtlasslabelsand labelingnodesin descendingrder



| Reference local classi er used|

Neville & Jenserj44] nave Bayes

Lu & Getoor[35] logistic regression
JensenNeville, & Gallaghe25] | ndve Bayes,
decisiontrees
Macskassy Provost[36] nave Bayes,
logistic regression,
weighted-wote
relationalneighbor
classdistribution
relationalneighbor
McDowell, Gupta,& Aha[39] nave Bayes,
k-nearesheighbors

Tablel: Summaryof local classi ersusedby previouswork in conjunctionwith ICA
andGS.

of labelcon denceq[18]. However, thereis alsosomeevidencethatcertainmodi ca-
tionsto the basiclCA proceduregendto produceimproved classi cationaccuracies.
For instance poth Neville & Jenserj44] andMcDowell, Gupta,& Aha[39] propose
a stratgly whereonly a subsetof the unobsered variablesare utilized asinputsfor
featureconstruction.More speci cally, in eachiteration,they choosethe top-k most
con dent predictedlabelsand use only thoseunobsered variablesin the following
iteration's predictionsthusignoring the lesscon dent predictedlabels. In eachsub-
sequeniterationthey increasethe valueof k sothatin the lastiterationall nodesare
usedfor prediction. McDowell et al. reportthatsucha “cautious” approacheadsto
improvedaccuracies.

4 Approximate Inference Algorithms for Approaches
basedon Global Formulations

An alternateapproacho performingcollective classi cationis to de ne a global ob-
jective function to optimize. In what follows, we will describeone commonway of
de ning suchanobjective functionandthis will requiresomemorenotation.

We beggin by de ning a pairwise Markov random eld (pairwiseMRF) [55]. Let
G = (V;E) denotea graphof randomvariablesas beforewhereV consistsof two
typesof randomvariables,the unobsered variables,Y, which needto be assigned
valuesfrom label setL, and obsered variablesX whosevalueswe know. Let
denotea setof cliquepotentials  containghreedistincttypesof functions:

ForeachY; 2 Y, {2 isamapping j:L! < o,where< g isthesetof
non-ngative realnumbers.

Foreach(Y;;X;)2 E, j 2 isamapping j :L! < .



Reference aggr operators |

PRMs,Friedmaretal. [12] mode, count
SQL

RMNs, Taskar Abbeel,& Koller [55] | mode, SQL
MLNSs, Richardsor& Domingog[51] | FOL

Lu & Getoor[35] mode, count ,
exists
Macskassy Provost[36] prop
Gupta,Diwan, & Saravagi[21] mode, count
McDowell, Gupta,& Aha[39] prop

Table2: A list of systemsandthe aggreation operatorghey useto aggr@ate neigh-
borhoodclasslabels. The systemsinclude probabilisticrelationalmodels (PRMs),
relationalMarkov networks (RMNs) andMarkov logic networks (MLNs). Theaggre-
gation operatorgnclude Mode, which is the mostcommonclasslabel, prop which
is the proportionof eachclassin the neighborhoodcount , which is the numberof
eachclasslabel,andexists , whichis anindicatorfor eachclasslabel. SQL denotes
the standardstructuredquerylanguagefor databaseandall aggreation operatorst
includesand,FOL standgor rst orderlogic.

Foreach(Y;;Yj) 2 E, j 2 isamapping j :L L! < o.

Let x denotethe valuesassignedo all the obsened variablesin G andlet x; de-

notethe valueassignedo X;. Similarly, let y denoteary assignmento all the un-

obsered variablesin G and let y; denotea value assignedo Y;. For brevity of

notatio(gwe will denoteby ; the clique potentialobtainedby computing (yi) =
i(yi) (YiX)2E i (). We arenow in apositionto de ne a pairwiseMRF.

De®nition 1. A pairwiseMarkov randomeld (MRF)is givenbya pair hG; i whee
Gisagraphand isasetofcliquepotentialswith ; and ; asde nedabove Given

an assignmeny to all the unobserved/ariableéY, the pairw'ée MREF is associated

with the probability distribution P (yjx) = ﬁ Yi2p i%) viv))2EQ (yisy;)

wheex denotesheobservedaluesof X andZ (x) = = o v, 5y i(y9) (YiiYj)2E i (2 y,-° .

Theabove notationis furtherexplainedin Figure2 wherewe augmentherunning
exampleintroducedearlier by addingclique potentials. MRFs are de ned on undi-
rectedgraphsand thus we have droppedthe directionson all the hyperlinksin the
example. In Figure2, ; and , denotetwo clique potentialsde ned on the unob-
senedvariablegY; andY>) in thenetwork. Similarly, we have one de nedfor each
edgethatinvolvesat leastoneunobsered variableasan end-point.For instance, 13
de nesamappingfrom L (whichis setto f SH; CH g in theexample)to non-ngjative
realnumbersThereis only oneedgebetweerthetwo unobseredvariablesn thenet-
work andthisedgeis associatevith thecliquepotential 15 thatis afunctionovertwo
arguments.Figure 2 alsoshavs how to computethe  clique potentials. Essentially
givenanunobseredvariableY;, onecollectsall the edgeghat connectit to obsered
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Figure2: A small webpageclassi cation problemexpressedas a pairwise Markov
random eld with clique potentials.The gure alsoshows the messagg@assingsteps
followedby LBP. Seetext for moreexplanation.

variablesin the network andmultipliesthe correspondinglique potentialsalongwith
thecliquepotentialde nedonY; itself. Thus,asthe gure shaws, > = > 25 2.

Given a pairwise MREF, it is conceptuallysimpleto extract the bestassignments
to eachunobsered variablein the network. For instancewe may adoptthe criterion
thatthe bestlabelvaluefor Y; is simply the onecorrespondindo the highestmaginal
probability obtainedby summingover all othervariablesfrom the probability distri-
bution associatedvith the pairwiseMRF. Computationallyhowever, thisis dif cult to
achieve sincecomputingonemaginal probability requiressummingover anexponen-
tially large numberof termswhich is why we needapproximaténferencealgorithms.

We describetwo approximateinferencealgorithmsin this report. Both of them
adoptasimilarapproacho avoidingthecomputationatompleity of computingmaginal
probability distributions. Insteadof working with the probability distribution associ-
atedwith the pairwiseMRF directly (De nition 1) they bothusea simpler“trial” dis-
tribution. Theideais to designthetrial distribution sothatoncewe t it to the MRF
distribution thenit is easyto extract maiginal probabilitiesfrom the trial distribution
(aseasyasreadingoff thetrial distribution). This is a generalprinciple which forms
thebasisof a classof approximatenferencealgorithmsknown asvariational methods
[26].

We arenow in a positionto discusdoopybeliefpropagation (LBP) andmean- eld
relaxationlabeling (MF).

10



Algorithm 3 Loopy belief propagtion (LBP)
for each(Y;;Y;) 2 E(G) s.t.Y;;Y; 2 Y do
for eachy; 2 L do
mij(y) 1
endfor
endfor
repeat// performmessag@assing
for each(Y;;Y;) 2 E(G) s.t.Y;;Y; 2 Y do
for eachy; 2 L dg,
mir j (Y;) yi @i Visyi) i (vi)
Yi2N vy ny; Mk i(Yi)

endfor
endfor
until all m;, ; (y;) stopshaving ary change
for eachyY; 2 Y do// computebeliefs
for eachy; 2 L do
h(y.) i(yi) Yj 2N i \Y mj. i(yi)
endfor
endfor

4.1 Loopy Belief Propagation

Loopy belief propagtion(LBP) appliedto pairwiseMRF hG; i isamessag@assing
algorithmthatcanbe conciselyexpresseasthefollowing setof equations:

X
miv j(y;) = i (YisYi) (i)
yi2L
Y
M i(yi); 8y 2L (1)
Yk 2N ;\Y an
Y
blyi) = i) mjri(yi); 8yi 2 L (2)
Yj 2N ;\Y
wherem;, ; is a messagesentby Y; to Y; and denotesa normalizationconstant

thatensuigsthateachmessageang,eachsetof maurginal probabilitiessumto 1, more
precisely y, Miy i(yj) = land vi b (yi) = 1. Thealgorithmproceed$y making
eachY; 2 Y communicatenessagewith its neighboran N \ Y until the messages
stabilize(Eq. (1)). After the messagestabilize,we cancalculatethe maiginal proba-
bility of assigningy; with labely; by computingh (y;) usingEg. (2). Thealgorithmis
describedmorepreciselyin Algorithm 3. Figure2 shawvs a sampleroundof message
passingstepsfollowed by LBP ontherunningexample.

LBP hasbeenshowvn to be aninstanceof a variationalmethod.Let b (y;) denote
themaiginal probability associateavith assigningunobseredvariableY; thevaluey;
andlet by (yi;y;) denotethe mamginal probability associatedvith labeling the edge
(Yi;Y;) with values(y;;y;). ThenYedidia, Freeman& Weiss[65] shoved thatthe

11



following choiceof trial distribution,

Q
A (YiiY))2E by (Vi;yj)

Yvizv by )Y\ it

andsubsequentlyninimizing the Kullback-Lieblerdivergencebetweerthetrial distri-
bution from thedistribution associateavith apairwiseMRF givesusthe LBP message
passingalgorithmwith somequali cations. Note thatthe trial distribution explicitly
containsmaiginal probabilitiesasvariables.Thus,oncewe t thedistribution, extract-
ing themauginal probabilitiesis aseasyasreadingthemoff.

b(y) =

4.2 RelaxationLabeling via Mean-Field Approach

Another approximateinferencealgorithm that can be appliedto pairwise MRFs is
mean- eldrelaxationlabeling (MF). The basicalgorithmcanbe describedy thefol-
lowing x edpointequation:
Y Y bi (yi)
B(y)= i) i YY)y 2L
Yi2Nj\Y yi2L
whereh (y; ) denoteshemaiginal probability of assigningdy; 2 Y with labely; and
is anormalizationconstanthatensures v b (y;) = 1. Thealgorithmsimply com-
putesthe x edpointequationfor every nodeY; andkeepsdoingsountil the maiginal
probabilitiesh (y; ) stabilize.Whenthey do, we simply returnly (y; ) asthecomputed
mauginals. The pseudo-codéor MF is shavn in Algorithm 4.

Algorithm 4 Mean- eld relaxationlabeling(MF)
for eachy; 2 Y do// initialize messages
for eachy; 2 L do
b(yi) 1
endfor
endfor
repeat// performmessag@assing
for eachyY; 2 Y do
for eachy; 2 L do
B 0D Tveangw ez i 0D
end for
endfor
until all b (y;) stopchanging

MF canalsobejusti ed asavariationalmethodin almostexactly the sameway as
LBP. In this case however, we choosea simplertrial distribution:

\%
b(y) = b(yi)
Y; 2Y

We refer the interestedreaderto Weiss[61], Yedidia, Freeman& Weiss[65] for
moredetails.
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5 Experiments

In our experiments,we comparedthe four collective classi cation algorithms(CC)
discussedn the previous sectionsanda content-onlyclassi er (CO), which doesnot
take the network into accountalongwith two choicesof local classi ersondocument
classi cation tasks. The two local classi ers we tried were nave Bayes(NB) and
Logistic Regression(LR). This gave us 8 differentclassi ers: CO with NB, CO with
LR, ICA with NB, ICA with LR, GSwith NB, GSwith LR, MF andLBP. Thedatasets
we usedfor the experimentsncludedbothreal-world andsyntheticdatasets.

5.1 Featuresused

For CO classi ers, we usedthe wordsin the documentdor obsered attributes. In
particular we useda binary valueto indicatewhetheror not a word appearsn the
documentln ICA andGS,we usedthe samelocal attributes(i.e., words)followed by
count aggreationto countthe numberof eachlabelvaluein anodes neighborhood.
Finally, for LBP andMF, we usedpairwiseMRF with clique potentialsde ned onthe
edgesandunobsered nodesin the network.

5.2 Experimental Setup

Dueto thefactthatwe aredealingwith network data,traditionalapproacheso exper
imentaldatapreparatiorsuchascreatingsplits for k-fold cross-alidationmay not be
directly applicable. Splitting the dataseinto k subsetgandomlyandusingk 1 of
themfor trainingleadsto splitswherewe expectkk—l portionof the neighborhooaf a
testnodearelabeled.Whenk is reasonablyigh (say 10) thenthiswill resultin almost
the entireneighborhoodf a testnodebeinglabeled. If we wereto experimentwith
suchasetupwe would notbeableto comparenow well the CC algorithmsexploit the
correlationsdetweertheunobseredlabelsof the connectedhodes.

To constructsplits whoseneighborsare unlabeledas much as possible we usea
stratgy thatwe referto assnavball samplingevaluationstrat@y (SS).In this stratey,
we constructsplits for testdataby randomlyselectingtheinitial nodeandexpanding
aroundit. We do not expandrandomly;instead,we selectnodesbasedon the class
distribution of the whole corpus;thatis, the testdatais strati ed. Thenodesselected
by the SSareusedasthe testsetwhile the restare usedfor training. We repeatthis
processk timesto obtaink test-trainpairs of splits. Besidesexperimentingon test
splits createdusing SS, we also experimentedwith splits createdusingthe standard
k-fold cross-alidationmethodologywherewe choosenodesrandomlyto createsplits
andreferto thisasRS.

Whenusing SS, someof the objectsmay appearin morethanonetestsplit. In
that case we needto adjustaccurag computatiorsothatwe do not over countthose
objects. A simplestrat@y is to averagethe accurag for eachinstancerst andthen
take the averageof the averages.Further to help the readercomparethe SSresults
with the RS results,we also provide accuraciesveragedper instanceand acrossall
instanceghatappeaiin atleastone SSsplit. We denotethesenumberausingthe term
matchedcross-alidation(M).
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5.3 Learning the classi®ers

Oneaspecbf thecollective classi cationproblemthatwe have not discussedofaris

how to learnthevariousclassi ersdescribedn the previous sections.Learningrefers
to the problemof determiningthe parametewraluesfor the local classi er, in the case
of ICA andGS, andthe entriesin the clique potentials,in the caseof LBP and MF,

which canthenbe subsequentlysedto classify unseertestdata. For all our exper

iments,we learnedthe parametewaluesfrom fully labeleddatasetsreatedthrough
the splits generatiormethodologydescribedabove usinggradient-basedptimization
approached-or amoredetaileddiscussionsee for example, Bskar Abbeel,& Koller

[55], Sen& Getoor[52], andSen& Getoor[53].

5.4 Real-world Datasets

We experimentedwith two real-world bibliographicdatasetsCora[38] andCiteSeer
[19]. TheCora datasetontainsanumberof MachineLearningpaperdividedinto one
of 7 classeswhile the CiteSeeratasehas6 classlabels. For both datasetswe per
formedstemmingandstopword removal besidegemaving the wordswith document
frequeny lessthan10. The nal corpushas2708documents1433distinctwordsin
thevocaklulary and5429links, in the caseof Cora,and3312documents3703distinct
wordsin the vocalulary and4732links in the caseof CiteSeer For eachdatasetwe
performedboth RS evaluation (with 10 splits) and SS evaluation (averagedover 10
runs).

5.4.1 Results

Theaccuray resultsfor the realworld dataset@reshovn in Table3. Theaccuracies
are separatedy samplingmethodand baseclassi er. The highestaccurag at each
partitionis in bold. We performedt-test (pairedwhereapplicable,and Welch t-test
otherwise)o teststatisticalsigni cancebetweernresults.Herearethe mainresults:

1. Do CCalgorithmsimprove over CO counterparts?

In bothdatasetsCC algorithmsoutperformedheir CO counterpartsin all eval-
uationstratgies(SS,RSandM). The performancalifferencesveresigni cant
for all comparisongxceptfor the NB (M) resultsfor Citeseer

2. Doesthe choiceof the baseclassi er affect theresultsof the CC algorithms?

We obsered a similar trendfor the comparisorbetweenNB andLR. LR (and
the CC algorithmsthatusedLR asa baseclassi er) outperformed\B versions
in all datasetsandthe differencewasstatisticallysigni cant for Cora.

3. Isthereary CC algorithmthatdominateghe other?

The resultsfor comparingCC algorithmsare lessclear In the NB partition,
ICA-NB outperformedGS-NB signi cantly for CorausingSSandM, andGS-
NB outperformed CA-NB for CiteseerSS. Thus, therewas no clear winner
betweenCA-NB andGS-NBin termsof performanceln the LR portion,again
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Cora Citeseer
Algorithm SS | RS | M SS ] RS \ M
CO-NB 0:7285 | 0:7776 | 0:7476 || 0:7427 | 0:7487 | 0:7646
ICA-NB | 0:8054 | 0:8478 | 0:8271 || 0:7540 | 0:7683 | 0:7752
GS-NB 0:7613 | 0:8404 | 0:8154 || 0:7596 | 0:7680 | 0:7737
CO-LR 0:7356 | 0:7695 | 0:7393 || 0:7334 | 0:7321 | 0:7532
ICA-LR 0:8457 | 0:8796 | 0:8589 || 0:7629 | 0:7732 | 0:7812
GS-LR | 0:8495 | 0:8810 | 0:8617 || 0:7574 | 0:7699 | 0:7843
LBP 0:8554 | 0:8766 | 0:8575 || 0:7663 | 0:7759 | 0:7843
MF 0:8555 | 0:8836 | 0:8631 || 0:7657 | 0:7732 | 0:7888

Table 3: Accuray resultsfor the Coraand Citeseerdatasets.For Cora, the CC al-
gorithmsoutperformedheir CO counterpartsigni cantly. LR versionssigni cantly
outperformed\B versionsICA-NB outperformedsS-NBfor SSandM, theotherdif-
ferencedetweenCA andGSwerenot signi cant (bothNB andLR versions).Even
thoughMF outperformedCA-LR, GS-LR,andLBP, the differencesverenot statisti-
cally signi cant. For Citeseerthe CC algorithmssigni cantly outperformedheir CO
counterpartexceptfor ICA-NB and GS-NB for matchedcross-alidation. CO and
CC algorithmsbasedon LR outperformedhe NB versions,but the differencesvere
notsigni cant. ICA-NB outperformedsS-NBsigni cantly for SS;but, therestof the
differencedetweerLR versionsof ICA andGS,LBP, andMF werenot signi cant.

thedifferencedetweerlCA-LR andGS-LRwerenotsigni cant for all datasets.
As for LBP andMF, they oftenslightly outperformedCA-LR andGS-LR, but
thedifferencesverenotsigni cant.

4. How do SSresultsandRSresultscompare?

Finally, we take a look at the numbersunderthe columnslabeledM. First, we
would like to remindthe readerthat even thoughwe are comparingthe results
on the testsetthatis the intersectionof the two evaluationstratgies (SSand
RS), differenttraining datacould have beenpotentially usedfor eachtestin-
stance thusthe comparisoncan be questioned.Nonethelesswe expectedthe
matchedcross-alidationresults(M) to outperformSS resultssimply because
eachinstancenadmorelabeleddataaroundit from RSsplitting. Thedifferences
werenot big (around1% or 2%); however, they weresigni cant. Theseresults
tell us thatthe evaluationstratgies can have a big impacton the nal results,
andcaremustbetakenwhile designinganexperimentaketupfor evaluatingCC
algorithmson network data[13].

5.5 Synthetic Data

We implementedh syntheticdatageneratofollowing SenandGetoor[53]. High-level
pseudo-codés givenin Algorithm 5 for completenesdyut moredetailscanbe found
in Sen& Getoor.
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Algorithm 5 Syntheticdatagenerator
i=1
whilei = 1 < numNodeglo
Sampler uniformly randomfrom [O; 1).
if r < Idthen
Pick asourcenodenodeg
Pick adestinatiomodenodey basedn dh anddegree
Add alink betweemode; andnodey
else
Generat@ nodenode
Sampleaclassfor nodeg
Sampleattributesfor nodeg usinga binomial distribution. Introducenoiseto
the processasedn the attribute noiseparameter
Connectt to adestinatiomodebasedn dh anddegree
i i+l
endif
endwhile

At eachstep,we eitheradd a link betweentwo existing nodesor createa node
basedon the Id parametesuchthat higherld value meanshigherlink density i.e.,
morelinks in the graph)andlink this new nodeto an existing node. Whenwe are
addingalink, we choosehesourcenoderandomlybut we choosehedestinatiomode
usingthe dh parametefwhich varieshomophily[41] by specifyingwhatpercentage,
onaveragepf anodes neighboris of the sametype)aswell asthedegreeof thecandi-
dategpreferentialttachmeni3]). Whenwe aregeneratinga node, we sampleaclass
for it andgenerataattributesbasedon this classusinga binomial distribution. Then,
we adda link betweenthe nev hodeand one of the existing nodes,again using the
homophilyparameteandthe degreeof theexisting nodes.In all of theseexperiments,
we generated 000nodeswhereeachnodeis labeledwith oneof 5 possibleclassla-
belsandhas10 attributes. We experimentedwith varying degreeof homophilyand
link densityin the graphsgeneratedindwe usedSSstratayy to generatehetrain-test
splits.

5.5.1 Results

Theresultsfor varying valuesof dh, homophily areshavn in Figure3(a). Whenho-
mophily in the graphwaslow, both CO and CC algorithmsperformedequally well,
which wasexpectedresultbasedon similar work. As we increasedhe amountof ho-
mophily, all CC algorithmsdrasticallyimprovedtheir performancever CO classi ers.
With homophily at dh=.9, for example, the differencebetweenour bestperforming
CO algorithmandour bestperformingCC algorithmis about40%. Thus,for datasets
which demonstratsomelevel of homophily usingCC cansigni cantly improve per
formance.

We presentheresultsfor varyingtheld, link density parametem Figure3(b). As
we increasedhelink densityof the graphs,we saw thataccuraciegor all algorithms
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Figure3: (a) Accurag of algorithmsthroughdifferentvaluesfor dh varyingthelevels
of homophily Whenthe homophilyis very low, both CO andCC algorithmsperform
equallywell but aswe increasehomophily CC algorithmsimprove over CO classi er.
(b) Accurag of algorithmsthroughdifferentvaluesfor Id varying the levels of link
density As weincreasdink density ICA andGSimprove their performancehe most.
Next comesMF. However, LBP hascorvergenceissuesdueto increasedyclesandin
factperformsworsethanCO for highlink density

wentup, possiblybecausegherelationalinformationbecamanoresigni cant anduse-
ful. However, the LBP accurag hada suddendrop whenthe graphwasimmensely
dense.Thereasorbehindthis resultis thewell known factthatLBP hascorvergence
issuesvhentherearemary closedloopsin thegraph[45].

5.6 Practical Issues

In this section,we discusssomeof the practicalissuego considerwhenapplyingthe
various CC algorithms. First, althoughMF and LBP performances in somecases
a bit betterthanICA and GS, they werealsothe mostdif cult to work with in both
learningandinference.Choosingtheinitial weightssothatthe weightswill cornverge
during training is non-trivial. Most of the time, we hadto initialize the weightswith
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theweightswe gotfrom ICA in orderto getthealgorithmsto converge. Thus,the MF
andLBP hadsomeextra advantagein the abore experiments We alsonotethatof the
two, we hadthe mosttroublewith MF beingunableto corverge, or whenit did, not
convergingto theglobaloptimum. Our dif culty with MF andLBP areconsistentvith
previouswork [61, 43, 64] andshouldbe takeninto consideratiorwhenchoosingto
applythesealgorithms.

In contrast|CA andGS parameteinitializationsworked for all datasetsve used
andwe did not have to tunetheinitializationsfor thesetwo algorithms.They werethe
easiesto train andtestamongall the collective classi cationalgorithmsevaluated.

Finally, while ICA andGSproducedrery similarresultsfor almostall experiments,
ICA is amuchfasteralgorithmthanGS. In our largestdatasetCiteseerfor example,
ICA-NB took 14 minutesto runwhile GS-NBtook over 3 hours.Thelargedifferences
dueto thefactthatICA cornvergesin justafew iterationswhereassShasto gothrough
signi cantly moreiterationsperrun dueto theinitial burn-in stage(200iterations),as
well astheneedto run alarge numberof iterationsto geta sufciently large sampling
(800iterations).

6 RelatedWork

Eventhoughcollective classi cationhasgainedattentiononly in the past veto seven
years,initiated by the work of JenniferNeville andDavid Jenserj44, 24, 25, 46] and
the work of Ben Taskaret al. [59, 17, 55, 58], the generalproblemof inferencefor
structuredbutputspacehasrecevedattentionfor aconsiderablyjongerperiodof time
from variousresearchcommunitiesincluding computervision, spatial statisticsand
naturallanguageprocessingln this sectionwe attemptto describesomeof the work
thatis mostcloselyrelatedto the work describedn this report, however, dueto the
widespreadnterestin collective classi cationour list is sureto beincomplete.

Oneof theearliestprincipledapproximateénferencealgorithmsrelaxationlabeling
[23], wasdevelopedby researcheri; computervisionin thecontet of objectlabeling
in images.Dueto its simplicity and appeal relaxationlabelingwasa topic of active
researcHor sometime andmary researcherdevelopeddifferentversionsof the basic
algorithm[34]. Mean- eld relaxationlabeling[61, 65], discussedn this report,is a
simpleinstanceof this generaklassof algorithms.Besad5] alsoconsideredtatistical
analysisof imagesandproposead particularlysimpleapproximaténferencealgorithm
callediteratedconditionalmodesvhichis oneof theearliestdescription@ndaspeci ¢
versionof theiterative classi cation algorithm presentedn this report. Besidescom-
putervision, researcheraorking with aniterative decodingschemeknown as“Turbo
Codes’[4] cameupwith theideaof applyingPearls belief propagtionalgorithm[47]
on networks with loops. This led to the developmentof the approximatenferenceal-
gorithmthatwe, in this report,referto asloopybeliefpropagation (LBP) (alsoknown
assumproductalgorithm)[31, 40, 32).

Anotherareathat often usescollective classi cationtechniquess documentlas-
si cation. ChakrabartiDom, & Indyk [8] wasoneof the rst to applycollective clas-
si cation to a corporaof patentslinked via hyperlinks and reportedthat considering
attributesof neighboringdocumentsctuallyhurtsclassi cationperformanceSlattery

18



& Craven [54] alsoconsideredhe problemof documentclassi cation by construct-
ing featuresfrom neighboringdocumentasingan inductivelogic programmingrule
learner Yang,Slattery & Ghani[63] conductedanin-depthinvestigationover multiple
dataseteommonlyusedfor documentlassi cationexperimentsaandidenti ed differ-
entpatterns.Sincethen,collective classi cationhasalsobeenappliedto variousother
applicationssuchaspart-of-speectagging[33], classi cationof hypertext documents
usinghyperlinks[55], link predictionin friend-of-a-friendnetworks[56], opticalchar
acterrecognition[58], entity resolutionin sensometworks [9], predictingdisulphide
bondsin proteinmoleculed57], sgmentatiorof 3D scandata[2] andclassi cationof
email“speechacts”[7].

Besidesthe four approximatenferencealgorithmsdiscussedn this report,there
areotheralgorithmsthatwe did not discusssuchasgraph-cutdasedormulations[6],
formulationsbasedon linear programmingrelaxationg27, 60] andexpectationprop-
agation[42]. Otherexamplesof approximatenferencealgorithmsincludealgorithms
developedto extendandimprove loopy belief propa@tionto remove someof its short-
comingssuchasalternatveswith corvergenceguaranteefs7] andalternatvesthatgo
beyondjust usingedgeandnodemaiginalsto computemoreaccuratenamginal proba-
bility estimatesuchasthe clustervariationalmethod[66], junctiongraphmethod[1]
andregion graphmethod[65].

More recently there have beensomeattemptsto extend collective classi cation
techniquego the semi-supervisetbarningscenarid62, 37).

7 Conclusion

In thisreport,we gave a brief descriptionof four popularcollective classi cationalgo-
rithms. We explainedthealgorithms shavedhow to applythemto variousapplications
usingexamplesandhighlightedvariousissueghat have beenthe subjectof investica-
tion in the past. Most of the inferencealgorithmsavailablefor practicaltasksrelating
to collective classi cationareapproximate We believe thata betterunderstandingf
whenthesealgorithmsperformwell will leadto morewidespreadapplicationof these
algorithmsto morereal-world tasksandthatthis shouldbe a subjectof futureresearch.
Most of the currentapplicationsof thesealgorithmshave beenon homogeneouset-
works with a singletype of unobsered variablethat sharea commondomain. Even
thoughextendingtheseideasto heterogeneousetworksis conceptuallysimple,we be-
lievethatafurtherinvestigationinto techniqueshatdo sowill leadto novel approaches
to featureconstructioranda deepemunderstandingf how to improve theclassi cation
accuracieof approximateinferencealgorithms. Collective classi cation hasbeena
topic of active researchor the pastdecadeand we hopethat more reportssuchas
this onewill help moreresearchergain introductionto this areathus promotingfur-
therresearchnto the understandingf existing approximateénferencealgorithmsand
perhapselpdevelop new, improvedinferencealgorithms.
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