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Abstract

A persistentvorry with computationamodelsof unsupervised
learningis thatlearningwill becomemoredifficult astheprob-
lemis scaled.We examinethis issuein the contet of a novel
hierarchical,generatre model that can be viewed as a non-
lineargeneralizatiomf factoranalysisandcanbeimplemented
in aneuralnetwork. The modelperformsperceptuainference
in a probabilistically consistentmannerby using top-dawn,
bottom-upandlateralconnections Theseconnectioncanbe
learnedusing simple rulesthat requireonly locally available
information. We first demonstratehat the model can extract
a sparsedistributed, hierarchicalrepresentationf global dis-
parity from simplified random-dotstereograms We thenin-
vestigatesomeof the scaling propertiesof the algorithm on
this problemandfind that: (1) Increasingheimagesizeleads
to fasterandmorereliablelearning;(2) Increasinghedepthof
thenetwork from oneto two hiddenlayersleadsto betterrep-
resentationsit the first hiddenlayer, and(3) Onceonepart of
the network hasdiscoreredhow to representisparity it “su-
pervises’otherpartsof the network, greatlyspeedingup their
learning.

Intr oduction

In orderto understanchow a perceptualsystemcan learn
without ary supervisionit is usefulto definethe notion of
a generatie model. A generatrte modelis a probabilistic
modelof how theunderlyingphysicalpropertiesof theworld
causesensorydata. For example,animaging modelrelates
surface properties,spatial relationshipsand lighting condi-
tionsto the intensitiesdetectedbn the retina. The generatie
modelprovidesa rigorousbasisfor perceptualnference.By
invertingthe generatre model,the perceptuakystemcanin-
fer the probabilitiesof differentcausedor the sensorydata.
By adherindo its generatie modelit canallow top-dowvn ex-
pectationgo combinewith bottom-upinputswhile maintain-
ing a probabilisticallyconsisteninterpretationof the world.
A generatie modelalso providesa sensibleobjective func-
tion for unsupervisedearning. Learningcan be viewed as
maximizingthelik elihoodof theobseneddataunderthegen-
eratve model,which is mathematicallyequivalentto discov-
eringefficientwaysof codingthe sensorydata.

Many modelsof how cortex learnscan be understoodn
termsof two relatively simple generatie modelsdeveloped
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by statisticians.On the onesideareclusteringmodels,typi-
fied by the mixture of Gaussiansin this model,the sensory
datais assumedo have beengeneratedy picking one of
K possibleprototypesandaddingGaussiamoise. Thegoal
of learningis to determinethe K prototypeshat bestfit the
dataandthe varianceof the Gaussiamoisefor eachof the
sensoryunits. Competitive learningalgorithms(e.g. Rumel-
hart and Zipser, 1985; Carpenterand Grossbeg, 1988) can
generallybe viewed asways of fitting mixture of Gaussian
generatie models. Kohonens self-omganizingmaps(Koho-
nen,1982)andDurbin andWillshaw’s elasticnet(1987)are
variationsof mixture of Gaussianmodelsin which additional
constraintsare imposedthat force neighboringhiddenunits
to have similar generatie weightvectors. Theseconstraints
typically leadto amodelof the datathatis worsewhenmea-
suredby thelikelihoodof thedata.

Ontheothersidearedimensionalityeductionmodels typ-
ified by factoranalysig(Everitt, 1984).In factoranalysisthe
D-dimensionalsensorydatais assumedo have beengen-
eratedby linearly combining K independenGaussianvari-
ables the factors,andthenaddingGaussiamoise. The goal
of learningis to find thelineartransformatiorfrom the K fac-
tors that maximizesthe lik elihood of the sensorydata. This
goalis only well-definedfor K < D, andthereforethe fac-
torscanbethoughtof asareducedlimensionalityrepresenta-
tion of thesensorydata.In thelimit wherethevarianceof the
noiseaddecdto eachof the D dimensionf the sensorydata
is assumedo go to zero,factoranalysisreducego principal
componentsanalysis(PCA). Unsupervisedearningmodels
basednHebbianlearningcangenerallybeviewedasimple-
mentingvariantsof PCA (Oja, 1982). Models of this kind
have beenfoundto develop centersurroundand orientation-
selectve propertiessimilar to thoseof cellsin thevisual sys-
tem(Linsker, 1988).

In this paper we first describethe needfor modelsthatgo
beyondfactoranalysisand mixturesof GaussiansThe goal
of thesemodelsis to discover hierarchicaldistributedrepre-
sentationghat are non-linearlyrelatedto the perceptuaba-
ta. We briefly review previous attemptsat developingsuch
a model. We thenpresenta new model, the rectified Gaus-
sianbelief net (Hinton and Ghahramanil997). This model
makesstrongsuggestionabouttherole of bothtop-davn and
lateralconnectionsn cortex andit also suggestwhy topo-
graphicmapsareso prevalent. Using simplified random-dot
stereogramsre shaw thatthis modeldiscosersa hierarchical
distributedrepresentationf globaldisparity Finally, we ex-
aminethe scalingpropertiesof the modelon the stereogram



problem.

SparseDistrib uted Representations

Factor analysisand mixtures of Gaussiansare at opposite
endsof a spectrumof possiblelearningalgorithms.In factor
analysis,the representatioms “componential”or “distribut-

ed” becausdt involvesstatesn all of the hiddenunits. How-

ever, it is alsolinearandis thereforelimited to capturingthe
informationin the pairwise covariancesof the visible units.
All the higherorderstructureis invisible to it. At the other
endof thespectrumpmixturesof Gaussiandave localistrep-
resentationdecauseeachdatavectoris assumedo be gen-
eratedfrom a singlehiddenunit. Thisis anexponentiallyin-

efficient representationeachdatapointis representedy the
identity of thewinning hiddenunit (i.e. the clusterit belongs
to). Sofor therepresentatioto contain,on averagen bits of

informationaboutthe data,theremustbe at least2™ hidden
units. However, it is non-linearandwith enoughhiddenunits
it cancaptureall of the higherorderstructurein thedata.

The really interestinggeneratie modelslie in the middle
of the spectrum.They usenon-lineardistributedrepresenta-
tions of thetype adwocatedby Barlow (1989)andOlshausen
andField (1996). To seewhy suchrepresentationare need-
ed,considemtypicalimagethatcontainamultiple objects.To
representhe poseanddeformationof eachobjectwe wanta
componentiakepresentatiorf the object’s parameters.To
representhe multiple objectswe needsereral of thesecom-
ponentialrepresentationatonce.

The difficulty with suchmodelslies in the computation
of the posteriordistribution over hidden stateswhen given
a datapoint. This distribution, or an approximationto it, is
requiredboth for learningthe generatre modelandfor per
ceptualinferenceoncethe modelhasbeenlearned.Mixtures
of Gaussianandfactoranalysisarestandardstatisticalmod-
els preciselybecauseahe exact computationof the posterior
distributionis tractable For modelswith non-lineardistribut-
ed representationsg;omputingthe posteriordistribution (or
eventhemostprobablestate)of the hiddenunitsgivena data
point is in generalintractable,asit involvesconsideringall
exponentially-magy possiblesettingsof the hiddenunits.

Scaling

Oneworry with suchmodelsis thatwhile theapproximations
commonlyusedfor learningandinferencemay work on s-
mall problems,they may not scalewell to larger problems
with morerealisticdatasets.This hascertainly beenthe ex-
periencewith combinatorialoptimizationproblems(suchas
thetravelling salesmaproblem)in which thebestsolutionto
onepartof the problemis usuallyincompatiblewith the best
solutionto anothepartof the problem.This s calleda“frus-
trated” systemandis just whatvisionis notlike. It is gener
ally easierto interprettwo neighboringpatchesf animage
thanto interpretonepatchin isolationbecauseontet almost
alwaysfacilitatesinterpretation.In the latter part of this pa-
perwe testthe conjecturethat, for a vision problemsuchas
discoveringdepthfrom random-dostereogramscalingboth
thesizeof theinputandthenumberof hiddenlayerswill lead
to fasteratherthanslower perceptuainferenceandlearning.

Rectified GaussianBelief Nets

We now describea new modelcalledthe RectifiedGaussian
Belief Net (RGBN) that combinessparsedistributed repre-
sentationswith a hierarchicalstructure. The RGBN usesu-
nits with stateshatareeitherpositive real valuesor zero,so
it canrepresenteal-valuedlatentvariablesdirectly. Its main
disadwantageis that the recognitionprocessinvolves Gibbs
samplingwhich could be very time consuming.In practice,
however, 10 to 20 samplegerunit have proved adequatéor
somesmallbut interestingtasks.

We first describethe RGBN without consideringneural
plausibility. Thenwe shav how lateral interactionswithin
a layer can be usedto perform explaining away correctly?.
This makesthe RGBN far more plausibleasa neuralmodel
andleadsto a very naturalexplanationfor the prevalenceof
topographianapsin cortex.
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Figurel: (left) TherectifiedGaussian(right) a Schematiof the
posteriordensityof anunrectifiedstateof a unit. b Bottom-upand
top-dawvn enegy functionscorrespondingo a.

Thegeneratie modelfor RGBN's consistof multiple lay-
ersof unitseachof which hasa real-valuedunrectifiedstate,
y;, and a rectified state,§;, which is zeroif y; is negatve
andequalto y; otherwise.This rectificationis the only non-
linearity in the network. The value of y; is Gaussiardis-
tributedwith a standardieviationo; andmean j; thatis de-
terminedby thegeneratiebias,go;, andthecombineceffects
of therectifiedstatesof units, &, in thelayerabove:

95 =905 + Y Tkgkj 1)
P

Therectifiedstatey; thereforehasa Gaussiardistribution
abovezero,but all of themassof the Gaussiarnhatfallsbelow
zerois concentratedn an infinitely densespike at zero as
shavn in figure 1. This infinite density creategproblemsif
we attemptto useGibbssamplingovertherectifiedstatesso
we performGibbssamplingon the unrectifiedstates.

Sampling from the posterior distrib ution

Considera unit, j, in someintermediatdayerof a multilayer
RGBN. Supposehat we fix the unrectifiedstatesof all the

S«Explaining away” refersto the situationwherecauseghatare
a priori independenbecomedependentonditionedon someob-
sened effect. For example, having the sprinkler on and whether
it rainsor not may be a priori independentNow, assumehatwe
obsere thatthe groundis wet. Either causecanexplain away the
obsenration. Oneof themis probablytrue, but both of themtogeth-
er are unlikely, andthereforethe two causesnay be a posteriori
anti-correlated.



otherunitsin thenet. To performGibbssamplingwe needto
stochasticallyselecta valuefor y; accordingto its posterior
distribution giventhe unrectifiedstateof all the otherunits.

If wethink in termsof enegy functions,whichareequalto
the negative log probabilities(up to a constant)the rectified
stateof theunitsin thelayerabove contributeaquadraticen-
ergy termby determiningg;. Theunrectifiedstatesof units,
i, in thelayerbelow contribute nothingif g; is 0, andif 3; is
positive they eachcontritute a quadraticterm becausef the
effectof §; ong;.

_ (g —9y)? (yi — D n0ngni)°
Bluj) = 52—+ Z 207 0
whereh is anindex over all the unitsin the samelayeras j

including j itself. Termsthatdo notdependony; have been
omittedfrom Eq. 2. For valuesof y; below zerothereis a
guadraticenegy functionwhichleadsto aGaussiamposterior
distribution. Thesameis truefor valuesof y; above zero,but
it is a differentquadratic(seefigure 1b). The Gaussiampos-
terior distributionscorrespondindo the two quadraticanust
agreeaty; = 0 (figure 1a). Becauseheposteriordistribution
is piecavise Gaussiarnit is possibleto perform Gibbs sam-
pling exactly andfairly efficiently.

Learning the parametersof an RGBN

Givensampledrom the posteriordistribution, the generatie
weightsof a RGBN canbelearnedby usingthe online delta
rule:

Agji = €§;(ys — 9s) 3)

Thevarianceof thelocal Gaussiamoiseof eachunit, 012-, can
bealsolearnedby anonlinerule:

Ao} = el(y; — §5)° = o] (4)

Alternatively, o2 canbe fixed at 1 for all hiddenunits and
theeffectivelocal noiselevel canbecontrolledby scalingthe
generatie weights.

The Role of Lateral Connections

LeeandSeung1997)introduceda cleverway of usinglateral
connectiongo handleexplaining away effects. Considerthe
network shavnin figure2. Onecontribution, E, to theenepgy
of the stateof the network is the squaredifferencebetween
the unrectifiedstatesof the unitsin the bottomlayer, y;, and
thetop-davn expectationggeneratedy the statesof unitsin

the layer abore. Assumingthe local noise modelsfor the
visible units all have unit variance,andignoring biasesand
constantermsthatareunafectedby the stateof the units

E =Y (955-9) = > (i — Zeurgri)’- ()

J J

This expressiorcanberearrangedo give

E= Z y;—2 ;yk Zngkj—zk: ;ykyl(_zjgkjglj)-
J J
(6)

Settingrjk = Gkj andmkl = - Zj 9kjg1; We get
E=Y"y; =2 we Y yirik— D vk y_vimu- (7)
J k J k l

This enegy function can thereforebe implementedin a
network with recognitionweights,r;;, andsymmetriclater
al interactionsyny;. Thelateralandrecognitionconnections
allow a unit, k, to computehow E for the layer belov de-
pendson its own stateandthereforethey allow it to follow
thegradientof E or to performGibbssamplingin E.

Figure2: A network with lateralconnectiongo handleexplaining
away effects.

If we arewilling to useGibbssampling,Seungs trick al-
lows a properimplementationof factoranalysisin a neural
network becausét makesit possibleto samplefrom the ful-
| covarianceposteriordistribution in the hiddenstatespace.
Seungstrick canalsobeusedin anRGBN andit eliminates
the mostneurallyimplausibleaspectof this modelwhich is
thataunitin onelayerappearso needto sendbothits statey
andthetop-down predictionof its statey to unitsin thelayer
above. Using the lateral connectionsthe unitsin the layer
above can,in effect,computeall they needto know aboutthe
top-down predictions.

In computersimulations,we can simply set eachlateral
connectiormy, tobe—g, -g;. It is alsopossibldo learnthese
lateral connectiondn a more biologically plausibleway by
driving unitsin the layer below with unit-varianceindepen-
dentGaussiamoiseand usinga simple anti-Hebbianearn-
ing rule. Similarly, a purelylocal learningrule canbeimple-
mentedto learnrecognitionweightsequalto the generatie
weights. If units at onelayeraredrivenby unit-variancein-
dependenGaussiamoise,andthesen turndrive unitsin the
layerbelow usingthegeneratreweights thenHebbianearn-
ing betweerthe two layerswill learnthe correctrecognition
weights(Hinton andGhahramani1997).

Thereis oneremainingdifficulty thatis a consequencef
our decisionto performGibbssamplingon the unrectifieds-
tates. A unit needsto sendits unrectifiedstateto unitsin
thelayerabove andits rectifiedstateto unitsin the layerbe-
low. In the simulationswe reportin this paperwe do not
implementRGBNSs using the lateral connectiontrick or the
more biologically plausiblelearningrules. In anotherpa-
per we have exploredthe useof lateral connectiondor in-
ference(as describedhere)and also to inducetopographic
self-omganisatiorof thefeaturedn the hiddenlayer (Ghahra-
maniandHinton, 1998).

Discovering disparity in simplified stereopairs
A problemin which discovering the higher order structure
of a datasethaspresentedlifficulties for someprevious un-
supervisedearningalgorithmsis the one-dimensionasdtere-
o disparity problem (Becker and Hinton, 1992). Consider
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Figure3: a Sampledatafrom the simplified stereodisparity prob-
lem. Thetop andbottomrow of each2 x 18 imagearetheinputsto
the left andright eye, respectiely. b Sampleoutputsgeneratedy
themodelafterlearning.
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Figure4: Generatie weightsof a three-layeredRGBN afterbeing
trainedonthestereadisparityproblem.a Weightsfrom thetop layer
hiddenunit to the 24 middle-layerhiddenunits. b Biasesof the
middle layer hiddenunits, and ¢ weightsfrom the hiddenunits to
the2 x 18 visible array Notethattheapparentopographyis dueto
theconstraineadonnectiity betweerhiddenandvisible units,nota
resultof thelearningalgorithm.

thefollowing multi-stagegeneratie procesdor stereopairs.
Randomdots of uniformly distributed intensitiesare scat-
teredsparselyon a one-dimensionasurface,andthe image
is blurredwith a Gaussiariilter. This surfaceis thenrandom-
ly placedat one of two differentdepths,giving rise to two
possibleleft-to-right disparitiesbetweenthe imagesseenby
eacheye. Separaté&aussiamoiseis thenaddedo theimage
seenby eacheye. To avoid problemsaswe scaledtheimage
sizeswe useda variantof this generatie processwith circu-
lar boundaryconditions,also known asthe shifter problem

andconstanfeaturedensityastheimagesizewasincreased.

Eight exampleimagesgeneratedn this mannerareshown in
figure3a.
We trainedathree-layelRGBN consistingof 36 visible u-

nits, 24 units in the middle hiddenlayer and 1 unit in the
top hiddenlayer on the 18-pixel wide stereodisparity prob-
lem. Eachof the 24 hiddenunitsin the middle hiddenlayer
wasconnectedo 9 consecutie visible units from eacheye,
i.e. it hada total of 18 connectionsdrom the layer below.
Neighbouringhiddenunits had overlappingreceptve fields
shifted by 3 pixels* We referto this architectureasa 1-24-
36 network with fan-in of 18. The network wastrainedon
10000imagespicked at randomfrom a training setof 1000
images.For eachimagewe used16 iterationsof Gibbssam-
pling to approximatethe posteriordistribution over hidden
states Eachiterationconsistedf samplingevery hiddenunit
oncein arandomorder The stateson every iteration after
the 4th wereusedfor learning,with alearningrateof 0.1 for
the weights, 0.01 for the variancesand a weight decaypa-
rameterof 0.01. Sincethetop level of the generatie process
malkes a discretedecisionbetweenleft andright shifts, we
tried boththe RGBN anda trivial extensionof the RGBN in
which the top level unit saturatedothat 0 and1. We show
resultsfor this extension,asit gave slightly cleanerepresen-
tationsat thetop level. Resultswererelatively insensitve to
otherparametricchanges.

Thirteenof the hiddenunitslearnedto becomdocal right-
disparitydetectorswhile the otherelevenbecamdocal left-
disparitydetectorgfigure4c). Theunitin thetop hiddenlay-
er haspositive weightsconnectingt to right disparitydetect-
ing hiddenunitsin the layer below, and negative weightsto
theleft disparitydetectorgfigure 4a). Whenpresentedvith
novel inputimagesthetop unit hadactvity greaterthan0.5
for 93% of imageswith rightward disparityandlessthan0.5
for 95%of imageswith leftwarddisparity A randomsample
of imagesgeneratedy the modelafterlearningis shovn in
figure3b.

We now describefour seriesof experimentsaimedat ex-
ploring how learningandinferencescalesn differentarchi-
tecturesappliedto the steregproblem.

Exp 1: The effectof scalingconnectvity on learning

Percent correct disparity

0 . . . . . . . . . k)
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time (input patterns seen)

Figure5: Percentcorrectdisparityasa function of learningtime
for networkswith differing fan-inand1-48-72architecturesFan-in
connectingmiddle-level hiddenunitsto the visible unitswasvaried
from 8 (solid), 18 (dashed)36 (dot-dashedand72 (full connecti-
ty; dotted).Eachcurwe is averagedbver 5 runs.

The goal of the first experimentwasto determinethe ef-

4Sincethenumberof visible unitsis aways1.5timesthenumber

of hiddenunitsandwe have circularwrap-aroundn the connectv-
ity, a shift of 3 ensureghat the receptve fields wrap aroundeach
retina4 times.



fectonlearningof differentconnectity patterngi.e. fan-in)
betweenvisible and hiddenunits. This is of interestfor t-
wo reasons.First, it is not cleara priori what the effect of
scalingthe numberof inputsto eachhiddenunit will have.
Secondwe wishedto determineanoptimalfan-into beused
in subsequengxperiments.For the 1-48-72architecturewe
varied the fan-in between8 (4 connectiondrom eacheye)
and72 (full connectvity). Throughoutearning,thenetwork-
s weretestedon testsetsof 1000noisyimagesto determine
whetherthe top unit had discovereda representatiof dis-
parity. Thelearningcurves,measuredy the percentcorrect
disparity inferred by the top unit, varied considerablyas a
function of fan-in (figure 5). A fan-in of 18 (9 connections
from eacheye) resultedin fasterlearningandhigherasymp-
totethanlargeror smallerfan-ins.Thisis probablydueto the
factthatthe basiccorrelationlengthof featuresin theimage
is onthe orderof 2-3 pixels. A fan-inof 8 (4 pixelspereye)
givesa low probability thata hiddenunit will have anentire
featurein its receptie field, while fan-insof 36 and 72 will
recultin mary featuresn eachhiddenunit's receptve field,
andthe hiddenunit hasto learnto ignoreall but oneof them.
We useda fan-inof 18 for theremaindeiof the experiments.

Exp 2: Largerimagesimpr ove learning

Thegoalof thesecondexperimentwasto determingheeffect
of scalingthe numberof visible andhiddenunits. We com-
paredlearningandinferenceon the stereodisparity problem
in four differentnetwork sizes: 1-12-18,1-24-36,1-48-72,
and1-72-108 all with afan-inof 18.

Using the samemeasureasin experimentl, we evaluat-
ed learningof disparityfor eachof thesearchitectures.The
resultsclearly indicate that larger networks learn a respre-
sentationof disparity fasterand with a higher performance
asymptotehansmallernetworks (figure 6). This experiment
suggestghat, for this simplevision problem,increasingthe
network sizeto accommodate largerimageleadsto faster
ratherthanslower learning.

Percent correct disparity

Time (input patterns seen)

Figure6: Percentcorrectdisparity asa function of learningtime
averagedver5 runsfor networksof differingsize: 1-72-108(solid),
1-48-72(dashed)1-24-36(dot-dashed)1-12-18(dotted).

We also examinedthe speedof perceptualinference,as
measuredy the corvergenceof the activity of thetop layer
unit, for thesedifferentnetwork sizesafterlearning. Thetop
unit actvity corvergedto O or 1 morequickly andreliably for
larger networks, asindicatedby the meanandstandardievi-
ationof theactvity asafunctionof Gibbssamplegfigure7).
Sincetheamountof depthinformationis greateiin largernet-
worksthisis not surprising.However, hadwe not foundthis

scalingbehaiour, it would have beendifficult to justify using
Gibbssamplingin largernetworks.
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Figure7: Meana—d andstandardieviation e-h actiity of thetop
unit during Gibbssamplingafter learningwhenthe clampedmage
hadleftward (solid) andrightward (dashed}lisparity;averagedver
1000images.Differing sizenetworks: 1-12-18(a,e), 1-24-36(b,f),
1-48-72(c,g), 1-72-108(d,h).

Exp 3: Deepernetworks learn better hidden
representations

The goal of this experimentwasto investigatethe effect of
network depthon learning. We comparech 1-24-36network
with a 0-24-36network, i.e. anidenticalnetwork lackingthe
unit at the top layer Underone hypothesisthe presencef
thetop unit shouldslow learningsinceatfirst it is simply in-
troducingnoiseandspuriouscorrelationsn the layerbelow.
Ontheotherhand,the network maybeableto usethetop u-
nit to cleanup representationatthelevel belov andtherefore
speedearning.

Correlation between hidden features and true intensity

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
Time (input patterns seen)

Figure8: Averageof 5 runseachof networkswith atop layer hid-
denunit (solid lines)andwithout one(dashedines).

To comparethe networks with and without a unit at the
top layer, we calculatedhe percenif varianceaccountedor
by the bestlinear reconstructiorof the noise-freefeaturesn
theimagethatcouldbe obtainedrom the middle hiddenlay-
er representationsThis measurefiow faithfully the middle
hiddenunitshave capturedheimagefeaturesjndependently
of the generatie weightsfrom hiddento visible units. This
measurdncreasedsery rapidly at the beginning of learning
for both typesof networks. After this initial phase the net-
workswith atop hiddenunit hada consistenthbettermiddle



hiddenrepresentatiothanthe networkswithoutatop hidden
unit, althoughthe effectwassmall (figure 8).

We alsolooked at networkswith 2 hiddenunitsin the top
layer, but the behaviour of thesewasnot significantlydiffer-
entfrom networkswith onehiddenunit (datanot shown).

Exp 4: One sub-network canteachanother

Layer 2 Hidden Unit

| | | | Layer 1 Hidden Units

Left Eye Input [ | | | visibie units
Right Eye Input | | | |

Network A Network B

Figure9: Thedouble-netwrk architecturewith two banksof 2 x 9
visible units, two banksof 12 first layer hiddenunits, anda single
sharedsecondayerhiddenunit.

The aim of the last experimentwas to seeif connect-
ing a network that hadalreadylearnedto representlisparity
from onepartof theimageto a seconchetwork with random
weightswould resultin fasterdearningin theseconchetwork.
We useda doublenetwork architectureconsistingof two 1-
12-18networks sharingthe top hiddenunit, asshown in fig-
ure9. Thetwo networkshadno interconnectiongotherthan
the sharedtop unit) and sav two differentimageswith the
samedisparity We will call oneside of the doublenetwork
the “teacher” and the other side the “student”. We took a
1-12-18network that hadlearneddisparity (the teacheryand
attacheda similar network with randomweights(the studen-
t). During learning,we comparedhe percentcorrectdispar
ity inferred underthree conditions: (1) inferenceusing the
combinedstudent-teacheretwork (solid lines); (2) inference
usingonly the studentpartof the network (dashedine); and
(3) acontrolin whichthestudentvastrainedonits own with-
outateacher(figure 10). Theresultssuggesthatthe student
network greatlybenefitsfrom having thetop unitin common
with theteachemnetwork.
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Figure10: The percentcorrectdisparityfor the combinedstudent-
teachemetwork (solid lines), for the studenttestedalone (dashed
lines),andfor acontrolnetwork of thesamesizeasthe studentdot-

ted line). We shaw all five runs of eachconfiguration(a) andthe

averagegb).

Discussion

In this paperwe have shovn empirically that increasingthe

width anddepthof a hierarchicaihetwork canresultin faster
learningandinference.To ourknowledge thisis thefirst sys-
tematicstudyof scalingpropertiesof anunsupervisedearn-
ing algorithmfor a hierarchicalgeneratie model. It is im-

portantnot to overstatethe generalisabilityof theseresult-
s: we have exploreda singlelearningalgorithmon a single
problem. However, we believe that theseresultsare signifi-

cantandencouragindgor the following reason:in everyday
perceptionthereis a greatdeal of redundang acrossspace,
time, anddifferentmodalities. Plausiblemodelsof unsuper
visedlearningin the brainandsensibleunsupervisegattern
recognitionsystemsshouldbe ableto make gooduseof this

redundang. The experimentsn this paperprovide evidence
thatnonlinearhierarchicahetworksfit this criterion.
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