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Evaluating MLNs for Collective Classification
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Abstract

“olleciive Classificadion i e process of labeling -
slomces im0 graph wen g borh instarce altribde nformulion
ancd iformolier abodt relalions belweer inslances, While
several Collective Classificafior Algortthmy have beer well
studied, the wve of Markey Logic Netwerks [ MENy) remoirs
fergely undented.  MENs pair first order logic slafemenis
with @ memmertcal weight,. With properfy ansipned weights,
Hhese niles may be ased o infer clasy labels from evidence
Cher sty evalated MENx
agennst other Collective Claxsification algorithms on both
avmthetre dota and real decta from the CiteSear datasel. Ax a
whole, we encounfered tnconsisten! and often poor perfor-

shoded s legic shalements.

munce with MINy, especially en symithetie data where other
Collective Clasviffeation algorithms perforamed well,

I Introdoction

Classification 15 the task of assigring appropriate la-
bels o instances. These labels may mopresent categories
of binary attribules of the instance and could represent any
number of wseful pieces of meal information. A simple
hinary clasafication sk may iovolve deciding i o web-
page 1= purcly adverbisement or nol. A mome complicated
lask may ivolve calegoriang emails oo “work”, “fam-
ily™, er “school™ calcgones. Common classibication ech-
niques uswally azsume that data 1= draven independenily and
identically (1.1.d.) [rom a disinibution, in 2 manner whens mo
correlabion exists bebween tnsiances.

Motenly is this assumplion eofien maccurmte, ttprecludes
a large amount of daim which 15 melabicnal by design, Col-
lective Classificabion proposes to take advantage of this fea-
ture by including relabicnal informabon in the body of ev-
idence used to assign labels. For instance, hyper-linked
wieh-pages or scholarly arbicles wilth aitations con be med-
eled as data with both independent atinbubes and relational
data (1e. links 1o other web-pagefarticles). This techmgue
hais been shown o ..|.._._.._1.._._"..E._.._._. iradibional, m_._n_nﬂ.ﬁ_.__.u.r.._.__. clas-

sifiers 10 cases whore msEnces, or “nodes”, of the same
class hink strongly 1o one another, @ property called aunto-
correlation [L2]. The difference in performance con ke es-
pecially nobeocable when some podes o the tesi sel have
known labels [6].

Because independent classihers have exisied longer, they
are much betber studied than collective techniques. How-
ever a number of algonthms for Collective Classification
have been proposed including relaxabion labeling 1], dler-
ative convergerce fechnigques [ 12], beliel’ propagation [L6],
and (ibbs sampling [6]. One celatively unexplored bech-
nmigue for Collechive Classiication anvoelves the use of
Markew Logic Mebworks (MEMNs). A Markew Logic Met-
work describes o senies of Arst-order logic stalements al-
tached to numerical weights. Applied to Collective Classi-
ieatinn, the logic stalements of the MLM correlale the rela-
tional and independent leatune s of datasels 1o the class label,
A supervised learming technicue 1s then used o determine
the associabed weights Dor each mile by bmining on o data
sel, the “rming sel,” wath knewn labels, The MEMN moy
then bo weed kooander over adata set, the “teshing set” with
unknown labels and make predictions,

Ohur research compares lechmigues ubilieng MILMs with
pther collective and independent classifiors. We descoibe
the effect of vbliang different methods of weaght leam-
ing and the resulis of dilferenl inference algonthms, We
describe pordormance over both real and synibebc data.
In the pexi section, wo nbtroduce MIN=, the assccinled
weighi-lcarming lechrugues, and the assocaied inference al-
gorithms. In addition, we intmduce the berchmark Collec-
tive [lassification techmiques wath which we comparg the
use of MILM=. Mexi we descnbe the vanous condibions in
which we tested M1 Nz and descnbe the resulis. Finally, we
conclude and descnbe related rescanch.

2  Background

While previous classibication fechniques otilize only in-
dependent. instance aficbubes (usually qust “atinbutes™),
Collective Classification lakes advaniage of the relabion-



ships bebween instances. Becanse many datasels can e
modeled this way, where relaticmships can be medeled as
links between tnslances, Collechive Classihicalion has wide
apphcakbality and cn oubpecform mone radibional, atnbute-
omly methods [11]. Classafhcbon of pages within a websiio
1= a clear example of Collective Classihcation.  Atinbuies
may nclude features like the presence of certain words
while hyperhinks to other pages would provide relabional ai-
tnbutes or “hnks”, Classityving a omversity department’s
websibe may include labels ke "Student Page™, "Instrucion
Page™. "Course Page™, cic.

Chur study included a oumber of fenchmark algonthms.
The wllowing sections inmduce these algonthms as well
as our lechmigques with ML N=.

2.1 Benchmark Alzorithms

The Iteranive Claxsificasion Algorithm (1A 15 2 Collec-
tive Clssilication algonthm that begins with a bootstrap-
ping process which computes initial predictions using only
independent atinbate= [t then steratively recompoies each
nede’s label using the predicied labels of neighbonng nodes
as evadence. [b successively recompuizs the unknown labels
for a =el pumber ol iterabions, In this form of the algenthm,
the contnbution of relaticnal informaticn from each neigh-
baning oode s weghled equally o class predicion [11]. In
contrasi, in the *cautiou=" variani relabional information is
nsed more heawily il the neighboring nede™s label 15 consid-
cred more rehiable [ 10].

ibks sompling 1s o well-studied Monte Carlo technigue.
At cach state, it smples a labe] For each node based on the
currenl predicied label disinbution. The most hkely label
for each node is the one most ofien selected.  The tech-
nique 15 shown e usually have good pecformance [10]. Far
1his study, we chose fCA and Gibkbs as nopresenimbive of
the “nom~<oubious” and “contions" classes of .'.|]E|:|ri'I|'| ms di-
scribed by MeDomwell et al. [10],

Redational Favesion Classifier (RBC) 15 2 non-collective
algonthm. [t represents heterogeneous data in such o man-
ner thatl a Simple Bayesian Classifier may be vsed o leamn
condibional probabilities for each attobute. Our implemen-
tabion uses a nave Haves classiher, which assumes condi-
tonal independence between leatumnes.

The nexst algonthm, MEW, 1= an example of a relabional-
only classifier. It comsiders only relabional information to
label instances. Becavse it has oo indepondent features o
imitiake Lthe bootsicapping process, hike Cibbs and 10AC this
algenthm requines nodes with known groundings 1o be in-
cluded in the fosbing =et.

The Muln-Renk Welk (MBEW algonihm simulabcs rn-
dom walks along links [rom groundings of vach clazs and
tallies the number of visis each node receives. Predictions
are creaked (rom the relative number of visits cach node re-

coives from the candidate classes, 1t outperforms wvBEM, a
wull known relaticonal-only classiher, 0 cerlan situabions,

notahly when the proportion of koown labels s low (3],

22 DMLNs

A Markov Legie NMetwork (IMLN] weds Arst-order logic
with a statishically leamed weight. To use an MM, one
must bfrzd creabe a sel of At order logic oles. Weighls
are then attached bo these rules by tmining on o sct of data
There are wemous weight-leaming techmques avalable al-
though the Alchemy toolkit provides implementabion for
only generabive learning, based oo prendo log-hkehhood.
and diseniminative learming, based on Voled Percepbron,
Conugate Gadient, and Mowilon's Mothod, With a st of
rules with attached weights, the MIN may be used to infer
probabibibes for sttements,

In the caze of Collective Clamification, links, atiribules.
and labels are represenied 1o data sets as alomic fermuo-
I, Rules will mke the form ol hrst-order logic stalemants
wheno attobute values tmply cedain labels and hinks be-
twcen nodes 1imply the same label between these nodes. &
wzighi-learning technique 15 then nsed 10 associabe weighls
with these implication stalements. These learned rules may
then wsed by inference algonthms, nomely Markoy Chain
Monte Carlo iMOMO, Maximum-a-Postenon (MAP), k-
hef propagation [14], and MOC-5AT [13] to ifer probabih-
ties for unlabeled nodes. 1t showld be noted that the MCBMC
algemihm is the same basic algomithm as Caibbs excepl thal

the local classihier vsed o produce node predictions 15 the
MIN instead of Mave Bayes,

3 Methods
3.1 Daila Generation

Synthetic data produced with the Proximity toolkit pro-
vided u= a1 mbust source of matenal on which 10 1est. Exper
iments on synthebic data included bwver raining sets of 250
nodes and a zingle, 250 node testing set. o all expeniments,
we used 10 independent attributes and ran 10 ioials using
the same delalt settings for data generation as MeDowell
ot al [10]:

Real daia provided by the CikeSeer dataset provided an-
other source of testing material. Again, we goenermbed data
using the same lechnigue as MeDowell et al. [10], a 5-fold
cross validation, whereby 5 graphs of siee 400 wero goner-
aled with 4 used lor truning and the Last for lesting,

In our synthetic datasets we pnmanly modified the
strength of the links as a predictor of like labels (the "ho-
mopihly™], the strength of attnibutes as a predictor of Tabel
(the “atinibute predictiveness™), the number of possible La-
bels, and Gnally the proportion of st set nodes with known



lahels (the *labeled proportion” or percentage of “ground-
ngs" ). For pur real data, we modified the number of inde-
pendent stinhues and the Lbeled proportios. The effects
of these modiikatons on prediction acorrcy i deseribed
in the resulis sechion

Al Benchmark Algorithms

In cocler 1> evahusie the wse of MINs in Collective Clas-
sitbcation, we sbiheed several other algonthms as pomts
of comparson.  These algorithms were mplermented in
the Proximity ool and were mun oo the same dataset as
our MLM e periments. Specilically, we vsed the Rela-
tisnal Bayesian Cloassafier (RECY, 1CA, and the Prosimaty
ll:‘:l.ﬂllll-ﬂlﬂ'l af (hbhk= smmiphing an ol 4.1‘1.“-:‘:.."-—
o [n addtion o these algonthms, we mplemented the
relatmnal-only clmsafier Multi-Ronk Walk, shown in sev-
eral circumsances to ovlperform the relationalonly weRN
algonthm 7], Each MLM frial man the set of Fenchimatk al-
gomthms ones and these resulis were averaged along with
other tnals of the same comfipurstion. (For ihe eytithoiic
data experimwals, we o ken ol for the CiaeSeer data,
we ran frve. |

A3 MLN Comparison

MIN experimenis utilized the Alchemy toolkit In or-
der lo make approprite companisons, we exporied data
frum the Prosienity toolkit and created dain files express-
ing attribute, label, and relational inksrmation as first arder
logic stalements. Weighi-learning war accamplished gen-
erabively or discrimmnatively. For discriminative learning.
the claws label prodicate was specified 2 non-evidence. For
prmcnitive kesmmng, oo non-evidence prodecales were ipec-
ihod. The relative performance of these options. mwotivatod
theee chowcea. [nlerence was sccomplished using four algo-
rithma provided in the Alchemy wolkit: Masimum o peos-
tenon (MAP), Mackoy chain Monle Caro Gikbeg Sampling
(MOCMC), MC-SAT Poon and Dismingos 2006 ), and beliel
propagton

Each independent attnbuie j in the MLN hod it owe rule
and was written in the form:

aliryjobjeet, fovalue) = sl object, feluss]

The choice of nales mtmducang relational dependencies in
the MIN proved bo be very challenging.  Dltenately, we
Fonmcl the single rile:

clasalpbjret], dass) A LinkTolobject |, dbjeci )

= |'ir:|.flu:l!|'.-5jer:.fﬂ. F.Er]-.l_l
1o be the mond siscoessfnl We sitempicd several variatioos

mamg the + opetalor aftached 1o the chss varnble W im-
ply potential depeadencies betwesn dissimilar ¢ lassgs bui
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Figure 1. Shows performance of tested algo-
rithms on binary data with 10% groundings.
Al ﬂlwmlﬁm
learmed MLHN.

lourd thix consistently hurt performance. forts to rewrite
this relabioral rmle s logically equivalent stalcments cnly
prodeced sdentscal perbosmance

For algonthms that provided a probability distiributon
over the labels, we simply chose the highesi one and com-
pewred this set of lahels o irue labels o provide o measure of
acciracy.

4 Hesults

Figures 1-3 highlight a few resulis companng the pv-
erage accuracy of the MLN algorithms and the berch-
miark algonthms as eilber homophily or attnbeie prediciive-
nessmumber i vined.  As 2 whole, MINy achioved lower
acutay than the beachmork algorthess, with a few exceps
twes. Tables contmeng detailed resulis are provided in the
appendin. Below, we introduce o few themes from the pe-
sults and propose o possible explanation lur the tncons sien
behavior of M1 M

Ihscrinmmative lesening wirs pemevally betier than gemer
lmhmmﬂt Iz 2l all e, dusermenalive
weight lvarning yielded supenor reaults ko generatve leam-
wng. This difference is expecially pronounced for dat with
five class labels versus two labels  Fur example, Table &
shiws lesting with five labels, 0% grounding In this cose,
gerrative learmng provided MIN inference algomthm -
the mprovement (o rndom geessing. A motable exceplios
to this Wend s exhibited in teats on binary data [n cases
with high bomophily. the MUMU infererce algnrithm us-
ing a generabively learned MLN yields consistently higher
mccuricy scores. Tahles 1« f contin these neeulis. The S0¥%
promndings cose of the five class dots (Tishle 12) also ex-
habata thes resul. Figuee 1 displys. another exception-the
MOCMC algorithm actually suffered from higher homophily
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Flgure 2. Shows performance on a set of bi-
nary data with 10% groundings. AlIMLHN algo-
rithms used a discriminatively learned MLHN.
The Inference accuracy on binary data tended
to be much better.

when learning dissominatively. The generative techmique
(results in Table 4) improves inference accuracy, as should
be expected with higher bomophily. However, besides these
excophions, discriminative learming was supenon

MIMNsy performed comparably muecl better with binary
el fabels than five clasy Fabels, One it wniversal 1o all
of our results was the superior performance of MILNs infer-
ning on binary class label data. Mot only 1= the binary classi-
fication more accurate 1o absolute terms, the performance of
MLMs more closely civals benchmark pecformance. While
MIMe sulfer particularly from 0% groundings on five class
data, they pecform much closer 1o benchmadk algorithms
on binary daim, For insiance, Figure 2 shows pecformance
aof MEM and benchmark algorithms on a set of binary daia
with [{F% groundings. The pedormance of two of the MLN
techniques, Beliel Propagation and MO-5AT, is very close
1o the benchmark algocithms, Lake most cases, Gibbs shll
oulperformed the MLM algonthms.

The beliel propagation algorithm behaved somewhat un-

predhictably. We nole that 11 atlempted 1o comenge on a salu-
tion itm a set number of sterations and that there was a marked

difference in performance in cases where the algonihm soc-
cessfully comerged within the limiled number of tlermbicons.
MO-53AT ewiperforae others for 5 clavs lebelr omd Crte-
Seer diido, For 5 class labels the MOC-5AT algonihm outper-
formed the other MIN algorithms in almost every case. For
example, 0 the case of 1078 groundingsishown in Table 91,
MC-5AT cutperforms s closest nval, beliel propagabion,
m 9 ol 12 casen, Mevertheless, even MO-5AT sulls gen-
crally falls short of the benchmark algonihms. In the case
of leaw homophily, atinibule strengih, and 0 ar 10% labeled
proportion, MU-SAT barely cutperforms [CA. With 50F6
groundings, this shight advaniage s crushed by [CA,
[niercsbingly, in the case of the real data, MC-5AT beats

1+ an L 2 L& = =
reardery Tl o s

Figure 3. Shows performance of tested algo-
rithms an CHeSeer data with 10% groundings.
All MLM algorithms used a discriminatively
learmed MLM. This is the only case where an
MLH Inference algorithm performed consis-
tently better than a benchmark.

the benchmark algorithms o every case, MO-5AT, using
a discriminatively leamed MLM, and pecforming on Cie-
Seer datais the only case inour study where an MLN algo-
rithm consistently outperformed benchmarks. [n every case
of varied number of attributes and the labeled proparton,
MC-SAXT perlormed the best. Figune 3 shows this tend on
a set of CiteSeer data with 10% groundings; the complete
resulis can be found in Table 13, Below we inboduce a pos-

hu—..__.._u EH_u_.:n_p_..:._.__u_ _u.ﬂ.ﬂ ._._Jhm _u_n._.u._u."u._u_.._._h__-_nﬁ..

5 Discussion

For the uu_.._._.__..__...:n daila, the MM .._._..m..n_l_._.._:._u. n.u,._._E.z_.._.._.__._..__
:_.._Ln._._..__...._._.._.._n_._..__...n_ the benchmark u“_m._nl_._.__._._ur For the ne=l
data, _..__.._..u.._....._..._.. ome MIN u_._n.::..m.__.._u._._ _”.?.:...nw..____._..”_ _u_.."_._..n_n_._..__..ﬁ_
nobice u_..__.u. better than all other n__.m."..“_.:.._._._._.._h. Wi considered
whether this dispanty might be due o the different siee of
the _._d.m_._.m_.._m data for the nu._..__._.._n_L._.. wa. the real data

The real data vsed a imining set of 16X nodes while
the synthebic daia 1..:L:ﬁﬁ_"_ only seis of 500 podes.  To
te=i the theory that MIN leaming uﬁ_..__._m._....ﬁ_ a larger train-
ing scl o be successhul, we produced synthetic dala with
larger iratmng sels and found that MLM classificabion did,
in Fact, improve. However, neather collective benchmark al-
gorithm demonstraied any improvement with larger iraming
sei= With cur onginal trning siee, moderate homophaly,
and leaw attnbuio strengih, our MM algonihms ovaled [C&
but [ell short of Chbhs. When we increased the runing sel
o 1000 nesdes, inference accurmcy for the MM only im-
ﬁ.ﬂeﬂr._n_ shightly and not cnough o account for the dispaniy
hetween CricSeer and synihebe data,



6 Related Work

Collective Classificabion hes been accomplizhed wath 2
vancty of algonthms MceDowell et al. [10] evaluated a
vanant of [CA, "Cantious [CA”, which exploits more cer-
iz relational informabion o classify. [nieducing this com-
plexity improved the performance of 1CA 10 most cases.
When iesied on the CiteScer database, Cantous [CA gen-
crmally owilperformed 11s non-cautions rivals, especially when
n=ing [ewer non-relabional aitmbuies,

Dhurandhar and Dobr compared the pecformance of
MINE against Relabional Dependency Metworks [3]. They,
howeewer, only ubilized MUMO and MAP inference, us-
ing both Generative and Disenminative weighi-learning.
[Tnlike s, 1]'|L'_l,l found that the choice of wu‘ighl—]::unins
lechmigue and inference algorithm did not quabiatively af-
fect the resulis, In parbcular, they found that Relaticnal
Diependency Mebaorks with Gikb's performed comparably
o MIMs Our data, however, showed comsistent under-
perdormance of MILNs compared in Gibbs, Their use of
data with manly binary class labels may explain this differ-
ence, as cur resulis indicate that binary labels provide for
more comparable performance for MMz

Markoy Logic Metworks provide a ool with a diverss
range of applications. Chechetka, o al [2] utilize MLMs
1o collectvely classily enbibes identified in images. Rela-
tonal information s delined as atinbutes shared commonly
botween eotibies 10 different pictunes, Unlike our daia, this
provides multiple link types and, as they found, complicates
classibicabion since different links may vary in importance ko
classificaticn. They ton wsed the Alchemy teolkit, although
they only vsed a single sei of weighl-learming and inference
=olbings.

Oine arsa of MLN study receaving atbention is the weaght
learning technique, an iniractable problem with several can-
didaie methoeds. Lowd and Dominges |[F] explored alier-
natives which improve upon existing techniques by using
second-coder information or by medifying the learming mie
for differeni clowscs. Althcugh they oo used the Alchemy
toolkit, implementng their technugues as exbensions, they
tesbed on real datzasets we didn™ wee, Cora and WebKH, us-
ing the latker oo Collective Classificotion. The algorithms
they inbreduced tmproved accuracy over their metric imple-
mented in Alchemy, However, they did net compare Col-
lective Classibication sccuracy o metheds outade M1 Ns
Huynh and Mooney |3] introduce a method of discrimina-
tve learming based on a max-margin lmmework which can
oplimize MILMs [or collective classilication sccuracy. They
1o tested on the CiieSeer database as well as WebKRB and
whilized the Alchemy oalkit. The resuliing learmer proveided
equal or beiter perlormance than the existing discriminative
learming techniques.

Finally, Markow Logic Metworks and Collective Classi-

ficabion has apphcations cutside of the networked data rep-
resentoions we used. [Domingos and Fichardson [4] de-
scnbe hink predichion, link- based clusbening, social network
modeling, and object identificabion in an MLN fromework.
Riedel and Meza-Roe use MILNs for natural language pro-
cossing, laking advaninge of relabional aspects of seman-
tics [ 15].

7 FFuture Work

The dls-]'.un.L]r botween the results we found [or real and
s:.'nll'u:tjl: data raises Lhe q.|1.|1.'=lir.'-n ol how the nature of the
data can affect pvl.'rl'-::-m'mm:i:. The data we [ed into hh.'hi:m_'r.
whelher meal or :.:.rn1l'||.'li|:. had similar characlersbcs 1n
terms ol homophily and link density. Meverheless, MIN
r.h?l{i.'.'.l'ﬂL'l.lT_'L' was lar .*-I.IF\:I'i.(:q.I’ with the meal data. Further
work should be done 1into howr the nature of |:|:|l.'.|. 1.'.':|:||:r.i.'.|] |.:.-
real data can affect the pcrl'-::-rmunl:-.' of M1 M=

A=z menhoned 1n the relabed waork :c.-:n:li-::-n. other meth-
ods ol weight learming ame being 1.':||.r.||-.:rr|:|J and, given our
|::'rp-c:r.i|.' nce with |:|.|Tu‘n:'|li|.':|J|_'|-' dilferent results Ei.wn the bwo
methods we tested, may _1-'i.q_'|.-'_:| r.l:rf-::-rrn.:lr.r:l: increzises thal
could improve current peclormance levels. Given the com-
r.vul:uﬁun:d time rtquimd. |‘.-_'r' the diserimunative method, o
muore eflicien 1|.':|.r|1i.n_n. I.-.:|:|1njq|.||: that matched discrimina-
Liwe l|.'|:|'.|r.|ir.| U=k L0 pl:rl'un'nun.l\:t woould fil=] [ar tov make MINs
a more viable upput:-al:h tey Callective Classiheation.

Firmally, our ::l:pl:riu:m:c with r.l-:r.l'-::-n'nnnl.'u incroases with
a larger iraining sets bogs more explormbion into the amownt

of data needed to train MLNs.

B Conclusion

As o Collecbive Classificabion tool, we found unpre-
dictable resulis for MLMs. It 15 notable too that the com-
putation hme ko learn the mile weaghts discnminatvely was
sigmbcant and dwarfed the total time recuired by the supe-
ricr benchmark algenthms. For the synthete data, perfor-
mance was conmstenily poor with the bechnigues tosted and
unrchiable scrcss different data types, whether altening the
number of labels or labeled proportion. Hewever, given the
perdormance dispanty bobween the real and synthete data,
1t i= possible that the nature of our keshing data affected the
perdormance where other bypes of data may bave yielded
better results. Future work should explore these effects
more dotul.
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Table 1. 2-Class, lp=0%, Discriminative

| dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 | 062 | 0607 | 063 |
ap=0d | 076 | 0754 | 0772
ap=0.& | 0E78 | 087 | 088
ap=0.8 | TS | OO0 | OnE
RBC
| dh=05 [ dh=0.7 | dh=0.9 |
ap=02 | 0406 | 0498 | 0496 |
ap=0.4 || 0496 | 0498 | 0494
ap=0L& | 0406 | 0498 | 0406
ap=0.8 | 0496 | 0498 | 0475
MREW
dh=0.5 | dh=0.7 | dh=0.9 |
ap=0.2 | 0577 | DA1Z | 0649
ap=0d | 0766 | 0797 | (862
ap=0.6 || 085S | ORR4L | 0934 |
ap=0.8 || (897 | 0925 | 0969
MAP
| dh=05 | dh=0.7 | dh=0.% |
ap=.2 || 0609 | 0619 | (833
ap=04 | OB | OBGE | 0.953
ap=0.6 || 0901 | 0931 | 0966
ap=0.8 | 005 | 097 | 0979

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness

Belicl Propagation

dh=0.5 | dh=0.7 | dh=0."
ap=0.2 | 0417 | 0625 | 0706
ap=0d4 | 079 | 0837 | 089
ap=86 | 0900 | 0932 | 0958
ap=04& | 0955 | 0974 | (1543
10 A
db=0.5 | dh=0.7 [ dh=0.5
ap=0.2 | 0617 | 0631 | 0.745
ap=0d | 0212 | 0847 | 095
ap=0.6 | UOJ03 | 0938 | 0K
ap=0.8 | 0957 | 0974 | 0.983
Prowimity Gibbs
| dh=0.5 | dh=0.7 | dh=0.9
ap=02 | 06 0595 | 0545
ap=04 | 0746 | 0732 | 0712
ap=06 | 0864 | 084 | DAl
ap=0.8 | 0931 | 0914 | 0927
MCMC
dh=0.5 | dh=0.7 | dh=0.9
ap=02 | 0618 | D&2 [ 0707
ap=04 | 0802 | 0849 | &l
ap=0.6 | 0899 | 0921 | 0.943
ap=R4 | 0957 | 0962 | 0953
MC-SAT




Table 2. 2-Class, lp=0%, Generatlve

| dh=03 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0."
ap=0.2 || 062 | 0607 | 063 | ap=0.2 | 0417 | 0625 | 0706
ap=0d || 076 | 0050 | 0702 ap=0d4 | 079 | 0837 | 089
ap=0.& | OR/8 | 087 | 0815 ap=86 | 0900 | 0932 | 0958
ap=0.8 | TS | OO0 | OnE ap=04& | 0955 | 0974 | (1543
REC 10 A
| dh=05 | dh=0.7 m._nr | db=0.5 T dh=0.7 [ dh=0.5
ap=02 || 0496 | 0498 | 0496 ap=0.2 | 0617 | 0631 | 0.745
ap=0.d | 0496 | 0498 | 0496 ap=0d | 0212 | 0847 | 095
ap=0.6 | 049 | 0498 | 0496 ap=0.6 | 0903 | 0938 | 0.KG
ap=0.8 | 0406 | 0498 | 049G ap=0.8 | 0957 | 0974 | 0.983
MRW Prowimity Gibbs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0O5I7 | 0515 | 0567 ap=A2 | 0579 | 0522 | 0.642
ap=0.d | 066 | 0.68Z | 0.5 ap=04 | 0664 | 0638 | 0905
ap=0.6 | OEW | 0R | OREL | ap=0.6 | 0815 | 0773 | 0933
ap=0.% || (.a% 091 | 0951 ap=0.8 | 0919 | 0952 | 0974
MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0603 | 057 [ 0489 ap=0.2 | 0531 | 0579 [ 0526
ap=04 || 078l | 0R23 | 0912 ap=04 | 0667 | 0Deal | D608
ap=0.6 | 0895 | 0920 | (058 ap=i.6 | (8 0766 | 0601
ap=0.8 | 0056 | 0068 | 0081 | ap=4 | 0892 | 0882 | 0.773
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 3. 2-Class, lp=10%, Discriminative

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=10.7 |

ap=0.2 || 0624 [ OATT | 066 ap=02 | 0658 | 0684 | 0731

ap=0d || 0763 | 0756 | 0,771 ap=0d4 | 0804 | 085 0

ap=0.6 | 088 | 084 | ORH ap=.& | 0906 | 0938 | 006

ap=0.8 | 0L | O | O ap=0A& | 0950 | 0974 | (.93
REC ICA

| dh=05 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
= Sy e R 1 g ARty | LI T FL T S TR R LT R T e il
ap=0.2 || 0627 | 0752 | 0.925 ap=0.2 | 0638 | 0745 | 0911
ap=0d | 0605 | 0048 | 0927 ap=0.4 | 0819 | 0838 | 0.955
ap=0.& | 0622 | 0757 | 0927 ap=0.6 | 0905 | 0941 | 0965
ap=0.8 | 0626 | 0747 | 0.023 ap=0.8 | 0959 | 0974 | 0.3
MRW Prowimity Gibbs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0625 | 0693 | 077 ap=02 | 0628 | 0635 | 0631
ap=Dd || 0764 | 0819 | (TR ap=04 | 0757 | 0765 | 0.73%
ap=0.6 | CLESE | 0806 | 094 ap=0.6 | 0867 | 0H54 | DAd44
ap=0.8 | 0W6 | 0937 | 00706 ap=0.8 | 0932 | 0926 | 0.924
MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0673 | OLGET [ (.R3Z ap=02 | 0678 | 071 .87
ap=04 | OELL | OBG2 | 0949 ap=04 | OX1% | 0859 | 0894
ap=1.& o 0936 | 0966 ap=0.6 | 0895 | 0925 | 0094
ap=0.8 | D05 | 0972 | 0979 | ap=R4 | (953 | 0963 | 0958
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 4. 2-Class, lp=10%, Generative

| dh=03 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0."
ap=0.2 || 0624 | 0611 | 0626 ap=0.2 | 0658 | 0684 | 0731
ap=0d4 || 0763 | 0756 | 0771 ap=0d | 0304 | 0854 0.
ap=0.6 | 088 | ORMd | 084 ap=86 | 0906 | 0938 | 006
ap=0.8 | 0L | O | O ap=0A& | 0950 | 0974 | (.93
REC 10 A
| dh=05 [ dh=0.7 [ dh=0.9 | db=hE [ dh=0.7 [ dh=0.5
ap=0.2 || 0627 | 0752 | 0,025 ' ap=02 | 0638 | 0745 | 0911
ap=0d | 0605 | 0048 | 0927 ap=0.4 | 0819 | 0838 | 0.955
ap=0.& | 0622 | 0757 | 0927 ap=0.6 | 0905 | 0941 | 0965
ap=0.8 | 0626 | 0747 | 0.023 ap=0.8 | 0959 | 0974 | 0.3
MRW Prowimity Gibbs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0545 | 062 | 0761 ap=02 | 0585 | 0575 | 0.897
ap=0d || TLT03 | 0755 | (833 ap=04 | 0497 | D672 | 0917
ap=0.6 | COELD | (LES3 0y ap=0.6 | 0817 | 0807 | 0942
ap=0.8 | 088l | 0921 | 0954 ap=0.8 | 0928 | 0955 | 0977
MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0623 | 0A29 [ 0.729 ap=02 | 0517 | 0559 [ D574
ap=04 || 079 | o7 | 0891 ap=04 | 0655 | 0619 | 0637
ap=0.6 | OEOE | 0923 | (035 ap=0.6 | 0,09 | 0736 | 0741
ap=0.8 | 0057 | 0969 | 098 | ap=4 | (892 | 0867 | (817
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 5. 2-Class, Ip=50F%, Discriminative

| dh=03 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0637 | 601 | 0.623 ap=0.2 | 0743 | O&IF | 0.5
ap=0d | 00771 | 0758 | 076 ap=0.d4 | 0835 | 0886 | 0942
ap=0.6 | (RTG | OBOR | O86A | ap=06 | 0911 | 0938 | 0k
ap=0.8 | OO0 | 00 | (0 f ap=0& | 0950 | 0976 | (.53

REC 10 A
| dh=05 | dh=0.7 [ dh=0.9 | | db=iE [ dh=0T dh=u.5_|
ap=02 || 0711 | 0.845 | 0.055 | ap=A2 | 0755 | 0867 | 0.954
ap=0d | 0717 | 0822 | 0.047 ap=0.4 | 0832 | 0899 | 0.956
ap=0.6 | 070l | OR42 | 095 ap=0.6 | 0906 | 0941 | 0967
ap=0.8 | 0706 | (0834 | 00958 | ap=0.8 | 006 | 0974 | 0.983

MRW Prowimity Gibbs

dh=05 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9

ap=0.2 [ G717 | 0798 | 0.897 ap=02Z | 0721 | 0778 | 0844
ap=0.d | DEDS | 074 | 0.0 ap=04 | O8IF | 0851 | 0901
ap=0.6 | CLEEE | 0927 u'mﬁ . ap=06 | 0891 | 0915 | 0948
ap=0.8 | 0023 | 0964 | 0978 | ap=0.8 | 0095 | 0956 | 0972

MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ D726 [ 0726 [ 1798 ap=02 | 0748 | 0842 [ D918
ap=0d || DEZZ | 085S | 0928 ap=04 | 0821 | 0887 | 0951
ap=0.6 || DEST | 0955 | 0966 | ap=0.6 | 0899 | 0933 | 0967
ap=0.8 | 0956 | 0972 | 0978 | ap=R4 | 0958 | 007 | 0967

Relick ["'rn'p.ngnll.r_'-n MO-5AT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 6. 2-Class, |p=50"%, Generative

| dh=03 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0637 | 601 | 0.623 ap=0.2 | 0743 | O&IF | 0.5
ap=0d | 00771 | 0758 | 076 ap=0.d4 | 0835 | 0886 | 0942
ap=0.6 | (RTG | OBOR | O86A | ap=06 | 0911 | 0938 | 0k
ap=0.8 | OO0 | 00 | (0 f ap=0& | 0950 | 0976 | (.53
REC 10 A
| dh=05 [ dh=0.7 | dh=0.9 | | db=iE [ dh=0T dh=u.5.|
ap=02 || O7LL | 0845 | 0938 1 ap=A2 | 0755 | 0867 | 0.954
ap=0d | 0717 | 0822 | 0.047 ap=0.4 | 0832 | 0899 | 0.956
ap=0.6 | 070l | OR42 | 095 ap=0.6 | 0906 | 0941 | 0967
ap=0.8 | 0706 | (0834 | 00958 | ap=0.8 | 006 | 0974 | 0.983
MRW Prowimity Gibbs
dh=05 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0609 | O80T | (.887 ap=02 | 0692 | 0813 | 0.7
ap=0.d || D74Y | 0831 | 0.008 ap=04 | 0787 | D#51 | 0.9
ap=0.6 || OESD | 0805 | 0945 | ap=06 | 087h | 0921 | 0951
ap=0.8 | 0916 | 0965 | 0973 ap=0.8 | 0946 | 0964 | 0974
MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ DLA4E [ 0645 [ 0698 ap=0.2 | 0658 | 0699 [ 0764
ap=0d || D78l | 078 | 0805 ap=04 | 0752 | 0751 | 0A&ll
ap=0.6 | 088 | 0882 | 0012 ap=0.6 | 0841 | 0835 | 0809
ap=0.8 | 0T | 093 | 098 | ap=04 | 0929 | 0921 | 0925
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 7. 5-Class, lp=0%, Discriminative

| dh=0.5 | dh=0.7 [ dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 | D364 [ 0357 | 0369 | ap=02 | 0353 | 0365 | 0379
ap=0.d || 0400 049 | 0502 ap=0d | 0507 | 0551 | 0.601
ap=0.& || 0604 | OAT9 [ 0626 ap=86 | 0645 | 0734 | 0785
ap=l.8 || 727 | 0730 | 073 ap=0& | T8 | 045 | 0HM
REC I A
| dh=0.5 | dh=0.7 m._nr dh=0.5 | dh=0.7 [ dh=0.9
= ST ST R T SRS N THEY X T
ap=0.2 || 0203 | 0202 | 0.200 ap=02 | 030 | 0479 | 0504
ap=0d | 0203 | 0202 | 0.202 ap=0d | 0579 | 0684 | 0824
ap=0.6 | O3 | 0202 | 0.202 ap=0.6 | 0713 | (82 007
ap=0.8 | 0203 | 0202 | 0.202 ap=04 | 0OF08 | D#84 | D.MA
MRW Proximity Gibhs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 | 028 [ D264 | 0228 ap=02 | 0338 | 0291 | 0246
ap=04 | 03ME | 0376 | 0366 ap=04 | 0444 T 0399 | 0362
ap=06 | 044 | 0504 | 0531 ap=06 | 03544 | 0519 | 0482
ap=0.8 | 0572 | o624 | 0646 ap=0& | 0667 | 0626 | 0579
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.0 | dh=0.5 | dh=0.7 | dh=0.9
ap=th2 [ 0373 | 0369 [ 0.2 ap=02 | 0363 | 030 [ 0328
ap=t4 | 0512 | 0528 | 0545 ap=04 | 0343 | 0508 | 0458
ap=0.6 | O&d | 0687 | 072 ap=06 | 0663 | 0722 | D674
ap=0.8 || 01797 | 03K | (850 ap=0& | 0768 | OD8G [ 0815 |
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 8. 5-Class, lp=0%, Generatlve

| dh=0.5 | dh=0.7 [ dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 | D364 [ 0357 | 0369 | ap=02 | 0353 | 0365 | 0379
ap=0.d || 0400 049 | 0502 ap=0d | 0507 | 0551 | 0.601
ap=0.& || 0604 | OAT9 [ 0626 ap=86 | 0645 | 0734 | 0785
ap=l.8 || 727 | 0730 | 073 ap=0& | T8 | 045 | 0HM
REC I A
| dh=0.5 | dh=0.7 m._nr dh=0.5 | dh=0.7 [ dh=0.9
= ST ST R T SRS N THEY X T
ap=0.2 || 0203 | 0202 | 0.200 ap=02 | 030 | 0479 | 0504
ap=0d | 0203 | 0202 | 0.202 ap=0d | 0579 | 0684 | 0824
ap=0.6 | O3 | 0202 | 0.202 ap=0.6 | 0713 | (82 007
ap=0.8 | 0203 | 0202 | 0.202 ap=04 | 0OF08 | D#84 | D.MA
MRW Proximity Gibhs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=1.2 n2 0190 [ 0216 ap=02 | 0198 | 0196 | 0.19%
mp=04 | 01% | 0201 | 0.205 ap=84 | 0202 | 0196 | 0.196
ap=0.6 | 021 | 0221 | 0225 ap=06 | 0211 | 0197 | 0.19%
ap=0.8 | 023 | 0257 | 0.256 ap=0& | 0231 | 0.197 | 0.19%
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.0 | dh=0.5 | dh=0.7 | dh=0.9
ap=t.2 [ 095 | DI8R [ 022 ap=02 | 0204 [ 019 [ 0223
ap=th4 | U195 | QU188 | 00123 ap=04 | 0197 | 0216 | 0.237
ap=0.6 | CLI95 | 0087 | 0126 ap=06 | 0198 | 0214 | 0221
ap=0.8 || 0300 | 0199 [ 0155 ap=4 | 0234 | 0232 | 0272
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 8. 5-Class, Ip=10%, Discriminative

| dh=03 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0."
ap=0.2 || 0364 | 0357 | 037 | ap=0.2 | 0382 | 0437 | 0487
ap=0.4 | 0486 | 0487 ns ap=0d4 | 0531 | 0611 | 0664
ap=0.6 | 0612 | OATH | 0627 ap=86 | 0672 | 0761 | 0824
ap=0.8 | C7FT | 0730 | (7E ap=0& | 0790 7 OES | (978
REC 10 A
| dh=05 [ dh=0.7 | dh=0.9 | dh=0.5 | dh=0.7 [ dh=0.9
ap=02 | D428 | 06 | 0.833 ap=02 | 0483 | 0.£22 | 0791
ap=0.d | 0428 | 0615 | (833 ap=0d | 0623 | 0761 | 0.849
ap=0.6 | 0425 | 0603 | OA4] ap=0.6 | 072 | 0834 | 0.929
ap=0.8 | 0428 | 0602 | (.837 ap=0.8 | 0813 | 0883 | 0951
MRW Prowimity Gibbs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0293 | 0327 | 0.285 ap=0.2 | 0355 | 0153 | 030
ap=Dd | TL3FT | 0387 | 0426 ap=04 | 0473 | 0463 | 0443
ap=0.6 | 0471 | 0518 | 0572 ap=0& | 0577 | 0579 | 0552
ap=0.8 | 0564 | 0648 | 0672 ap=0.8 | 0683 | 067 | 06084
MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0386 | 0401 [ 0.3 ap=0.2 | 0433 | 0431 | 034
ap=th4 | 0523 | 0547 | 056 ap=04 | 0S8 | 063 | 0571
ap=0.6 | O6dZ | 0695 | 0745 ap=m.6 | 0677 | 0737 | 0760
ap=0.8 | 0794 | 082 | 0873 ap=4 | (792 | 0837 | 0816
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 10, 5-Class, Ip=10%, Generative

| dh=0.5 [ dh=0.7 | dh=0.9 dh=05 | dh=0.7 | dh=10.7 |

ap=0.2 | 0364 [ 0357 | 037 | ap=02 | 0387 | 0437 | 0487 |

ap=0.4 || 048G | 0487 ] ap=0d | 0331 | 0611 | D664

ap=0.6 | G612 | 0616 | 0627 ap=hk | 0672 | 0761 | 0834

ap=l.8 || 0727 | 0729 | 0736 | ap=0& | 0790 7 OES | (978
REC I A

| dh=05 | dh=0.7 | dk=0.9 | g dh=45 | dh=07 | dh=0.9
ap=0.2 || 0428 | o6 | 0833 | ap=0.2 | 0483 | 00622 | 0791
ap=0.d | 0428 | 0615 | (833 ap=0d | 0623 | 0761 | 0.849
ap=0.6 | 0425 | 0603 | OA4] ap=0.6 | 072 | 0834 | 0929
ap=0.8 | 0428 | 0602 | (.837 ap=0.8 | 0813 | 0883 | 0951
MRW Prowimity Gibbs
dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0226 | 0248 | 0.389 ap=02 | 0241 | 03255 | 0367
ap=0d || O3] | 0266 | (375 ap=04 | 0244 | 0257 | 0351
ap=0.6 | 0249 | 0286 | 0386 | ap=0.6 | 0252 | 0265 | 0384
ap=0.8 | 0271 033 | 0448 ap=0.8 | 02374 | 0288 | 0.4%G
MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0195 | 0096 [ 0.254 ap=02 | 0.284 | 0311 [ 0321
ap=td4 | CUI9T7 | QU196 | 0.259 ap=04 | 0279 | 0297 | 0332
ap=0.6 | 0200 | 0219 | 0260 ap=0.6 | 0293 | 0431 037
ap=0.8 | T2[8 | 0257 | 029 | ap=R4 | O30 | 0352 | 0402
Belief Propagation MC-SAT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Takle 11. 5-Class, lp=50%, Discriminative

| dh=03 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0."
ap=0.2 || 0355 | 0.359 | 0378 | ap=0.2 | 0574 | 0705 | 084l
ap=0.d4 | 0473 | 0491 | 0524 ap=0d | 065 | 0784 | 0901
ap=0.6 | 067 | OAlo | 0637 ap=86 | 073 | 0831 | 0933
ap=l.8 || 735 | 073 | 0757 | ap=0& | O80T | 0807 | 005

REC 10 A
| dh=05 [ dh=0.7 | dh=0.9 | db=0.5 T dh=0.7 [ dh=0.5
ap=02 | 0577 | 0763 | 0912 ' ap=02 | 0613 | D798 | D915
ap=0d || 0571 | (746 | 09711 ap=0d4 | 0664 | 0823 | 0.925
ap=0.& | 0568 | 0763 | 0900 ap=0.6 | 0737 | 0856 | 0944
ap=0.8 | 0578 | 0.6 | 0006 ap=0.8 | 0308 | 0905 | 0.961

MRW Prowimity Gibbs

dh=0.5 | dh=0.7 | dh=0.9 | | dh=0.5 | dh=0.7 | dh=0.9

ap=0.2 [ 0380 [ 0399 | 0421 ap=02 | 0553 | 0625 | 0.6d44
ap=0d | G463 | 0472 | (053 ap=04 | 0429 | 0604 | 78
ap=0.6 | 0525 | 0585 | 0617 | ap=0.6 | 072 | 0757 | 0841
ap=0.8 | 0617 | 0693 | 0743 ap=0.8 | 0798 | 0823 | 0840

MAFP MCMC
| dh=03 | dh=0.7 | dh=0.% | dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 || 0459 | 0499 [ 0474 ap=02 | 0566 | D662 [ D.5TH
ap=0.4 || 0577 | D612 | 0655 ap=04 | 0656 | 0.747 | (.82
ap=0.6 | 0672 | 0711 | 0.756 ap=0.6 | 0,739 | 0791 | 0.8
ap=0.8 | 786 | 0821 | 0.8E3 | ap=4 | (80 | 0875 | 090

Belicl Propagation MO-5AT

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate
predictiveness



Table 12. 5-Class, Ip=50%, Generative

| dh=0.5 | dh=0.7 | dh=09

ap=0.2 [ 0355 [ 0350 | 0378 |

ap=0.d4 | 0473 | 0491 | 0524

ap=0.6 | 062 | Q616 | G637

ap=0.8 || 0735 | 073 | 0752
REC

| dh=0.5 [ dh=0.7 | dh=0.
ap=02 | 0577 | 0763 | 0912 '
ap=0.d || 0571 | 0746 | 0911
ap=lL6 | 0568 | 0765 | 0909
ap=0.8 | 0578 | 076 | 0900

MEW

dh=05 | dh=0.7 | dh=0.9 |
ap=0.2 | 0387 | 0485 | 0609
ap=0.4 || 0393 | 0517 | 073
ap=0.6 | D386 | 0573 | 0737 |
ap=0.8 | U462 | o024 | 0761
MAP

| dh=0.5 | dh=0.7 [ dh=0.9 |
ap=th.2 [| 0207 | 0227 | (.625
ap=04 || D219 | 0235 | 0667
ap=0.6 | 0237 | 0266 | 0.4
ap=0.8 | 0277 | 0346 | 0803

Belicl Propagation

Average accaracy resubts for variows algorithms; dh is the measare of homophily: ap is the measore of ativibate

predictiveness

dh=8.5 | dh=0.7 | dh=0.%
ap=02 | 0574 | 075 | 0861
ap=04 | 065 | 0734 | 0901
ap=86 | 073 | 0831 | 0933
ap=0& | O80T | 0807 | 005
ICA
db=0.5 | dh=0.7 [ dh=0.5
ap=02 | 0613 | D798 | D915
ap=0d | 0664 | 0433 | 0925
ap=06 | 0737 | 0856 | 0944
ap=0A | 0S8 | 0905 | 0.961
Proscimity Gibbs
| dh=0.5 | dh=0.7 | dh=0.9
ap=02 || 0478 | 0OA2 | 0#EAl
ap=04 | 0485 | 0634 | 0AT6
ap=06 | 0497 | 0681 | 089
ap=04& | 0519 | 0717 | 0859
MCMC
dh=0.5 | dh=0.7 | dh=0.%
ap=02 | 0418 | 0548 [ 0619
ap=04 | 0428 | 0555 | 0.63d
ap=0.6 | 043 | 0549 | 0642
ap=4 | 464 | 0575 | 0646
MOC-SAT




Table 13. Discriminative Learning on CiteSeer

| Ip=0% | Ip=10% | Ip=58% |
mAtr=s || 0207 | 0295 | 0291
nAttr=I0 || .332 | (.33 0.337
nAtr=30 | 036 | 0364 01.353
nAlr=30 || 539 0,541 (54
pALr=100 || 0638 | (.63 0.631
RBC
Ip=0% | Ip=10% | Ip=50%
nALir=5 (.058 | (1624 0.654
nALtr=10 || 0.058 | (.623 [L6h
nAwr=3 || 0.058 | (.625 0,663
nAur=50 || 0058 | 0.626 0666
nAtr=100 || 0058 | 0622 0.657
MREW
Ip=07% [ Ip=10% [ Ip=50% |
nALIr=5 019 0.208 0.251
nAltr=10 02 0.234 0.274
NALr=20 || 0292 | (.293 0314
nALtr=50 036 0376 0.372
mALr=100 || 0479 | (.40 0.413
MAP
Ip=0% | Ip=107% | Ip=307
mAtir=5 [ 0316 | (0383 0.567
mAnr=I0 || 0345 0.4 (1557
nALr=20 || 0511 .58 01.591
NALr=50 || 0644 | (653 0.657
mALr=100 | 0714 | 0721 00733
Belief Propagation

| [ Tp=0% | Ip=10% | Ip=50%
nAttr=5 || D308 | 3 [ ey
nAtir=10 .34 304 619
mAtir=20 | 04010 ) FIEE]
mALIr=50 .6l MLG3E (LGRS
nAur=100 || 0.69% nod 0741
ICA
| p=0% | Ip=10% | Ip=S0%
nAflr=5 0.243 1366 NL653
mAtir=10 || 0363 0475 0674
mALIr=20 || 053] (585 70
mAtr=50 || 0602 | 064 | 0703
nAr=100 || 0633 705 1748
Proximity Gibhs
| p=07 | Ip=10% | Ip=S0%
nALr=5s 0221 (288 0519
mALr=10 || 0.24] 308 .54
mALIr=20 .35 VERL] 572
mALIr=30 || 0529 05G7 [651
nAtr=100 | 065 | 047 | 0724
MOCMOC
| p=07 | Ip=10% | Ip=S0%
nAr=5 0325 0518 M52
nAtir=10 || 0.443 (1565 (1G5
mALIr=20 || 0545 615 T EA2
BALIr=30 || 0672 .67 o7y
nAtr=100 || 0725 0737 0742
MC-SAT

Average accaracy resolts for variows algorithms:; nAtir is the number of independont attribotes nsod; Ip is the

labeled proportion




Table 14. Generative Learmning on CltaSesr

| Ip=0% | Ip=10% | Ip=58% |
mAtr=s || 0207 | 0295 | 0291
nAttr=I0 || .332 | (.33 0.337
nAtr=30 | 036 | 0364 01.353
nAlr=30 || 539 0,541 (54
pALr=100 || 0638 | (.63 0.631
RBC
Ip=0% | Ip=10% | Ip=50%
nALir=5 (.058 | (1624 0.654
nALtr=10 || 0.058 | (.623 [L6h
nAwr=3 || 0.058 | (.625 0,663
nAur=50 || 0058 | 0.626 0666
nAtr=100 || 0058 | 0622 0.657
MREW
Ip=07% [ Ip=10% [ Ip=50% |
nALIr=5 0169 | 0213 .338
nAlr=10 || 0241 0.236 0.299
nALr=20 || 0227 | 0247 028
nALltr=50 || 0298 | 0.314 0314
mALr=100 || 033 | 034 L3S
MAP
Ip=0% | Ip=107% | Ip=307
mAtir=5 [ 02 [ 0214 TEE!
mAnr=I0 || 0199 | 0203 01254
nNALr=20 || (238 | (1248 0.279
NALLF=50 || (1335 | (1342 0.372
mALr=100 || (0361 0.363 00,362

Belief Propagation

[p=0% | Ip=10% | Ip=50"%

MAM=S || DJuw | O35 ] n&are
nAtir=10 .34 304 619
mAtir=20 | 04010 ) FIEE]
mALIr=50 .6l MLG3E (LGRS
nAur=100 || 0.69% nod 0741
ICA

p=0% | Ip=10% | Ip=S0%
nAflr=5 0.243 1366 NL653
mAtir=10 || 0363 0475 0674
mALIr=20 || 053] (585 70
mAtr=50 || 0602 | 064 | 0703
nAr=100 || 0633 705 1748

Proximity Gibhs

p=07 | Ip=10% | Ip=S0%
nALr=5s 0209 n263 0473
mALIr=10 || 0207 o241 TR
mALIr=20 || 0239 0273 TEGY]
mALIr=30 || 0249 337 .46
nAtr=100 | 0313 | 0364 |07

MOCMOC

p=07 | Ip=10% | Ip=S0%
nAr=5 NG 0201 0541
mAtir=10 || 0211 0278 (YEN:.
mALIr=20 || 0274 FEYE] 0419
mALIr=30 || 0.343 037h .48
nAtr=100 || 0372 A0 FEER]

MOC-5AT

Average accaracy resolts for variows algorithms:; nAtir is the number of independont attribotes nsod; Ip is the

labeled proportion




