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Abstract

This paperpresentsa new deterministicapprox-
imation techniquein Bayesiannetworks. This
method,"ExpectationPropagatiori, unifies two
previous techniques:assumed-densitfjltering,
an extensionof the Kalmanfilter, andloopy be-
lief propagationan extensionof belief propaga-
tion in Bayesiannetworks. Loopy belief propa-
gation,becauset propagategxact belief states,
is useful for a limited classof belief networks,
suchasthosewhich are purely discrete. Expec-
tation Propagatiorapproximateshe belief states
by only retainingexpectationssuchasmeanand
variance anditeratesuntil theseexpectationsare
consistenthroughouthe network. This makesit
applicableto hybrid networkswith discreteand
continuousnodes. Experimentswith Gaussian
mixturemodelsshov ExpectatiorPropagatiorto
be corvincingly betterthan methodswith simi-
lar computationalkost: Laplaces method,vari-
ational Bayes, and Monte Carlo. Expectation
Propagatioralso providesan efficient algorithm
for training Bayespoint machineclassifiers.

1 INTRODUCTION

Bayesianinferenceis often hamperedy large computa-
tional expense.Fastand accurateapproximationmethods
are thereforevery importantand can have greatimpact.
This paperpresents new deterministicalgorithm,Expec-
tation Propagationwhich achieses higher accurag than
existing approximationalgorithmswith similar computa-
tional cost.

Expectation Propagationis an extension of assumed-
densityfiltering (ADF), a one-passsequentiamethodfor
computingan approximateposteriordistribution. In ADF,
obsenationsare processedne by one, updatingthe pos-
terior distribution which is thenapproximateeforepro-
cessingthe next obsenation. For example,we might re-
placethe exact one-stepposteriorwith a Gaussiarhaving
the samemeanandsamevariance(Maybeck,1982;Opper
& Winther, 1999). Or we might replacea posteriorover
mary variableswith one that rendersthe variablesinde-
pendent(Boyen& Koller, 1998). The weaknesf ADF
stemsfrom its sequentialnature: informationthat is dis-
cardedearlyon mayturn outto beimportantlater ADF is
alsosensitve to obsenationordering,whichis undesirable
in abatchcontext.

ExpectationPropagatior{EP) extendsADF to incorporate
iterative refinemenbf the approximationspy makingad-
ditional passeshroughthe network. Theinformationfrom
later obsenationsrefinesthe choicesmadeearlier so that
themostimportantinformationis retained lterative refine-
ment has previously beenusedin conjunctionwith sam-
pling (Koller et al., 1999) and extendedKalman filtering
(Shachter1990). ExpectationPropagatioris fasterthan
samplingandmoregenerathanextendedKalmanfiltering.
It is moreexpensve thanADF by only a constanfactor—
the numberof refinemenipassegtypically 4 or 5). EP ap-
pliesto all statisticalmodelsto which ADF canbe applied
and,asshowvnin section3.2,is significantlymoreaccurate.

In belief networkswith loopsit is known thatapproximate
mauginal distributions canbe obtainedby iteratingthe be-
lief propagatiorrecursionsa procesknown asloopy be-
lief propagation(Frey & MacKay 1997; Murphy et al.,
1999).In sectiord, thisturnsoutto beaspecialcaseof Ex-
pectationPropagationwherethe approximations a com-
pletely disconnectechetwork. ExpectationPropagations



moregeneralthanbelief propagatiorin two ways: (1) like

variationalmethods,it canuseapproximationswvhich are
not completelydisconnectedand (2) it canimposeuseful
constrainton functionalform, suchasmultivariateGaus-
sian.

2 ASSUMED-DENSITY FILTERING

This sectionreviews the idea of assumed-densitfilter-

ing (ADF), to lay groundworkfor ExpectationPropaga-
tion. Assumed-densityiltering is a generaltechniquefor

computing approximateposteriorsin Bayesiannetworks
and other statistical models. ADF has beenindepen-
dently proposedin the statistics(Lauritzen, 1992), artifi-

cial intelligence(Boyen& Koller, 1998;0pper& Winther,

1999),andcontrol(Maybeck,1982)literatures.Assumed-
densityfiltering” is the nameusedin control; othernames
include “online Bayesianlearning, “moment matching;,

and“weak maginalization: ADF applieswhenwe have
postulateda joint distribution p(D, x) where D hasbeen
obseredandx is hidden.We would like to know the pos-
terior over x, p(x| D), aswell asthe probability of the ob-
seneddata(or evidencefor themodel),p(D). Theformer
is usefulfor estimationwhile thelatteris usefulfor model
selection.

For example,supposeave have obsenationsfrom a Gaus-
siandistribution embeddedn a seaof unrelatedclutter, so

thatthe obsenationdensityis a mixture of two Gaussians:

(1 —w)N(y;x,I) + wN(y;0,101)
exp(—z(y —m)"V~'(y —m))
27 V|2

p(ylx) =

N(y;m,V) =

The first componentcontainsthe parameterof interest,
while the other componentdescribesclutter  w is the
known ratio of clutter. Let thed-dimensionavectorx have
a Gaussiarprior distribution:

p(x) ~ N(0,100L,) (1)
Thejoint distribution of x andn independenbbsenations
D = {y1, ..., yn} istherefore:

p(D,x) = p(x) Hp(yilx) 2

TheBayesiametworkfor thisproblemis simplyx pointing
tothey;. Butwe cannotusebelief propagatiorbecaus¢he
belief statefor x is a mixture of 2" Gaussians.To apply
ADF, we write the joint distribution p(D, x) asa product

of terms: p(D, x) = [], t:(x) wherety(x) = p(x) and
t;(x) = p(y:|x). Next we chooseanapproximatingamily.
In the clutter problem,a sphericalGaussiardistribution is
reasonable:

4(x) ~ N (m,, v,1,) 3)

Finally, we sequenceéhroughandincorporatethe termst;
into the approximateposterior At eachstepwe move from
anold ¢\(x) to anew ¢(x). (To reducenotation,we drop
the dependencef ¢(x) on ¢.) Initialize with ¢(x) = 1.
Incorporatingthe prior termis trivial, with no approxima
tion neededToincorporateamorecomplicatedermt; (x),
takethe exact posterior

P = T (v ()

(4)

andminimizethe KL-divergenceD(p(x)||¢(x)) subjectto
theconstrainthatg(x) is in theapproximatingamily. This
is equivalentto a maximum-likelihoodproblemwith data
distribution p. For a sphericalGaussianthe solution is
givenby matchingmoments:

Eylx] =
Ex"x] =

Ej[x] 5)
Eplx"x] (6)
With ary exponentialfamily, ADF reducedo propagating
expectationsEachstepalsoproducesa normalizingfactor

Zi= [, t;(x)q\ (x)dx. Theproductof thesenormalizing
factorsestimate (D). In theclutterproblem,we have

Zi = (1—w)N(yi; mY, (v)+1)T)+wN (y;; 0, 10I) (7)
Thefinal ADF algorithmis:
1. Initialize m,; = 0, v, = 100 (the prior). Initialize
s = 1 (thescalefactor).

2. For eachdatapointy;, update(m,, v,;, s) according
to

S\i X Zz'
1
1— Zw/\/(yi; 0,101)

s =

Ty =

X . o\
m, = m}f_{_,u}rlriyl\. mg
vy + 1
3 ¥)? \ivay . oo \i)p2
e = ”;Z""i(\%—)w(l—n)(“” ”\yf mg ||
vxl—i—l d(vxl+1)2

This algorithmcanbe understoodn an intuitive way: for
eachdatapoint we computeits probability » of not being
clutter, makea soft updateto our estimateof x (m,), and



changeour confidencen the estimate(v,;). However, it is
clearthatthis algorithmwill dependon the orderin which
datais processedbecausehe clutter probability depends
onthe currentestimateof x.

3 EXPECTATION PROPAGATION

This sectiondescribeghe ExpectationPropagatioralgo-
rithm anddemonstrate#s useon the clutter problem.Ex-

pectationPropagatioris basedon a novel interpretatiorof

assumed-densitfjitering. ADF wasdescribedastreating
eachobsenation term ¢; exactly and then approximating
theposteriorthatincludest;. But we canalsothink of it as
first approximating; with somet; andthenusinganexact
posteriomwith #;. This interpretatioris alwayspossiblebe-
causewe candefinethe approximateaermt; to betheratio
of thenew posteriorto the old posteriortimesa constant:

fi(x) = iqifzj) ®)

Multiplying this approximateermby ¢\’ (x) givesq(x), as
desired. An importantpropertyis thatif the approximate
posterioris in anexponentialfamily, thenthetermapprox-
imationswill bein the samefamily.

The algorithm of the previous sectioncan thus be inter
pretedas sequentiallycomputinga Gaussianapproxima-
tion#;(x) to every obsenationtermt;(x), thencombining
theseapproximationsanalyticallyto geta Gaussiarposte-
rior on x. Underthis perspectie, the approximationsdo
nothave ary requiredorder—theorderingonly determined
howv we madethe approximations We arefree to go back
andrefinetheapproximationsin ary order This givesthe
generaform of ExpectatiorPropagation:

1. Initialize thetermapproximations;

2. Computethe posteriorfor x from the productof £;:

I

Y| o+

(%)

(x)dx ©

)
)

k.

q(x) = T

3. Until all £; corverge:

(a) Chooseat; to refine

(b) Remavet; from theposteriorto getan‘old’ pos-
terior ¢\’ (x), by dividing andnormalizing:

Vi) oc 4
7V (x) )

(10)

(c) Combine ¢\i(x) and t;(x) and minimize KL-
divergenceto geta new posteriorg(x) with nor
malizerZ;.

(d) Updatet; = Z;q(x)/q\! (x).

4. Usethe normalizingconstantof ¢(x) asan approxi-
mationto p(D):

p(D) ~ / Hfi(x)dx

(11)

This algorithmalwayshasafixedpoint,andsometimesas
several. If initializedtoo far away from afixedpoint, it may
diverge. Thisis discussedh section3.3.

3.1 THECLUTTER PROBLEM

For the clutter problemof the previous section,the EP al-
gorithmis

1. Thetermapproximation$ave theform

ti(x) = s exp(—5—(x — m;)" (x — m;))

(12)

Initialize the prior termto itself: v = 100, my = 0,
so = (2mvo)~%2. Initialize the dataterms so that
t;(x) = 1: v; = co,m; = 0,ands; = 1.

2. m; = mgq,v; = vg

3. Until all (m;, v;, s;) cornverge (changesarelessthan
10~%):

loopi=1,...,n:

(a) Remavet; from theposteriorto getan‘old’ pos-

terior:
(@) = gt =
m}l = m,+ v;ivi_l(maU —m;)
(b) Recompute(m,;, v,, Z;) from (m}i,vg\ci) asin
ADF.
(c) Updatet;:
R e O
m; = my+ (v +vy)(vy) 7 (me —my)

Z;
(27mv; )42 N (my; my, (vi + vg\gi)l)

S =



4. Computethe normalizingconstant:

T
m; m;

p(D) =~ (271'%) exp(B/2) HSZ
=0

Becausehetermapproximationstartat 1, the resultafter
onepassthroughthedatais identicalto ADF.

3.2 RESULTS

EP for the clutter problemis comparedwith four other
algorithmsfor approximateinference: Laplaces method,
variationalBayes,importancesampling(usingthe prior as
the importancedistribution), and Gibbs sampling(by in-
troducinghiddenvariablesthat determinef a datapointis
clutter). Thegoalis to estimatethe evidencep(D) andthe
posteriormean E[x|D]. Figure 1 shows the resultson a
typical runwith n = 20 andwith n = 200. It plotstheac-
curag vs. costof thealgorithms.Accurag is measuredby
absolutalifferencefrom thetrueevidenceor thetrueposte-
rior mean.Costis measuredy thenumberof floatingpoint
operationgFLOPS)in Matlab, via Matlab’s flops  func-
tion. Thisis betterthanusing CPU time becausd-LOPS
ignoresinterpretatioroverhead.

The deterministicmethodsER Laplace,andVB all try to
approximateheposteriowith a Gaussiansothey improve
substantiallywith more data(the posterioris more Gaus-
sianwith moredata). The samplingmethodsassumevery
little aboutthe posteriorand cannotexploit the fact thatit
is becomingmore Gaussian. However, this is an adwvan-
tagefor samplingwhenthe posteriorhasa complex shape.
Figure 2 shows an atypical run with a small amountof
data(n = 20) wherethe true posteriorhasthreedistinct
modes.Regular EP did not converge, but a restrictedver-
siondid (Minka, 2001).Unfortunatelyall of thedetermin-
istic methodscorvergeto anerroneousesultthatcaptures
only asinglemode.

3.3 CONVERGENCE

The EP iterationscan be shavn to alwayshave a fixed
point whenthe approximationsrein an exponentialfam-
ily. The proofis analogougo Yedidiaet al. (2000). Let
the sufiicient statisticsbe f1 (x), ..., f7(x) sothatthefam-

) -
ily hasform exp(ijl fi(x ))\J). In the clutter problem
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Figure1l: Costvs. accurag curvesfor expectationprop-
agation(EP), Laplaces method, variational Bayes(VB),
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curag.



we had fi(x) = x and f2(x) = x'x. Whenwe treat
the prior exactly, the final approximatiorwill be ¢(x) o

p(x) exp(3_; fj(x)v;) for somer, andthe leae-one-out
approximationswill be ¢\ (x) oc p(x) exp(3"; fj (x)Xij)

for somel. Let n bethenumberof termst; (x).

The EPfixed pointsarein one-to-onecorrespondenceith
stationarypointsof the objective

X) exp Z fi(x
x) exp( Z fi(x

suchthat(n — 1)v; =

mmm}z\mx(n -1 log/

—Zlog/

Aij)dx  (13)

Z Nij  (14)

Note that min-maxcannotbe exchangedvith max-minin

this objective. By taking derivativeswe getthe stationary
conditionsf_ f;(x)q(x)dx = [_f;(x)p(x), wherep(x) is

definedby (4). Thisis anEP fixed point. In reverse,given
an EP fixed point we canrecover v and A from ¢(x) and
q\(x) to obtainastationarypoint of (13).

Assumeall termsarebounded:t;(x) < ¢. Thenthe ob-
jective is boundedfrom below, becausdor ary v we can
choose);; = 2=1y;, andthenthesecondpartof (13)is at
least

—nlog/ cp

> —nlogc—(n—l)log/p(x

x) exp(z fi(x)v;) = dx

Jexp(3 f; () )

by the concaity of the function y%. Thereforethere
must be stationarypoints. Sometimeghereare multiple
fixed pointsof ER in which casewe candefinethe ‘best’
fixed point asthe onewith minimum enegy (13). When
canonicalEP doesnot corverge, we canminimize (13) by
someotherschemesuchasgradientdescentIn practice,t
is foundthatwhencanonicaEP doesnotcorverme, it is for
a goodreasonnamelythe approximatingamily is a poor
matchto the exactposterior This happenedh the previous
example.Sobeforeconsideringalternatevaysto carryout
ER oneshouldreconsidethe approximatingamily.

4 LOOPY BELIEF PROPAGATION

ExpectatiorPropagatiorandassumed-densitfjitering can
be usedto approximatea belief networkby a simplernet-

work with fewer edges.This sectionshaws thatif the ap-
proximationis completelydisconnectedthen ADF yields
the algorithm of Boyen & Koller (1998) and EP yields
loopy belief propagation.

Let the hiddenvariablesbe z1, ..., zx andcollectthe ob-
senedvariablesinto D = {y1, ..., yn }. A completelydis-
connectedlistribution for x hastheform

= [T ax(zs)

Whenwe minimizethe KL-divergenceD (p(x)||¢(x)), we
will simply presere the mamginals of p(x). This cor
respondsto an expectationconstraint £,[é (x, — v)] =
Ep[d(x — v)] for all valuesv of z;. Fromthiswe arrive at
the ADF algorithmof Boyen& Koller (1998):

(15)

1. Initialize g (zg) = 1
2. For eachtermt; (x) in turn, setg; to the kth maginal
of p:

a(zg) =

whereZ; =

Y tix)e

For dynamicBayesiametworks,Boyen& Koller sett; to
the productof all of the conditionalprobability tablesfor
timeslice:. Now let'sturn thisinto an EP algorithm.From
theratio ¢/ ¢\, we seethattheapproximateermst; (x) are
completelydisconnectedThe EP algorithmis thus:

1. #(x) = [T, fak (s Initialize £ (x) = 1.
2. Qk(mk) x Hl {ik(ﬂfk)
3. Until all £; corverge:

(a) Chooseat; to refine
(b) Remave ; from the posterior For all k:

(k) o TTiin (2
Tor (20) jl;[itj (z1)

gy (zx) o

(c) Recomputey(x) from ¢\(x) asin ADF.
(d)

(1) = 7 "(“f( 2 _ 40 [ ) (o)

k) x\zx jZk




To makethis equivalentto belief propagationthe original
termst; shouldcorrespondo the conditional probability
tablesof adirectedbeliefnetwork. Thatis, we shouldbreak
thejoint distribution p(D, x) into

p(D,x) = [ p(zxlpa(er)) [[ plyslpaly;))  (16)
; j

wherepa(X) is thesetof parentof nodeX. Thenetwork
hasobserednodesy; andhiddennodese;,. Theparentsof
anobsened nodemight be hidden,andvice versa.For an
undirectechetwork thetermsarethecliquepotentials.The
guantitiesn EP now have the following interpretations:

¢ qx(zy) is the belief stateof nodezy, i.e. the product
of all messagesto zy.

e The'old’ posteriorq;i(xk) for a particularterm: is a
partial belief state,i.e. the productof message@to
zj, exceptfor thoseoriginatingfrom termy.

e Wheni # k, thefunctiont;(z) is the messag¢hat
node: (either hiddenor obsered) sendsto its par
entz; in belief propagation. For example, suppose
nodes is hiddenandt; (x) = p(z;|pa(z;)). Theother
parentssendtheir partialbelief stateswhich the child
combineswith its partial belief state:

fny) = > plaslpa@))a (@) ] 0 (=)

x\zx parentsi £k

¢ Whennodei is hidden,the functiont;;(z;) is acom-
binationof messagesentto node: from its parentsn
belief propagation Eachparentsendst partial belief
state,andthe child combineghemaccordingto

3 pepate) [[ o))

pa(z;) parentSj

ti(z;) =

Unlike Pearls derivation of belief propagatiorin termsof
A andm messageshis derivationis symmetriowith respect
to parentsandchildren.In fact, it is theform usedin in fac-
tor graphg(Kschischangetal., 2000).All of thenodesthat
participatein a conditionalprobability table p(X|pa(X))
sendmessage$o eachotherbasedon their partial belief
states.

Loopy belief propagationdoesnot always corverme, but
from section3.3we know how we couldfind afixed point.
For anundirectechetworkwith pairwisepotentialsthe EP
enegy function (13) is a dual representationf the Bethe
freeenegy givenby Yedidiaetal. (2000).

Alternatively, we canfit anapproximatenetworkwhich is

not completelydisconnectedsuchasatree-structuredet-
work. This wasdonein the ADF contet by Frey et al.

(2000).A generahblgorithmfor tree-structuredpproxima-
tion usingEPis givenby Minka (2001).

5 BAYESPOINT MACHINE

This sectionappliesExpectationPropagatiorto inference
in the BayesPoint Machine (Herbrichet al., 1999). The
BayesPoint Machine (BPM) is a Bayesianapproachto
linear classification. A linear classifierclassifiesa point
x accordingto y = sign(w'x) for someparametenvec-
tor w (thetwo classesarey = +1). Given atraining set
D = {(x1,%), ..., (xn, yn) }, thelikelihood for w canbe
written

'WTXZ'
p(Dw) = Tl w) = [[o(*=—) a7

¢(2)

/Z N(z;0,1)dz (18)

By using ¢ insteadof a stepfunction, this likelihood tol-
eratessmall errors. The allowed ‘slack’ is controlledby e.
To avoid estimatinge, which is tangentiako this paperthe



experimentsall usee — 0, where¢ becomes stepfunc-

tion. The BPM is a hybrid belief network,with w andx;

pointingto y;. Underthe Bayesiarmapproachwe alsohave

a prior distribution on w, which is takento be A'(0,I).

Given this model, the optimal way to classifya new data
point x is to vote all classifiersaccordingto their poste-
rior probability: E[signfwTx)|D]. As anapproximation
to this, the BPM usesthe outputof the averageclassifier:
sign( E[w]Tx).

Using ER we can make a multivariate Gaussiarapprox-
imation to the posteriorover w and useits meanasthe
estimatedBayespoint. The resultingalgorithmis similar
to that for the clutter problem. To save notation,y; x; /¢ is
written simply asx;.

1. t;(w) = s; exp(—5—(wTx; — m;)?). Initialize with
v; =o00,m; =0,s = 1.

2. q(w) = N(my,Vy).
m, =0V, =1

Initialize with the prior:

3. Until all (m;,v;) corverge (changesare less than
10~%):

loopi=1,...,n:

(@) Remavet; from theposteriorto getan‘old’ pos-

terior:
1 wai)(vwxi)T
A VAU V., (—
v + v; — X?wai
my = my, + (V) (xfmy, —m))

(b) Recompute(m,,, V,,) from (mq\f,Vt\f), using

ADF:
\iNT
Lo m)x
\/x;rVq\UZxZ- +1
o — 1 N(zi;0,1)
\/xiTVbuixi +1 ¢(21)
m, = m}j —|—V>Uiozixi
Ve, = VYV (Viix,) [ ZE2M ) (vhixT
x;FVq\UZxZ
(c) Updatet;:
. 1
v; = X?VLZXZ- <# — 1)
a;x; my,
m; = ximY + (v; + xF Viix)a;

é(z)\/ 1+ u{lx;qu\jxi

Ty \i

1% Va'x;

exp(—35 e ;)
;

S, =

4 B=m}V_ 'm, - m]

i v

p(D) ~ [V | exp(B/2) [Tie; s

This algorithm processegachdatapoint in O(d?) time.
Assuming the number of iterations is constant, which
seemsto be true in practice,computingthe Bayespoint
thereforetakesO(nd?) time. This algorithm can be ex-
tendedto usean arbitrary inner productfunction, just as
in Gaussiamprocesglassifiersandthe SupportVectorMa-
chine,which changeshe runningtime to O(n?), regard-
less of dimensionality This extensioncan be found in
Minka (2001). Interestingly Opper& Winther(2000)have
derived an equivalent algorithm using statistical physics
methods. However, the EP updategendto be fasterthan
theirsanddo notrequirea stepsizgparameter

5.1 RESULTS

Figure 3(a) demonstratethe Bayespoint classifiervs. the
SVM classifieron 3 training points. Besidesthe two di-
mensionshavn here,eachpointhadathird dimensionset
at 1. This providesa ‘bias’ coeficient w3 sothatthe de-
cision boundarydoesnt have to passthrough(0, 0). The
Bayespoint classifierapproximates vote betweenrall lin-
earseparatorstangingfrom an angleof 0° to 135°. The
Bayespointis ananglein the middle of thisrange.

Figure 3(b) plots costvs. error for EP versusthreeother
algorithmsfor estimatingthe Bayespoint: the billiard al-
gorithm of Herbrichet al. (1999),the TAP algorithm of
Opperé& Winther (2000), and the mean-field(MF) algo-
rithm of Opper& Winther (2000). The erroris measured
by Euclideandistanceto the exact solution found by im-
portancesampling.The errorin usingthe SVM solutionis
alsoplottedfor reference.lts unusuallylong runningtime
is dueto Matlab’s quadprog solver. TAP andMF were
slower to corverge than ER, even with a large initial step
sizeof 0.5. As expected EPandTAP convergeto thesame
solution.

Figure4 compareghe errorrateof ER Billiard, andSVM
on four datasetgrom the UCI repository(Blake & Merz,
1998). Eachdatasetwas randomlysplit 40 timesinto a
trainingsetandtestset,in theratio 60%:40%.In eachtrial,
the featureswere normalizedto have zero meanand unit
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Figure 3: (left) Bayespoint machinevs. SupportVec-
tor Machineon a simpledataset. The Bayespoint more

closely approximatesa vote betweenall linear separators

of the data. (right) Costvs. errorin estimatingthe poste-
rior mean.ADF is thefirst'x’ onthe EPcurne.

Dataset | EP Billiard SVM
Heart 203+ .069 .2074.069 .232 4+ .069
Thyroid | .037+.037 .037+.038 .053+.035
lonosphere| .099 + .057 113+ .064 .115+ .066
Sonar 140+ .077 1474 .072 1294 .075

Figure4: Testerrorratefor theBayesPointMachine(using
EPor theBilliard algorithm)comparedo the SupportVec-
tor Machine.Reporteds the meanover 40 train-testsplits
=+ two standardleviations. Theseresultsarefor aGaussian
kernelwith ¢ = 3, andwill differ with otherkernels.

variancein thetraining set. The classifiersusedzeroslack
and a Gaussianinner productwith standarddeviation 3.
Billiard wasrun for 500iterations.The thyroid  dataset
wasmadeinto a binary classificationproblemby meiging
the differentclassesnto normalvs. abnormal.Exceptfor
sonar , EP haslower averageerror thanthe SVM (with
99% probability),andin all caseEPis at leastasgoodas
Billiard. Billiard hasthe highestrunningtime becausét is
initialized at the SVM solution.

6 SUMMARY

This paperpresentec generalizatiorof belief propagation
which is appropriatefor hybrid belief networks. Its supe-
rior speedandaccuray weredemonstratedn a Gaussian
mixture networkandthe BayesPointMachine. Hopefully
it will prove usefulfor other networksaswell. The Ex-
pectationPropagatioriterationsalwayshave afixed point,
which canbefound by minimizing anenegy function.

Acknowledgment

Thiswork wasperformedattheMIT MedialLab, supported
by the ThingsThatThink andDigital Life consortia.

References

Blake,C.L., & Merz,C. J.(1998). UCI repositoryof machine
learningdatabases.
www.ics.uc i. edu/” mlear n/MLReposi to ry. ht ml

Boyen,X., & Koller, D. (1998). Tractableinferencefor comple
stochastiprocessesUncertaintyin Al.

Frey, B. J.,& MacKay, D. J.(1997). A revolution: Belief
propagationn graphswith cycles. NIPS10.

Frey, B. J.,PatrascuR., JaakkolaT., & Moran,J.(2000).
Sequentiallyfitting inclusive treesfor inferencen noisy-OR
networks.NIPS13.

Herbrich,R., Graepel;T., & Campbell,C. (1999). Bayespoint
machinesEstimatingthe Bayespointin kernelspace lJCAI
WorkshopSupportvectorMachines

Koller,D., Lernet U., & Angeloy, D. (1999). A general
algorithmfor approximatenferenceandits applicationto
hybrid Bayesnets.Uncertaintyin Al (pp.324-333).

KschischangF. R., Frey, B. J.,& Loeliger, H.-A. (2000). Factor
graphsandthe sum-producalgorithm. IEEE TransInfo
Theoryto appear
www.comm.t or ont 0. edu/f ran k/ fa cto r/.

Lauritzen,S.L. (1992). Propagatiorof probabilities,meansand
variancesn mixed graphicalassociatioomodels.J American
StatisticalAssociation87, 1098—1108.

Maybeck,P. S.(1982). Stohasticmodels gstimationand
contmol, chapterl2.7. AcademicPress.

Minka, T. P. (2001). A family of algorithmsfor approximate
Bayesiarinference DoctoraldissertationMassachusetts
Instituteof Technology
vismod.www .medi a. mit .e du/ "t pmink a/.

Murphy, K., Weiss,Y., & JordanM. (1999). Loopy-belief
propagatiorfor approximateénference:An empiricalstudy
Uncertaintyin Al.

Oppert M., & Winther, O. (1999). A Bayesiamapproactto
on-linelearning.On-LineLearningin Neumal Networks
CambridgeUniversity Press.

Opper M., & Winther, O. (2000). Gaussiarprocessefor
classificationMeanfield algorithms.Neuial Computation
12,2655-2684.

ShachterR. (1990). A linearapproximatiormethodfor
probabilisticinference.Uncertaintyin Al.

Yedidia,J.S.,FreemanW. T., & Weiss,Y. (2000). Generalized
belief propagation(TechnicalReportTR2000-26).MERL.
www.merl.c omre ports /T R2000-2 6/i ndex. ht ml



