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Abstract

Collective Classification i the precess of labelirg -
slomces ik o greph wng both irstarce altribule informotion
aned informolier about relaliors befweer inslonces, While
several Collective Olassificafior Afgorithmy have beer well
stacied, the vxe of Markav Logic Netwoerks (MEN) remains
fiergely wntested.  MINy pair first order logic skifemenis
with o remmerical weight. Witk properly assigred weiglhts,
Hrexe niles may be wsed (o infer clasy labels from eviderce
Chor sty evalecifed MINs
ageinst other Colleciive Claxsificalion algorithms or bothk
syrihetie dota and real dida from the CiteSeer dotasel. Axa
whole, we enconrlered incorrisien! and often poor perfor-

sfoded as legic shidemeniy.

mciree with MINy, especially on swmihetic deato where ather

Collective Classifieanion algerithms perfarmed well,

1  Introdoction

Classification 15 the task of assigning appropriate la-
Fels ko instances.  These labels may nepresent calegomos
cr binary attribubes of the instance and could represent any
number of wscful pleces of real information. A simple
hinary classihcation task may iovolve deciding if a web-
mge 1= purcly advertisement or not. A more complicated
task may mvolve cabcgorzang emals ik “work™, “fam-
ily”, or “school” cabegones. Common classification tech-
nigues uswally azsume that data 1= drawn independently and
identically (1.1 from a distribution, ina manner whens mo
correlation exists bebween tnsiances.

Notonly 15 this assumpticn often inaccurabe, i precludes
a large amount of dala which 1s melational by design, Col-
lective Classification proposes Lo ke advantage of this fea-
ture by including relaticnal information in the body of ev-
ience used to asagn labels,  For instance, hyper-linked
wib-pages or scholarly articles with citations can be med-
cled as data wath both independent atinbutes and relational
data (1. links 10 other web-pagefarticles). This techmgue
has been shown o cwtpedcrm iradibonal, independent clas-

sifiers 10 cames where insinces, or “nodex”, of the same
class link strongly 10 ope another, 2 property called avio-
comelaticn [12]. The difference in perfoormance can be es-
pecially noboeable when some podes o the test sel have
known labels [G].

Because independent classifiers have existed longer, they
are much better studied than collectve techmgues. How-
ever a number of algoothms for Collective Classihcation
have been proposed including relaxation labeling [1]. sber-
ative convergence lochniques [12], belief propagation [16],
and (hibks sampling 6] One relabvely unexplored tech-
nmigque for Collechve Classiheation iovolves the use of
Markow Logic Networks (MLMs). A Markow Logic Met-
work describes a senies of brst-order logic statemenis al-
tached to numencal weighi=. Applied o Collective Classi-
ficabion, the logic statemenis of the MM comrelate the rela-
tional and independent featunes of datascis o the class label.
A suporvised learming technique 1s then wsed o determine
the associabed weighis for cach mile by trining on a data
sol, the “ienming set,”” with knowm labels. The MLM may
then ke wsed toonfer over o data set, the “testing sot,” with
unknown labels and make prodictions.

Ohur research compares techniques wbilizing MLMs with
other collective and independent classifiers. We describe
the effcct of wblhizang different methods of waght leam-
ing and the results of differeat inference algonthms., We
describe podormance over both real and synihebic data.
In the mext section, we otroduce MIN=, the associated
welght-learnming technigues, and the associated inference al-
gorithms, In addition, we introduce the benchmack Collec-
tive Classification technigques with which we compare the
use of MLM=. Mext we descnbe the vanous condibions in
which we tested M1INs and dezcribe the resulis. Finally, we
conclude and describe related research.

2  Background
While previcus classibcation techngques utilize only in-

dependent instance altnibubes (usually just “atinbube="1,
Collective Classibication takes advaniage of the nelabion-



ships bebween instances.  Becanse many datasels can be
modeled this way, wherns relaticnzhips can be modeled as
links between tnslance=s, Caollechve Classihication has wide
apphicakility and can outpecform more traditicnal, atmbote-
cnly metheds [ 11]. Classitheation of pages within a websibe
1= a clear example of Collective Classihcation,  Attoibutbes
may include features hke the presence of certain words
while hyperlinks to other pages would provide relational at-
inbutes or “hnks”. Classifving a umversity department’s
webhsibe may tnclude labels ke "Student Page”™, "Instrictor
Page”, "Course Page™, vic.

Chur study included a number of fenchmatk algonthms
The following sections inbmduce these algonithms as well
as our techmigques waith MLN=,

2.1 Benchmark Alzerifhms

The Ireranive Classificasion Algorithm (ICA) 15 0 Collec-
tve Clssification algonthm that begins with 2 boctstrp-
ping process which computes tnitial predichions using only
independent atiribute=. [t then iteratively recomputes zach
noede’s label using the predicted labels of neighbonng nodes
as evidence. [t successively recompuies the unknown labels
for a set oumber of iterations. In this form of the algonihm,
the contnbution of relational informaticn from each neigh-
toring node 15 weighied equally 1o class prediction [11]. In
contrasi, in the “cauticu=" variani relabional information is
uzed more hezrvily if the nsighboring node’s label 1s consid-
ered more rehiable [ 10].

Ciibbs sormpling 1s o well-siudied Monte Carlo technigue.
Al each state, it samples a label for each pode based on the
current predicted label disinbubion. The most likely label
for sach node is the one most often selected.  The tech-
nique 15 shown ko usually have good pecformance [10]. For
this study, we chose FCA and Gibbs as represenimbive of
the “non<coubious” and “coutions" classes of n|Euri1|.'|mx de-
scribed by MclDowell et al. [10].

Redational Favesion Classifier (RBC) 15 2 non-collective
algonthm. [t represenis beterogeneous data in such a man-
ner thatl a Simple Bayesian Classibier may be used to learn
condibional probabilites for each attribute, Our implemen-
labion wses a naive Haves classiher, which assumes condi-
tional independence betwoen Features.

The next algonthm, MEW, 1= an example of a relabional-
cnly clussifier. It considers only relational information to
label insimnces. Becauwse it has no independent features o
mmitiabe the bootsicapping process, hike Gibbs and 1CA, this
algonthm requines noedes with known groundings 1o be in-
cluded in the testing =at,

The Muln-Kank Walk (MEW) algonthm simulates run-
dom walks along links [rom groundings of sach clazs and
tallies the number of visiz each node recoives. Predictions
are created from the relative number of visie each nede re-

ceives from the candidate classes, 1t outperfocms wvBEM, a
wll known relaticmal-only classiher, 10 cerlain situabons,
notably when the proportion of known labels s low [3].

22 DMLNs

A Markov Legie Network IMLN] weds Arst-order logic
with a statishcally leamed weight. To use an MLM, one
must birsl creabe a sel of At order logic oles. Weights
are then attached to the=e rules by tmining on 2 set of data.
Thers are vanous weight-leaming techmgues manlabkle al-
though the Alchemy toolkit provides implementabion For
only generative learning, based on psendo log-likehibood,
and disenminatiee learming, based on Voled Perceptron,
Conugate Gradient, and Mewlon's Method. With a st of
rules with attached weights, the MLMN may be vsed to infer
probabilities For siabements.

In the case of Collective Clamification, links, atiributes.
and labels are represenied 1o data sets as atomic formu-
I, Rules will mke the form of first-order logic stalements
where attobute values 1mply certain labels and hinks be-
twzen nodes imply the same label between these nodes. &
wighi-learning technique 15 then used 1o associabe weights
with these implication siatements. Theose learned rules many
then vsed by inference algonthms, namely Markoy Chain
Monte Caclo (MOCMC), Maximum-a-Postenon (MAF), be-
lief propagation [14], and MC-5AT [13] o infer probabili-
ties for unlabeled nodes. It should be noted that the MOCMC
algomihm s the =ame basic algomithm as Gibbs except that
the local classihier vsed o produce node predictions 15 the
MIN instead of Mave Bayes,

3 Methods
3.1 Data Generation

Synthebic data preduced with the Proximity teolkit pro-
vided v= 2 mbust source of matenal on which 1o te=. Exper-
iments on synthetic data included bwvo runing sets of 250
nodes and a =ingle, 250 node testing set. o all experimenis,
wo usod 10 independent atiributes and ran 10 inals using
the zame delfault settings for data generation as MeDowell
ot al. [101].

Real daiz provided by the CiieSeer dataset provided an-
other source of testing matenial. Again, we genembed data
using the same technique as MoeDowell et al. [10], a 5-fold
cross validabon, whereby 5 graphs of =iee 400 were gener-
aled with 4 used for truning and the Last for lesting.

In our synthetic datasets we pnmanly modibed the
strength of the links as a predicior of Like labels (the “ho-
muopihly™1, the strength of alinbutes as a predicior of lTabel
(the “attribute predictivenes=s"1. the number of possible La-
bels, and Onally the proportion of best set nodes with known



lakels (the “labeled proportion” or perceniage of “ground-
ings" ). For our real data, we modibied the nomber of inde-
pendent atinbutes and the labeled proportion. The offects
of these medhficabions on prediction accuracy 15 described
in the results section.

A2 DBenchmark Algorithms

[n order to evaluate the use of MLMs in Collective Clas-
sificabion, we whlized several other algonthms as poants
of comparison.  These algorithms were implemented o
the Proximity tool and were run on the same datasel as
cur MLN experiments.  Specihcally, we wsed the Rela-
tonal Bayesian Classifier IRBC, ICA, and the Proximaty
implementation of (fibbs sampling as points of compan-
=on. [n addition 1o these algonthms, we implemented the
relational-only classifier Mulbu-Rank Walk, shown inosev-
eral circumsknces to culperform the relational-only wvlMN
algonthm [7]. Each MLM trial man the set of benchmark al-
gorithms once and these results were averaged along with
clher tnals of the same conhgumbon.  (For the synthebic
data experimenis, we ran ken inals; for the CileSeer data,
we ran hve.)

33 MLN Comparison

MIN expenmentis utihized the Alchemy toolkit Inoco-
der to make appropriate comparisons, we exporied dain
from the Proximuiy teolkit and created dain fles expross-
ing aitribute, label, and relabional information as first order
logic simtements. Weght-leaming was accomplished gen-
erabively or discominatively. For discnminative learning,
the class label predicate was specified as non-endence. For
generabive leaming, no mon-evidence predicabes were spec-
thed. The relative FH.TF::-I'I'I’J.E.II.‘II:'L‘ of these upli-::-n5 muotivaled
these choices. [nference was secomplished vsing four algo-
nthms provided in the Alchemy teolkit: Masimum a pos-
lernorn I:M AT, Markoy chaun Monbe Carle Cabhbs E:U'np]i.n._e.
(MOCMC), MC-5AT Poon and Dominges 20061, and belief
'Fuupugnliun-

Each indl:pl.'ndl:m ﬂl.l.Ti]'.LIl.l.'_l: in the MLM had 11s own rule

and was wnitlen in the form:

abtri[object, toalue] = dass(object, teloss)

The choice of les intmoducing relational dependencies in
the MIN proved o ke very challenging.  Ultimately, we
found the single rule:

clags(obyect ], dass) & LinkTolshject ], shyect 2)

= dass{ohjecil, cloxe)
1o be the mest successiul. We atbempied several vanations

using the + opemior allached to the class wanable 10 1m-
ply potential dependencies between dissimilar classes bul
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Figure 1. Shows performance of tested algo-
rithms on binary data with 10% groundings.
All MLH algorithms used a discriminatively
learmed KILN.

foumd this conszistently hurt performance. Efforts to rewnie
this relational rule as logically equivalent statements only
prochuced wdentical performance.

For algonthms that presnded a probabiity distributicn
over the labels, we simply chose the lighest cne and com-
pared this set of labels 1o true labels to provide o measare of
accuTacy.

4 Results

Figures 1-3 highlight a few resulis companng the av-
erage accuracy of the MLMN algorithms and the bench-
mark algorithms as either homephily or attnbute predictive-
nessnumber 1= vared. As a whole, MLNs achieved lower
accuracy than the benchmark algornthms, with a few excep-
tions. Tables conlaining detailed resulis are provided in the
appendix. Below, we introduce a few themes from the re-
sults and proposs a possible explanation for the tnconsistent
behavior of M1N=

Discrimumative lecarning war gererally belter thar gewner-
aiive leorming for MENy In almost all cases, discominative
woight learmng yielded supenor resulis b genemiive leam-
ing. This difference is especially proncunced for data with
five class labels versus two labels. For example, Table 3
shows testing with fve labels, 0 grounding. In this case,
generative learnming provided MEN infercnce algonthms Li-
tle improvement to mndom guessing. A nolable exceplion
to this rend 15 exhibited o tests on binary data. [n cases
with high bomophily, the MCMC infercnce algorithm us-
ng a generatvely learned MLN yields consistently higher
accuracy scores. Lables 1- 6 coniain these results. The 5065
groundings case of the five class daia CTable 120 alzo ex-
hibits this result. Figure 1 displays another exceplion—the
MOMC algorithm actually sullered from higher hamophily
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Figure 2. Shows performance on a set of bi-
nary data with 10% groundings. AllMLHN algo-
rithms wused a discriminatively learned MLHN.
The inference accuracy on binary data tended
to be much betier.

when learming discoiminatively. The genemtive technigque
{rosults in Table 4) improves inlerence accuracy, as should
e expocted with higher bomophily. However, besides these
excophons, discoiminative leaming was supenion.

MIN: performed comparably mech better with bincary
clasy fabels B five Slasy lakels, One bt vniversal 1o all
of our results was the superior performance of MLN= infer-
ning on binary class label data. Mot only 1= the binary classi-
hieation more accurate 10 absolute terms, the performance of
MINs more closely oivals benchmark performance. While
MINs sulfer particularly from 0% groundings on bve class
data, they pecform much closer 10 benchmark algonibms
on binary datm. For instance, Figure 2 showes perfcomance
aof MM and benchmards algorithms on a sct of binary daia
wilh 10F groundings. The pedormance of two of the MM
techmigques., Beliel Propagabon and MO-5AT, 15 very close
1 the benchmark algorithms, Like most cases, Gibbs sull
culperdformed the MLMN algonthms.

The beliel propagation algorthm behaved somewhat un-
predictably. We note that 11 ablempted 1o comege on o solu-
ion tm a sek number of iterations and that there was a marked
difference in performance in cases where the algonihm soc-
cessfully comerged within the limited number of ilemtions.

MO-BAT swperforms others for 5 class labely ond Cire-
Seer data, For 5 cloass labels the MO-5AT algonihm outper-
formed the other MEN algorithms in almost every case. For
example, in the case of 10 groundings(shown in Takle 91,
MOC-5AT culperforms s closest nival, beliel propagation,
in 1ol 12 cases. Mevertheless, even MO-5XT sulls gen-
crally falls short of the benchmark algonthms. In the case
af low homophily, aticibute strength, and 0 ar 10% labeled
proporticn, MO-5&T barely cutpecfooms [CA, With 505
groundings, this shght advanioge is crushed by [CA,

[nberestingly, in the case of the real data, MOC-SAT beats

- AT
- BF
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Figure 3. Shows performance of tested algo-
rithms on CiHeSeer data with 10% groundings.
All MLH algorithms used a discriminatively
learmaed MLM. This Is the only case where an
MLH Inference algorithm performed consis-
tently betier than a benchmark.

the benchmark algonthms o every case. MO-5AT, using
a discriminatively leamed MLM. and pecforming on Cite-
Seer data s the only case 1o our study where an MLN algo-
rithm consistenily outperformed benchmarks. [n every case
of varied number of attnibubes and the labeled proportion,
MO-8AT performed the best. Figure 3 shows this trend on
a set of CiteSeer data wiath 10% groundings; the complets
resulis can be found in Table 13, Below we inbreduce a pos-
sible explanation for this performance,

5 Discussion

Far the synihetic daia, the MLM algonthms consistently
underperformed the benchmark algorithms  For the real
daizn, however, one MLN algoriibm (MC-5AT) performed
noticeably betier than all other algonithms. We considered
whether 1his disparity might be due o the different size of
the truning data for the synthetic vs. the real data

The real data vsed a miming set of 1SE) npodes while
the synthetic data produced only sets of 500 pode=. To
te=l the theory that MIM leaming required o larger tmin-
ng =ot o ke successhul, we produced synthetic data with
larger training sots and found that MLM classification did,
in fact, tmprove. However, neather collective benchmark al-
gorithm demonstrated any imprevement with langer iraning
sek= With cur cnginal trmining size, moderate homophily,
and loow attribwie strength, cur MEN algonibms rivaled [CA
but [ell short of (hbbs. When we increased the raining =cl
to 1000 nodes, inference accurmcy for the MLNs only im-
preved shightly and not enough o account for the dispaniy
between ClieSeer and synihebc daia,



6 Related Work

Collective Classification hos been accomplizhed wath o
vanety of algonthms McDowell et al. [10] esaluated a
vanant of [CA, "Cavticus ICA™, which exploits more cer-
izun relational information to classify. Inteducing this com-
plexily improved the pedormance of 1CA 10 mosl cases
When iesied on the CiteSeer database, Cantious [CA gen-
erally cuwiperformed 1is non-cavtions rivals, especially when
uzing fewer non-relational attribubes.

Dhurandhar and Dobra compared the performance of
MIMs against Relational Dependency Metworks [3]. They,
howeewer, only uviilized MUMOC and MAP inference, us-
ing both Generative and Discniminative weight-learning.
[Tnlike us, 1|.'|L'_'.r found that the choice of wuighl—]u:uni.n._e.
lechmigue and inference algorithm did net qualitatively af-
fect the re=ulis. In particular, they found that Relaticnal
Pependency Nobtworks with Gibk's pedformed comparably
o MIMs Our data, however, showed consistent under-
performance of MLMs compared to Gibbs. Their use of
data with mainly binary class labels may explain this differ-
cnce, as our resulis indicate that binary labels prosvide for
muore comparable performance for MLN=

Markoy Logic Mebworks provide a ool with a diverse
range of applications. Chechetka, et al. [2] utlize MLMNs
1o collectively classify entibies identified in images. Rela-
tonal information s delined as atirbutes shared commonly
Fetween entibies in different pictures, Unlike our data, thas
provides multiple link bypes and, as they found, complicabes
classification since different links may vary in importance o
classification. They too wsed the Alchemy toolkit, although
they only used a zingle set of weight-learning and inference
satbings.

Oine area of MLN study receiving atbention is the weaght
learning technicue, an intmctable problem with sevemal can-
didate methods, Lowd and Domingos [F] explored alier-
natives which improve wpon existing techmgues by using
socond-coder information or by medifying the learming mie
for different clowses, Althcugh they too used the Alchemy
tcolkit, implementng their technigues as exbensions, they
lesbed on reml datzsets we didn™ wse, Cora and WekKR, us-
ing the latker for Collective Classificotion. The algoniithms
they inbreduced tmproved accuracy over ther metric imple-
menled 10 Alchemy. However, they did net compare Col-
lective Classibcation accuracy to metheds outside MIN=
Huynh and Mooney [5] inboduce a method of discrimina-
tve learning based on a max-margin framework which can
cplimizs MLMs for collective classification accuracy. They
oo tested on the CiteSeer database as well as WebKR and
wiilized the Alchemy ioalkit. The resuliing learner provided
cqual or beiter performance than the existing discriminative
learning techmigues.

Finally, Markov Logic Metworks and Collective Classi-

fication has applications cuiside of the retworked dala rep-
resenlobions we used. Domingos and Richardson [4] de-
scnbe hink prediction, hink- based clusbening, sccial network
modeling, and object wenbhcabion tnan MLN famework.
Riedel and Mezm-Rme use MLNs for natural language pro-
cessing, laking advanimge of melabional aspects of seman-
tics | 13].

7 TFuture Work

The dis‘pru‘i.L_'r between the results we found lor real and
!:,'I.'Il.l'll.'l.jl: data rases the r.'||.|.-|.'xli-::-n of how the nature of the
datz can affect pvl.'rl'-::-rmunn:. The dala we fed into h||:]1cm_'r,
whether meal or 5:.rn1|.'||:li|:. had similar characlershcs o
terms of homophily and link density. Mevertheless, MIM
r.u:rf-::u'n'l:lncl: was lar .".upq:ri.-::-r with the meal data. Further
work should be done into how the nature of dats, L'IPI.'Ci u|.|:.r
real data can affect the pl.'rl-::-rmunl.'t af MI M=

A= mentoned in the relabed worlk .".q::li.-::-n. other meth-
ods of weight learning ame being explored and, given our
|:1'|:ln:ri|.' nce with |:|.|T|rn:|li|:u]|._'|-' different results gi.*.n:n the bwo
methods we bested, may _'rii:l-'_:l 'p:rf-::u'n'l.nrn:l: increases thal
could improve current performance levels. Given the com-
r.ulu1j|.1nu| time n.'qui.rrd |‘.-_'|-' the diseriminative method, a
muore eflicien ]L':u‘ni.n._e. |.Cl:]1l1i|:|ul.' that matched discrimina-
Liwe l|.'|:|'.|r.|iq1.|i:= in pl.'rl'urmun-:u.' wonld fiis] Far ter make MILMs
a more viable u.'|:r|:u1::-u|:]1 tey Callective Classifcation.

Fimally, our expenence with pecformance increases with
a larger iralning sets begs more explortion into the amount
of data needed o train MLMs,

E  Conclusion

As a Collechve Classification tool, we found unpre-
dictable results For MIMs. It is notable too that the com-
putation time ko learn the mile weights discriminatively was
signihcant and dwarfed the total time required by the supe-
ricr benchmark algemihms. For the synihetic data, perfor-
miance was consistenily poor wath the echnigues tested and
unrchable scrcss different data types, whether altening the
number of labels or labeled proportion. However, given the
perdormance dispanty kotween the real and synthetic data,
it i= possible that the nature of our eshing data affected the
perdormance where cther bypes of data may have yielded
betler resuliz. Future work should explore these effects in
muore detzl.
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Takle 1. 2-Class, lp=0%, Discriminative

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

ap=0.2 [ 042 [ 0607 | 063 |

ap=0.d | 076 | 075 | 0772

ap=0.6 | OETE | O#7 | (875

ap=0.8 || 0045 | 0040 | 00dE
REC

[ @h=0.5 [ dh=0.7 | dh=0.% |

dh=0.5 | dh=0.7 | dh=0.9

ap=021 | 0617 | 06215 | 0.706

ap=0d | 070 | 0#H37 | 080

ap=0.6 | 0902 | 0933 | 0954

ap=048 | 0955 | 0974 | 0.3
ICA

| [ db=0.5 | dh=0.7 | dh=0.9

ap=0.2 || 049 | 0498 [ 0496
ap=0.d || 049 | 0498 | 0496
ap=0é || 0406 | 0498 | 0496
ap=0.8 || 049 | 0498 [ 0496
MRW
| dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0577 [ 0612 [ 0.649
ap=04 || 0766 [ 0797 [ 0862
ap=0.6 || 0BS5S | 0884 | 0934
ap=0.8 | 0EYT [ 0925 [ 0969
MAP
| dh=0.5 | dh=0.7 [ dh=0.%
ap=0.2 [ 0609 [ 0619 [ 0835
ap=0.4 || 0OEM [ 0868 | 0.953
ap=0.6 || 0900 [ 0931 [ 0.966
ap=0.8 | 0984 [ 097 [ 0979

Belicl Propagation

ap=02 | 0617 | 0631 0.745

ap=04d | 0812 | 0#7 065

ap=0.6 | 0903 | 0938 | 0.6

ap=0.8 | 0957 | 0974 | 0.943

Prosimity Gibbs

| dh=i.5  dh=0.T7 | dh=0.9

ap=02 0.6 0595 | 0.545

ap=04 | 0746 @ 0732 | 0712

ap=l.6 | 0864 | (8 0814

ap=0& | 0931 | 0914 | 0922
MOMO

dh=0.5 | dh=0.7 | dh=0.%

ap=0.2 | 0614 .62 0.707

ap=0.4 | 0802 | 049 | 0EA2

ap=0.6 | 0&99 | 0921 0.943

ap=08 | 0952 | 0962 [ 0.953
MOC-SAT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate

predictiveness




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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 062 [ 0607 | 063 | ap=021 | 0617 | 06215 | 0.706
ap=0.d | 076 | 075 | 0772 ap=0d | 070 | 0#H37 | 080
ap=0.6 | OETE | O#7 | (875 ap=0.6 | 0902 | 0933 | 0954
ap=0.8 | CO045 | 0040 | O0dE ap=048 | 0955 | 0974 | 0.3
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 || 0496 | 0498 | 0496 | ap=02 | 0617 | 0631 | 0.745
ap=0.d || 0406 | 0408 | 0496 ap=0d | 0812 | 087 | 095
ap=0.6 | 0406 | 0408 | 0496 ap=0.6 | 0903 | 0938 | 0.9
ap=0.8 | 0406 | 0408 | 0496 ap=048 | 0957 | 0974 | 0.943
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0517 | 0515 | 0362 ap=02 | 0579 | 0522 [ 0642
ap=0.d4 | 066 | 0682 | 0.8 ap=0d4 | 0664 | 0638 | 0.905
ap=0.6 | 0OBE4 | DR | (8R4 ap=06 | 0815 | 0773 [ 0933
ap=0.8 || (.53 091 | 0951 ap=08 | 0919 | 0952 | 0.974
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0603 | D57 [ 0480 ap=0.2 | 0531 | 0579 | 0526
ap=0.4 | 078l | 083 | 0912 ap=04 | 0667 | 0661 | 0609
ap=0.6 | 0E0S | 0924 | (.058 ap=0.6 | 0F 0766 | 0691
ap=0.8 || 0056 | 0068 [ 0081 ap=08 | 0892 | 0&2 [ 0775
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0624 [ OGIT | 0.626 ap=021 | 0658 | 0684 [ 0731
ap=0.d4 || 0763 | 0756 | 0971 ap=0d | 0804 | 0H5, 0.
ap=0.6 | O&8 | OHd | 084 ap=0.6 | 0906 | 0938 | 096
ap=0.8 || 0044 | 0040|0040 ap=0& | 0955 | 0974 | 003
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0627 | 0752 | 0925 | ap=@.2 | 0638 | 0745 | 0911
ap=0.d || 0605 | 0748 | 0027 ap=0d | 0819 | 0#234 | 0.955
ap=0.6 | 0622 | 0757 | 0.027 ap=06 | 0905 | 0T | 0965
ap=0.8 | 0626 | 0747 | 0.023 ap=048 | 0959 | 0974 | 0.943
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 || 0625 | 0693 | 077 ap=02 | 0628 | 0635 | 0631
ap=0.d4 | 0764 | OEID | 0.878 ap=0d4 | 0757 | 0765 | 0.739
ap=0.6 | DESE | OE9G | 094 ap=06 | 0867 | 0854 [ 0844
ap=0.8 || 0906 | 0937 | 00706 ap=08 | 09327 | 0926 | 0924
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0673 | 0GET | 0.832 ap=2 [ 0678 | 071 0.A07
ap=0.4 || OELL | 0862 | 0.040 ap=0d4 | 0818 | 0859 [ 029
ap=0.& 0o 0936 | 0966 ap=0G6 | 0895 | 0925 | 094
ap=0.8 || 0950 | 0572 | 0079 ap=08 | 0955 | 0969 | 0958
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0624 [ OGIT | 0.626 ap=021 | 0658 | 0684 [ 0731
ap=0.d4 || 0763 | 0756 | 0971 ap=0d | 0804 | 0H5, 0.
ap=0.6 | O&8 | OHd | 084 ap=0.6 | 0906 | 0938 | 096
ap=0.8 | CO0LL | 000 | 0Rdn ap=048 | 00956 | 0974 | 0543
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0627 | 0752 | 0925 | ap=@.2 | 0638 | 0745 | 0911
ap=0.d || 0605 | 0748 | 0027 ap=0d | 0819 | 0#234 | 0.955
ap=0.6 | 0622 | 0757 | 0.027 ap=06 | 0905 | 0T | 0965
ap=0.8 | 0626 | 0747 | 0.023 ap=048 | 0959 | 0974 | 0.943
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0545 [ 062 [ 0761 ap=02 | 0585 | 0575 | 0897
ap=0.4 | 0703 | 0755 | 0.833 ap=0d4 | 0697 | 0672 | 0917
ap=0.6 | DELD | 0ES3 09 ap=06 | 0817 | 0807 [ 0942
ap=0.8 | 0OEEL | 0021 | 0051 ap=08 | 0928 | 0955 | 0.977
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0623 | 0620 [ 0.729 ap=02 | 0517 | 0559 | 057&
ap=0.4 || 079 | 079 | 0891 ap=0d4 | 0655 | 0619 | 0637
ap=0.6 | LEJOE | 0925 | 0.055 ap=0G6 | 079 | 0736 | 0741
ap=0.8 || 0057 | 0060 [ 098 ap=08 | 0892 | 0&9 [ 08D
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



Table 5. 2-Class, lp=50%, Discriminative

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0637 [ 0601 | 0.623 ap=0.2 | 0743 | O&19 | 0905 |
ap=0.d | 0770 | 0758 | 076 ap=0d | 0835 | 08286 | 0942
ap=0.6 | OETH | (0868 | (868 ap=0.6 | 0911 | 0938 | 0.%&
ap=0.8 | COA] | 006 | O0dE ap=08 | 00950 T 0976 | 0543
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0711 | 0845 | 0955 | ap=@.2 | 0735 | 0867 | 0954
ap=0.d || 0707 | 0OEIZ | 0.040 ap=0d | 0832 | 0899 | 0956
ap=0.6 | 00l | 0842 | 095 ap=0.6 | 0906 | 0941 | 0967
ap=0.8 | 0706 | OE34 | 0.058 ap=08 | 006 | 0974 | 0.943
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0717 | 0798 [ 0.897 ap=02 | 0721 | 0778 | D&
ap=0.4 || 0BOS | O8T4 | 0.0d] ap=04 | 0213 | 0851 | 0.901
ap=0.6 | DEEE | 0927 | 0063 ap=06 | 0891 | 0915 [ 0948
ap=0.8 | 0923 | 0064 | 0078 ap=08 | 005 | 095 | 0972
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0726 | 0726 | 0.798 ap=02 | 0748 | 0842 | 0918
ap=0.4 || 0E22 | 0S5 | 00928 ap=0d4 | 0321 | 0837 | 0951
ap=0.6 | LEOT | 0935 | 00606 ap=0.6 | 0899 | 0933 | 0.9G7
ap=0.8 || 0056 | 0072 [ 0078 ap=08 | 0958 | 057 [ 0967
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0637 [ 0601 | 0.623 ap=0.2 | 0743 | O&19 | 0905 |
ap=0.d | 0770 | 0758 | 076 ap=0d | 0835 | 08286 | 0942
ap=0.6 | OETH | (0868 | (868 ap=0.6 | 0911 | 0938 | 0.%&
ap=0.8 | COA] | 006 | O0dE ap=08 | 00950 T 0976 | 0543
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0711 | 0845 | 0955 | ap=@.2 | 0735 | 0867 | 0954
ap=0.d || 0707 | 0OEIZ | 0.040 ap=0d | 0832 | 0899 | 0956
ap=0.6 | 00l | 0842 | 095 ap=0.6 | 0906 | 0941 | 0967
ap=0.8 | 0706 | OE34 | 0.058 ap=08 | 006 | 0974 | 0.943
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0600 [ OBD9 | 0.887 ap=02 | 0692 | 0813 | 0.947
ap=0.4 | 0740 | OE31 | 0.008 ap=0d4 | 0787 | 0851 | 0.944
ap=0.6 | DESD | 0905 | 0.045 ap=06 | 0876 | 0921 [ 0951
ap=0.8 | 006 | 0065 | 0075 ap=08 | 0946 | 0964 | 0974
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0648 | 0645 | 0.698 ap=02 | 0658 | 0699 | 0.76d
ap=0.4 || 078l | 0781 | 0803 ap=d4 | 0752 | 0751 | 0811
ap=0.6 | OEJE | O8EZ | 0012 ap=0G | OBAT | 0#35 | 0&79
ap=0.8 || 0049 | 0063 [ 098 ap=08 | 0929 | 0921 [ 0.925
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=05 | dh=0.7 | dh=0.% dh=0.5 | dh=0.7 | dh=0.%

ap=0.2 | 0364 | 0.357 | 0360 | ap=0.2 | 0353 | 0365 | 0379

ap=0.4 | 0401 | 049 | G502 ap=04 | 0507 | 0551 | 0600

ap=t.6 | 0614 | 0619 | G626 ap=0.6 | 0.645 | 0.734 | 0.785

ap=0.8 | 0077 | 0731 | 6733 ap=04 | 078 | &5 | 040
RBC

[ @h=0.5 [ dh=0.7 | dh=0.% |

[ db=0.5 | dh=0.7 | dh=0.9

ap=0.2 [ 0203 | 0202 [ 0.202 ap=2 | 039 | 0479 | 0504
ap=0.d | 0303 | 0202 | 0.202 ap=4 | 0579 | 0534 | 0814
ap=0.é || 0203 | 0202 | 0.202 ap=06 | 0713 | 08I | 002
ap=0.8 | 0203 | 0202 [ 0.202 ap=08 | 0808 | 0834 [ 0.8
MRW Proximity Cibbs
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 028 [ 0264 [ 0.228 ap=0.2 | 0338 | 0.291 [ 0244
ap=0.4 || 0348 | 0376 [ 0.366 ap=04 | 0444 | 0399 | 0362
ap=0.6 | 044 | 0504 [ 053] ap=06 | 0544 | 0519 [ 0482
ap=0.8 | 0572 [ 0624 [ 0646 ap=08 | 0669 | 0626 | 0579
MAP MCMC
| dh=0.5 | dh=0.7 [ dh=0.% dh=0.5 | dh=0.7 | dh=0.%
ap=0.2 [ 0373 [ 0369 [ 0.294 ap=0.2 | 0368 | 0303 [ 028
ap=0.4 || 0512 [ 0528 | 0545 ap=R4 | 0543 | 0508 | 0458
ap=0.6 | 064 | 0687 [ 072 ap=04 | 0663 | 0722 | 0.678
ap=0.8 | 0797 | 0838 | 0856 ap=08 | 0768 | DA | 0813
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0364 [ 0357 [ 0360 ap=021 | 0353 | 0365 | 0379
ap=0.d | 0401 049 | 0302 ap=0d | 0507 | 0551 | 0601
ap=0.6 | 0604 | 0619 | 06206 ap=0.6 | 0645 | 0734 | 0.745
ap=0.8 || 0737 | 0731 | 0733 ap=0& | OTE T OO0 | 0K
REC
| [ dh=05 | dh=0.7 [ dh=0.% | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0203 | o202 [ 0202 | ap=0.2 | 030 | 0479 | 0504
ap=0.d | 0203 | 0202 | 0.202 ap=0d | 0579 | 0684 | 0834
ap=0.6 | 0203 | 0202 | 0.202 ap=i.6 | 0713 | (&2 092
ap=0.8 || 0203 | 0202 | 0.202 ap=08 | 0808 | 0884 | 0048
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=1.2 nz 019 [ 0216 ap=02 | 0198 | 0196 | 0.19%
ap=0.4 || 006 | 0202 | 0.20% ap=0d4 | 0202 | 0196 | 0196
ap=0.6 | 021 0221 | 0225 ap=06 | 0211 | 0197 | 019
ap=0.8 | 023 | 0352 | 0.250 ap=08 | 031 | 0197 | 0.19%
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0095 | 0188 [ 0.122 ap=02 | 0204 | 0196 | 0223
ap=0.4 || 0195 | 0188 | 0.123 ap=0d4 | 0197 | 0216 | 0237
ap=0.6 | 0LI95 | 0187 | 0.1206 ap=06 | 0198 | 0214 | 0231
ap=0.8 || 0200 | 0199 | 0.135 ap=08 | 02534 | 0151 [ 0272

Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0364 [ 0357 [ 037 ap=02 | 0382 | 0437 | 0483
ap=0.d || 086 | 0487 03 ap=0d | 0531 | 0611 | 0664
ap=0.6 | 0612 | 0616 | 0.627 ap=0.6 | 0672 | 0761 | 0834
ap=0.8 | 0737 | 0730 | 075 ap=04 | 0749 T OES | 0414
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 || 1428 0.6 EEER ap=0.2 | 0483 | 0622 | 0791
ap=0.d | 0438 | 0615 | 0.833 ap=0d | 0633 | 0761 | 0839
ap=0.6 | 0425 | 0603 | 0841 ap=0G | 072 | 0#3d | 0929
ap=0.8 | 0428 | 0602 | 0.837 ap=048 | 0213 | 0883 | 0951
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0293 | 0327 [ 0.285 ap=2 | 0355 | 0353 | 0309
ap=0.4 | 0387 | 0387 | 0426 ap=0d4 | 0473 | 0463 | 0443
ap=0.6 | 0471 | 0518 | 0572 ap=0.6 | 0577 | 0579 | 0552
ap=0.8 | 0564 | OGIE | 0.672 ap=08 | 0683 | 067 | 0635
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0386 | 0401 | 0344 ap=02 | 0423 | 0431 | 0364
ap=0.4 | 0523 | 0547 | 056 ap=0d4 | 058 063 | 0ATL
ap=0.6 | O6d2 | 0695 | 0.745 ap=0.6 | 0677 | 0737 | 0.769
ap=0.8 || 0704 | ORI0 [ 08T | ap=08 | 0792 | 0&19 [ 0816
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

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

ap=0.2 [ 0364 [ 0357 [ 037 |

ap=0.d || 086 | 0487 03

ap=0.6 | 0612 | 0616 | 0.627

ap=0.8 || 07T | 0730 | 0730
REC

[ @h=0.5 [ dh=0.7 | dh=0.% |

dh=0.5 | dh=0.7 | dh=0.9

ap=02 | 0332 | 0437 [ 04831 |

ap=0d | 0531 | 0611 | 0664

ap=0.6 | 0672 | 0761 | 0834

ap=04 | 0749 T OES | 0414
ICA

[ db=0.5 | dh=0.7 | dh=0.9

ap=0.2 | 0428 | 06 [ 0.833 ap=02 | 0483 | 0522 | 0791
ap=0.d || 0438 | 0415 | 0.833 ap=d | 0633 | 0761 | 0889
ap=0.6 | 0435 | 0603 | G841 ap=.& | 072 | 08234 | 0929
ap=0.8 || 0428 | 0602 [ 0837 ap=08 | 0813 | 0833 [ 0951
MRW Proximity Cibbs
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0226 [ 0248 [ 0.389 ap=0.2 | 0241 | 0255 [ 0367
ap=0.4 || 0230 | 0246 | 0.375 ap=4 | 0244 | 0257 | 0351
ap=0.6 || 0249 | 0286 | 0.386 ap=0.4 | 0252 | 0265 [ 0384
ap=0.8 | 0270 [ 033 [ 0445 ap=08 | 0374 | 0388 | 0485
MAP MCMC
| dh=0.5 | dh=0.7 [ dh=0.% dh=0.5 | dh=0.7 | dh=0.%
ap=0.2 [ 0195 [ 0196 [ 0.254 ap=0.2 | 03284 | 0311 [ 0321
ap=0.4 || 0197 [ 0196 [ 0.259 ap=4 | 0279 | 0297 | 0332
ap=0.6 | 02300 [ 0219 [ 0.269 ap=04 | 0395 | 0331 | 037
ap=0.8 | 028 | 0352 | 039 ap=08 | 0306 | 0352 | 0402
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate

predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0355 [ 0350 [ 0378 ap=02 | 0574 | 0705 | 084l
ap=0.d || 0473 | 0401 | 0524 ap=0d | 065 | 0784 | 0901
ap=0.6 | 062 | 0616 | 0.637 ap=0.6 | 073 | 031 | 0.933
ap=0.8 | 0735 | 0730 | 0757 ap=04 | 0807 | 0H9] (.05
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0577 | 0763 | 002 ap=0.2 | 0613 | 0798 | 0915
ap=0.d || 0571 | 0746 | 00711 ap=0d | 0664 | 0813 | 0935
ap=0.6 | 0568 | 0763 | 0.000 ap=0.6 | 0737 | 0856 | 0944
ap=0.8 | 0578 | 076 | 0.006 ap=048 | 0808 | 0905 | 0961
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 038D [ 0399 [ 0421 ap=2 | 0553 | 0625 | 0644
ap=0.d4 | 0463 | 0472 | 053 ap=04 | 0629 | 0504 | 078
ap=0.6 | 0525 | 0585 | 0.617 ap=06 | 072 | 0757 [ na4l
ap=0.8 | 06T | 0693 | 0743 ap=08 | 0798 | 0813 | 0239
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0450 [ 0499 [ 0474 ap=02 | 0566 | 0662 | D57
ap=0.4 | 0577 | 0612 | (0.653 ap=0d | 0656 | 0747 | 082
ap=0.6 | 0672 | 0711 | 0.7506 ap=0.6 | 0739 | 0791 | 080
ap=0.8 || 0786 | ORI | (885 | ap=08 | 0806 | 0&TS [ 0.9
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



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

| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 | dh=0.9
ap=0.2 [ 0355 [ 0350 [ 0378 ap=02 | 0574 | 0705 | 084l
ap=0.d || 0473 | 0401 | 0524 ap=0d | 065 | 0784 | 0901
ap=0.6 | 062 | 0616 | 0.637 ap=0.6 | 073 | 031 | 0.933
ap=0.8 | 0735 | 0730 | 0757 ap=04 | 0807 | 0H9] (.05
REC ICA
| [ dh=05 | dh=0.7 [ dh=0.% | | [ dh=05 7 dh=0.7 | dh=0.9
ap=0.2 | 0577 | 0763 | 002 ap=0.2 | 0613 | 0798 | 0915
ap=0.d || 0571 | 0746 | 00711 ap=0d | 0664 | 0813 | 0935
ap=0.6 | 0568 | 0763 | 0.000 ap=0.6 | 0737 | 0856 | 0944
ap=0.8 | 0578 | 076 | 0.006 ap=048 | 0808 | 0905 | 0961
MRW Presimity Gibbes
| dh=0.5 | dh=0.7 | dh=0.9 | dh=0.5  dh=0.7 | dh=0.%
ap=0.2 [ 0387 | 0485 [ 0.699 ap=02 | 0478 | 062 [ 08al
ap=0.4 || 0303 [ 0517 | 073 ap=0d4 | 0485 | 0634 | 0276
ap=0.6 | 0386 | 0573 | 0.737 ap=06 | 0497 | 0681 | 0891
ap=0.8 | 0462 | 0624 | 0761 ap=08 | 0519 | 0717 | 0899
MAP MCMC
| dh=0.5 | dh=0.7 | dh=0.9 dh=0.5 | dh=0.7 [ dh=0.9
ap=0.2 [ 0207 | 0227 [ 0.625 ap=02 | 0418 | 0548 | 0.619
ap=0.4 || 0219 | 0235 | 0.667 ap=0d4 | 0428 | 0555 | 0.634
ap=0.6 | 0237 | 0266 | 0.4 ap=0.6 | 043 | 0547 | 0652
ap=0.8 || 0277 | 036 | 080G ap=08 | 046d | 0575 [ 0.6d6
Belicl Propagation MCO-=2AT

Average accaracy resubts for various algorithms; dh is the measare of komophily: ap is the measore of atiribate
predictiveness



Table 13. Discriminative Learning on CieSeer

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

mALIr=5 0.297 0.295 01.291
nAfltr=10 || 0.332 0.333 0.337
nALr=20 || 0.36d 0364 1.353
nAlr=30 || 0539 01.541 54
nALr=100 || 0638 0.638 0.631

RBC
Ip=0% [ Ip=10% | Ip=50%

nALir=5 (.058 0.624 01.654
nALtr=10 || (.058 0.623 66
nAlr=20 || 0.058 0.635 0.663
nAlr=50 || 0.058 0.636 0.666
nALr=100 || 0058 0.622 (1.657

MREW
Ip=0% [ Ip=107¢ |p=5-m

nALIr=5 019 0.208 0.251
nALtr=10 02 0234 0274
nALr=20 || 0292 0.293 0314
nALr=50 036 0376 0372
nALr=100 || 0419 0.408 0.413

MAP
Ip=0% [ Ip=107% | Ip=50%

nALIr=5 0316 0383 0.567
nAltr=10 || 0345 0.4 (1.557
nALr=30 || 0511 0528 0.591
nALr=50 || 0.644 0.653 0.657
mALtr=100 || 0714 0.721 0.733

Beliel Propagation

[W=0% | Ip=10% | Ip=50% |

nAtr=5 | 0298 | 0336 | (56T
mALr=10 | 034 | 0304 | 06l
mALr=20 | 0401 | 0461 | 0.6
mALr=30 | 061 | 0638 | 0GRS
NAr=100 | 060 | G7ad | 074l
ICA
| p=07 | Ip=10% | Ip==0%
NAIr=5 | 0243 | (366 | (643
nALr=10 || 0368 | 0475 | 0604
mALr=20 || 0531 | 0585 | G706
mALr=30 || 0602 | .64 ki
NAIr=100 || 0688 | 0709 | (743
Prosimity CGibbs
| p=07 | Ip=107% | Ip=S07%
nAIr=5 || 0221 | 0288 | 0519
mAL=10 || 0241 | 008 .54
mAL=20 || 035 | 0409 | 0572
mALr=30 | 0529 | 0567 | 0.8l
nAMr=100 | 065 | 067 | 0724
MCMO
| p=0% | Ip=10% | Ip=S0%
nAIr=5 || 0325 | 0515 | G2
mAtr=10 | 0443 | 0565 | 0.605
mALr=20 || 0545 | 0605 | Ol
mALr=30 | 0672 | 047 077
MAMr=100 | 0725 | 0737 | 0742

MC-5AT

Average accaracy results For variows algorithms; nAtir is the number of independont attribotes wsed; 1p is the
labeled proportion



Takle 14. Generative Learning on CitaSeer

| [ p=0% | Ip=10% | Ip=50% | | [ Tp=0% | Ip=10% | Ip=50% |
mALIr=5 || 0207 [ (0.295 0,291 nAlr=S || 0298 | 0336 | 05T
nAr=I0 || 0332 | 0333 0.337 mAtr=00 || 034 FELT GTAE]
nAr=30 || 036d | 0364 | 0.353 mAtir=20 | 0401 | 046l IR
nAwr=50 || 03530 [ 0541 054 mALIr=50 | 0.6l 0.638 (L5
mALr=100 || 0638 | 0638 0,631 nAlr=100 || 06% | 070 0741
REC ICA
Ip=0% | Ip=10% | Ip=507% | p=0% | Ip=10% | Ip=50%
mAtir=5 || 0058 | 0624 | 0.654 nAttr=5 || 02437 | 0366 653
nAtr=I0 || 0058 | 0623 UGG mAtr=010 | 0364 | 0475 T
nAur=20 || 0058 | 04625 0663 mAtr=20 | 0531 | 0585 0706
nAur=50 || 0058 | 04624 0,666 mALr=50 | 0600 0.64 002
mALr=100 || 0058 | 0622 0.657 nAlr=100 | 0638 0 0709 743
MRW Presimity Gibbes
Ip=0% [ Ip=10% [ Ip=50% | | p=0% | Ip=10% | Ip=S0%
mAtr=5 || 0169 [ 0213 0.338 nAltr=5 || 0209 | 0263 0473
nAwr=10 || 0241 | 0234 0.299 mAtr=00 || 0307 | 0241 KT
nAwr=20 || 0327 | 0.247 028 mALr=20 | 0239 | 0274 0394
nAwr=50 || 0398 | 0314 | 0314 mALr=50 | 0347 | 0337 046
mALtr=100 || 0330 | 0344 TEL nAur=100 || 0315 | 0364 | 0447
MAP MCMC
Ip=0% [ Ip=10% | Ip=507% | p=0% | Ip=10% | Ip=507%
mALIr=5 0z 0.216 TEE! nAlr=5 || 0198 | 0291 ]
nArr=I0 || 0199 | 0203 0.254 mAtr=10 | 0211 @ 0278 [L40E
nAwr=20 || 0Z38 | 0248 0.379 mAtr=20 | 0374 | 0304 V]
nAr=50 || 0335 | 0342 0,372 MALr=30 | 0343 | 0376 048
mAtr=100 || 0361 | 0363 0.3632 nAtr=I00 || 0372 | 0400 GEE]]
Beliel Propagation MC-52AT

Average accaracy results For variows algorithms; nAtir is the number of independont attribotes wsed; 1p is the
labeled proportion



