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Abstract

A persistentworry with computationalmodelsof unsupervised
learningis thatlearningwill becomemoredifficult astheprob-
lem is scaled.We examinethis issuein thecontext of a novel
hierarchical,generative model that can be viewed as a non-
lineargeneralizationof factoranalysisandcanbeimplemented
in a neuralnetwork. Themodelperformsperceptualinference
in a probabilistically consistentmannerby using top-down,
bottom-upandlateralconnections.Theseconnectionscanbe
learnedusingsimplerules that requireonly locally available
information. We first demonstratethat the modelcanextract
a sparse,distributed,hierarchicalrepresentationof globaldis-
parity from simplified random-dotstereograms.We then in-
vestigatesomeof the scalingpropertiesof the algorithm on
this problemandfind that: (1) Increasingtheimagesizeleads
to fasterandmorereliablelearning;(2) Increasingthedepthof
thenetwork from oneto two hiddenlayersleadsto betterrep-
resentationsat thefirst hiddenlayer, and(3) Onceonepartof
thenetwork hasdiscoveredhow to representdisparity, it “su-
pervises”otherpartsof thenetwork, greatlyspeedingup their
learning.

Intr oduction
In order to understandhow a perceptualsystemcan learn
without any supervisionit is useful to definethe notion of
a generative model. A generative model is a probabilistic
modelof how theunderlyingphysicalpropertiesof theworld
causesensorydata. For example,an imagingmodelrelates
surfaceproperties,spatial relationshipsand lighting condi-
tions to the intensitiesdetectedon theretina.Thegenerative
modelprovidesa rigorousbasisfor perceptualinference.By
invertingthegenerativemodel,theperceptualsystemcanin-
fer the probabilitiesof differentcausesfor the sensorydata.
By adheringto its generativemodelit canallow top-downex-
pectationsto combinewith bottom-upinputswhile maintain-
ing a probabilisticallyconsistentinterpretationof the world.
A generative modelalsoprovidesa sensibleobjective func-
tion for unsupervisedlearning. Learningcan be viewed as
maximizingthelikelihoodof theobserveddataunderthegen-
erative model,which is mathematicallyequivalentto discov-
eringefficientwaysof codingthesensorydata.

Many modelsof how cortex learnscanbe understoodin
termsof two relatively simplegenerative modelsdeveloped

1A slightly shorterversionof this paperwill appearasGhahra-
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conferenceonArtificial Neural Networks.
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by statisticians.On theonesideareclusteringmodels,typi-
fied by themixtureof Gaussians.In this model,thesensory
data is assumedto have beengeneratedby picking one of�

possibleprototypesandaddingGaussiannoise.Thegoal
of learningis to determinethe

�
prototypesthatbestfit the

dataand the varianceof the Gaussiannoisefor eachof the
sensoryunits. Competitive learningalgorithms(e.g. Rumel-
hart andZipser, 1985; CarpenterandGrossberg, 1988)can
generallybe viewed aswaysof fitting mixture of Gaussian
generative models. Kohonen’s self-organizingmaps(Koho-
nen,1982)andDurbin andWillshaw’s elasticnet (1987)are
variationsof mixtureof Gaussianmodelsin whichadditional
constraintsare imposedthat force neighboringhiddenunits
to have similar generative weightvectors.Theseconstraints
typically leadto a modelof thedatathatis worsewhenmea-
suredby thelikelihoodof thedata.

Ontheothersidearedimensionalityreductionmodels,typ-
ified by factoranalysis(Everitt, 1984).In factoranalysis,the�

-dimensionalsensorydata is assumedto have beengen-
eratedby linearly combining

�
independentGaussianvari-

ables,thefactors,andthenaddingGaussiannoise.Thegoal
of learningis to find thelineartransformationfrom the

�
fac-

tors that maximizesthe likelihoodof the sensorydata. This
goal is only well-definedfor

�����
, andthereforethe fac-

torscanbethoughtof asareduceddimensionalityrepresenta-
tion of thesensorydata.In thelimit wherethevarianceof the
noiseaddedto eachof the

�
dimensionsof thesensorydata

is assumedto go to zero,factoranalysisreducesto principal
componentsanalysis(PCA). Unsupervisedlearningmodels
basedonHebbianlearningcangenerallybeviewedasimple-
mentingvariantsof PCA (Oja, 1982). Modelsof this kind
have beenfoundto developcenter-surroundandorientation-
selective propertiessimilar to thoseof cells in thevisualsys-
tem(Linsker, 1988).

In this paper, we first describetheneedfor modelsthatgo
beyondfactoranalysisandmixturesof Gaussians.Thegoal
of thesemodelsis to discover hierarchicaldistributedrepre-
sentationsthat arenon-linearlyrelatedto the perceptualda-
ta. We briefly review previous attemptsat developingsuch
a model. We thenpresenta new model, the rectifiedGaus-
sianbelief net (Hinton andGhahramani,1997). This model
makesstrongsuggestionsabouttheroleof bothtop-downand
lateralconnectionsin cortex andit alsosuggestswhy topo-
graphicmapsaresoprevalent. Usingsimplified random-dot
stereogramsweshow thatthismodeldiscoversahierarchical
distributedrepresentationof globaldisparity. Finally, we ex-
aminethescalingpropertiesof themodelon thestereogram



problem.

SparseDistrib uted Representations

Factor analysisand mixtures of Gaussiansare at opposite
endsof a spectrumof possiblelearningalgorithms.In factor
analysis,the representationis “componential”or “distribut-
ed” becauseit involvesstatesin all of thehiddenunits.How-
ever, it is alsolinearandis thereforelimited to capturingthe
information in the pairwisecovariancesof the visible units.
All the higher-orderstructureis invisible to it. At the other
endof thespectrum,mixturesof Gaussianshave localistrep-
resentationsbecauseeachdatavectoris assumedto be gen-
eratedfrom a singlehiddenunit. This is anexponentiallyin-
efficient representation:eachdatapointis representedby the
identity of thewinninghiddenunit (i.e. theclusterit belongs
to). Sofor therepresentationto contain,onaverage,� bitsof
informationaboutthe data,theremustbe at least ��� hidden
units.However, it is non-linearandwith enoughhiddenunits
it cancaptureall of thehigher-orderstructurein thedata.

The really interestinggenerative modelslie in the middle
of thespectrum.They usenon-lineardistributedrepresenta-
tionsof thetypeadvocatedby Barlow (1989)andOlshausen
andField (1996). To seewhy suchrepresentationsareneed-
ed,consideratypical imagethatcontainsmultipleobjects.To
representtheposeanddeformationof eachobjectwe wanta
componentialrepresentationof the object’s parameters.To
representthemultiple objectswe needseveralof thesecom-
ponentialrepresentationsat once.

The difficulty with suchmodelslies in the computation
of the posteriordistribution over hiddenstateswhen given
a datapoint. This distribution, or an approximationto it, is
requiredboth for learningthe generative modelandfor per-
ceptualinferenceoncethemodelhasbeenlearned.Mixtures
of Gaussiansandfactoranalysisarestandardstatisticalmod-
els preciselybecausethe exact computationof the posterior
distribution is tractable.For modelswith non-lineardistribut-
ed representations,computingthe posteriordistribution (or
eventhemostprobablestate)of thehiddenunitsgivena data
point is in generalintractable,as it involvesconsideringall
exponentially-many possiblesettingsof thehiddenunits.

Scaling

Oneworry with suchmodelsis thatwhile theapproximations
commonlyusedfor learningand inferencemay work on s-
mall problems,they may not scalewell to larger problems
with morerealisticdatasets.This hascertainlybeenthe ex-
periencewith combinatorialoptimizationproblems(suchas
thetravelling salesmanproblem)in whichthebestsolutionto
onepartof theproblemis usuallyincompatiblewith thebest
solutionto anotherpartof theproblem.This is calleda“frus-
trated”systemandis just whatvision is not like. It is gener-
ally easierto interprettwo neighboringpatchesof an image
thanto interpretonepatchin isolationbecausecontext almost
alwaysfacilitatesinterpretation.In the latterpartof this pa-
perwe testthe conjecturethat, for a vision problemsuchas
discoveringdepthfrom random-dotstereograms,scalingboth
thesizeof theinputandthenumberof hiddenlayerswill lead
to fasterratherthanslowerperceptualinferenceandlearning.

RectifiedGaussianBelief Nets
We now describea new modelcalledtheRectifiedGaussian
Belief Net (RGBN) that combinessparsedistributed repre-
sentationswith a hierarchicalstructure.The RGBN usesu-
nits with statesthatareeitherpositive realvaluesor zero,so
it canrepresentreal-valuedlatentvariablesdirectly. Its main
disadvantageis that the recognitionprocessinvolvesGibbs
samplingwhich could be very time consuming.In practice,
however, 10 to 20 samplesperunit have provedadequatefor
somesmallbut interestingtasks.

We first describethe RGBN without consideringneural
plausibility. Then we show how lateral interactionswithin
a layer can be usedto perform explaining away correctly3.
This makesthe RGBN far moreplausibleasa neuralmodel
andleadsto a very naturalexplanationfor theprevalenceof
topographicmapsin cortex.
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Figure1: (left) TherectifiedGaussian.(right) a Schematicof the
posteriordensityof anunrectifiedstateof a unit. b Bottom-upand
top-down energy functionscorrespondingto a.

Thegenerativemodelfor RGBN’sconsistsof multiple lay-
ersof unitseachof which hasa real-valuedunrectifiedstate,	�
 , anda rectifiedstate, �	�
 , which is zero if 	
 is negative
andequalto 	 
 otherwise.This rectificationis theonly non-
linearity in the network. The value of 	 
 is Gaussiandis-
tributedwith a standarddeviation � 
 andmean, �	�
 thatis de-
terminedby thegenerativebias,��� 
 , andthecombinedeffects
of therectifiedstatesof units, � , in thelayerabove:

�	 
�� � ��� 
������ �	 � � � 
 (1)

Therectifiedstate �	 
 thereforehasa Gaussiandistribution
abovezero,but all of themassof theGaussianthatfallsbelow
zero is concentratedin an infinitely densespike at zero as
shown in figure 1. This infinite densitycreatesproblemsif
weattemptto useGibbssamplingover therectifiedstates,so
we performGibbssamplingon theunrectifiedstates.

Sampling from the posterior distribution
Considera unit, � , in someintermediatelayerof a multilayer
RGBN. Supposethat we fix the unrectifiedstatesof all the

3“Explaining away” refersto thesituationwherecausesthatare
a priori independentbecomedependentconditionedon someob-
served effect. For example,having the sprinkler on and whether
it rainsor not may be a priori independent.Now, assumethat we
observe that the groundis wet. Either causecanexplain away the
observation. Oneof themis probablytrue,but bothof themtogeth-
er are unlikely, and thereforethe two causesmay be a posteriori
anti-correlated.



otherunitsin thenet.To performGibbssampling,weneedto
stochasticallyselecta valuefor ��� accordingto its posterior
distributiongiventheunrectifiedstatesof all theotherunits.

If wethink in termsof energy functions,whichareequalto
thenegative log probabilities(up to a constant),therectified
statesof theunitsin thelayerabovecontributeaquadraticen-
ergy termby determining  ��� . Theunrectifiedstatesof units,!
, in thelayerbelow contributenothingif "� � is # , andif "� � is

positive they eachcontributea quadratictermbecauseof the
effectof "��� on  ��$ .

%'& ���)(+* & � �-,  � � (/.0�1 .� 2 3 $
& �4$ ,6587 "� 7�947 $:( .0�1 .$ (2)

where ; is an index over all theunits in the samelayeras <
including < itself. Termsthatdo not dependon ��� have been
omittedfrom Eq. 2. For valuesof ��� below zerothereis a
quadraticenergy functionwhichleadsto aGaussianposterior
distribution. Thesameis truefor valuesof � � abovezero,but
it is a differentquadratic(seefigure1b). TheGaussianpos-
terior distributionscorrespondingto thetwo quadraticsmust
agreeat � � *=# (figure1a).Becausetheposteriordistribution
is piecewise Gaussianit is possibleto perform Gibbs sam-
pling exactly andfairly efficiently.

Learning the parametersof an RGBN
Givensamplesfrom theposteriordistribution, thegenerative
weightsof a RGBN canbelearnedby usingtheonlinedelta
rule: > 9 �?$ *A@B"� � & � $C,  � $ ( (3)

Thevarianceof thelocalGaussiannoiseof eachunit,
1 .� , can

bealsolearnedby anonlinerule:> 1 .� *=@�D & ��� ,  ���E( . , 1 .��F (4)

Alternatively,
1 .� can be fixed at G for all hiddenunits and

theeffectivelocalnoiselevel canbecontrolledby scalingthe
generativeweights.

The Role of Lateral Connections
LeeandSeung(1997)introducedacleverwayof usinglateral
connectionsto handleexplainingaway effects. Considerthe
network shown in figure2.Onecontribution,

%
, to theenergy

of thestateof thenetwork is thesquareddifferencebetween
theunrectifiedstatesof theunits in thebottomlayer, ��� , and
thetop-down expectationsgeneratedby thestatesof units in
the layer above. Assumingthe local noisemodelsfor the
visible units all have unit variance,andignoring biasesand
constanttermsthatareunaffectedby thestatesof theunits% * 3

� & ��� ,  ���)( . * 3
� & ��� , 5=H�� H 9 H �)( .4I (5)

Thisexpressioncanberearrangedto give% * 3
� � .� , 0 3 H � H 3 � ��� 9 H � , 3 H 3KJ � H �

J & , 5 � 9 H � 9
J
�)( I
(6)

SettingLM� H * 9 H � and N H
J
* , 5 � 9 H � 9

J
� we get% * 3

� � .� , 0 3 H � H 3 � � � L � H , 3 H � H 3KJ �
J
N H
J
I (7)

This energy function can thereforebe implementedin a
network with recognitionweights, L � H , andsymmetriclater-
al interactions,N H

J
. Thelateralandrecognitionconnections

allow a unit, O , to computehow
%

for the layer below de-
pendson its own stateandthereforethey allow it to follow
thegradientof

%
or to performGibbssamplingin

%
.
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Figure2: A network with lateralconnectionsto handleexplaining
awayeffects.

If we arewilling to useGibbssampling,Seung’s trick al-
lows a properimplementationof factoranalysisin a neural
network becauseit makesit possibleto samplefrom theful-
l covarianceposteriordistribution in the hiddenstatespace.
Seung’s trick canalsobeusedin anRGBN andit eliminates
the mostneurally implausibleaspectof this modelwhich is
thataunit in onelayerappearsto needto sendbothits state�
andthetop-down predictionof its state  � to unitsin thelayer
above. Using the lateral connections,the units in the layer
abovecan,in effect,computeall they needto know aboutthe
top-down predictions.

In computersimulations,we can simply set eachlateral
connectionN H

J
to be ,�T HVU T

J
. It is alsopossibleto learnthese

lateralconnectionsin a morebiologically plausibleway by
driving units in the layer below with unit-varianceindepen-
dentGaussiannoiseandusinga simpleanti-Hebbianlearn-
ing rule. Similarly, a purelylocal learningrule canbeimple-
mentedto learnrecognitionweightsequalto the generative
weights. If units at onelayeraredrivenby unit-variancein-
dependentGaussiannoise,andthesein turndriveunitsin the
layerbelow usingthegenerativeweights,thenHebbianlearn-
ing betweenthetwo layerswill learnthecorrectrecognition
weights(HintonandGhahramani,1997).

Thereis oneremainingdifficulty that is a consequenceof
our decisionto performGibbssamplingon theunrectifieds-
tates. A unit needsto sendits unrectifiedstateto units in
thelayerabove andits rectifiedstateto units in thelayerbe-
low. In the simulationswe report in this paperwe do not
implementRGBNsusing the lateralconnectiontrick or the
more biologically plausiblelearning rules. In anotherpa-
per we have explored the useof lateral connectionsfor in-
ference(as describedhere)and also to inducetopographic
self-organisationof thefeaturesin thehiddenlayer(Ghahra-
maniandHinton,1998).

Discovering disparity in simplified stereopairs
A problemin which discovering the higher order structure
of a datasethaspresenteddifficulties for somepreviousun-
supervisedlearningalgorithmsis the one-dimensionalstere-
o disparity problem(Becker and Hinton, 1992). Consider



a b

Figure3: a Sampledatafrom thesimplifiedstereodisparityprob-
lem. Thetopandbottomrow of eachW�XZY\[ imagearetheinputsto
the left andright eye, respectively. b Sampleoutputsgeneratedby
themodelafterlearning.

a b c

Figure4: Generative weightsof a three-layeredRGBN afterbeing
trainedonthestereodisparityproblem.a Weightsfrom thetoplayer
hiddenunit to the 24 middle-layerhiddenunits. b Biasesof the
middle layer hiddenunits, andc weightsfrom the hiddenunits to
the W]X^Y\[ visiblearray. Notethattheapparenttopographyis dueto
theconstrainedconnectivity betweenhiddenandvisibleunits,nota
resultof thelearningalgorithm.

thefollowing multi-stagegenerativeprocessfor stereopairs.
Randomdots of uniformly distributed intensitiesare scat-
teredsparselyon a one-dimensionalsurface,andthe image
is blurredwith aGaussianfilter. Thissurfaceis thenrandom-
ly placedat oneof two differentdepths,giving rise to two
possibleleft-to-right disparitiesbetweenthe imagesseenby
eacheye. SeparateGaussiannoiseis thenaddedto theimage
seenby eacheye. To avoid problemsaswe scaledtheimage
sizes,weuseda variantof thisgenerativeprocesswith circu-
lar boundaryconditions,alsoknown asthe shifter problem,
andconstantfeaturedensityastheimagesizewasincreased.
Eight exampleimagesgeneratedin this mannerareshown in
figure3a.

We traineda three-layerRGBN consistingof 36 visible u-

nits, 24 units in the middle hiddenlayer and 1 unit in the
top hiddenlayer on the _E` -pixel wide stereodisparityprob-
lem. Eachof the24 hiddenunits in themiddlehiddenlayer
wasconnectedto 9 consecutive visible units from eacheye,
i.e. it had a total of 18 connectionsfrom the layer below.
Neighbouringhiddenunits had overlappingreceptive fields
shiftedby 3 pixels.4 We refer to this architectureasa 1-24-
36 network with fan-in of 18. The network was trainedon
10000imagespicked at randomfrom a training setof 1000
images.For eachimagewe used16 iterationsof Gibbssam-
pling to approximatethe posteriordistribution over hidden
states.Eachiterationconsistedof samplingeveryhiddenunit
oncein a randomorder. The stateson every iterationafter
the4th wereusedfor learning,with a learningrateof 0.1 for
the weights,0.01 for the variancesanda weight decaypa-
rameterof 0.01.Sincethetop level of thegenerativeprocess
makesa discretedecisionbetweenleft and right shifts, we
tried boththeRGBN anda trivial extensionof theRGBN in
which the top level unit saturatesbothat 0 and1. We show
resultsfor this extension,asit gaveslightly cleanerrepresen-
tationsat thetop level. Resultswererelatively insensitive to
otherparametricchanges.

Thirteenof thehiddenunitslearnedto becomelocal right-
disparitydetectors,while theotherelevenbecamelocal left-
disparitydetectors(figure4c). Theunit in thetophiddenlay-
erhaspositiveweightsconnectingit to right disparitydetect-
ing hiddenunits in the layer below, andnegative weightsto
the left disparitydetectors(figure4a). Whenpresentedwith
novel input images,thetop unit hadactivity greaterthan0.5
for 93%of imageswith rightwarddisparityandlessthan0.5
for 95%of imageswith leftwarddisparity. A randomsample
of imagesgeneratedby themodelafter learningis shown in
figure3b.

We now describefour seriesof experimentsaimedat ex-
ploring how learningandinferencescalesin differentarchi-
tecturesappliedto thestereoproblem.

Exp 1: The effectof scalingconnectivity on learning
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Figure5: Percentcorrectdisparityasa function of learningtime
for networkswith differing fan-inand1-48-72architectures.Fan-in
connectingmiddle-level hiddenunitsto thevisible unitswasvaried
from 8 (solid),18 (dashed),36 (dot-dashed)and72(full connectivi-
ty; dotted).Eachcurve is averagedover 5 runs.

The goal of the first experimentwasto determinethe ef-
4Sincethenumberof visibleunitsis always1.5timesthenumber

of hiddenunitsandwe have circularwrap-aroundin theconnectiv-
ity, a shift of 3 ensuresthat the receptive fields wrap aroundeach
retina4 times.



fecton learningof differentconnectivity patterns(i.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 inputs to eachhiddenunit will have.
Second,wewishedto determineanoptimalfan-into beused
in subsequentexperiments.For the1-48-72architecture,we
varied the fan-in between8 (4 connectionsfrom eacheye)
and72(full connectivity). Throughoutlearning,thenetwork-
s weretestedon testsetsof 1000noisy imagesto determine
whetherthe top unit haddiscovereda representationof dis-
parity. Thelearningcurves,measuredby thepercentcorrect
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.This is probablydueto the
fact that thebasiccorrelationlengthof featuresin the image
is on theorderof 2-3 pixels. A fan-inof 8 (4 pixelspereye)
givesa low probability thata hiddenunit will have anentire
featurein its receptive field, while fan-insof 36 and72 will
recult in many featuresin eachhiddenunit’s receptive field,
andthehiddenunit hasto learnto ignoreall but oneof them.
We useda fan-inof 18 for theremainderof theexperiments.

Exp 2: Lar ger imagesimpr ove learning
Thegoalof thesecondexperimentwasto determinetheeffect
of scalingthe numberof visible andhiddenunits. We com-
paredlearningandinferenceon thestereodisparityproblem
in four differentnetwork sizes: 1-12-18,1-24-36,1-48-72,
and1-72-108,all with a fan-inof 18.

Using the samemeasureas in experiment1, we evaluat-
ed learningof disparityfor eachof thesearchitectures.The
resultsclearly indicate that larger networks learn a respre-
sentationof disparity fasterand with a higherperformance
asymptotethansmallernetworks(figure6). This experiment
suggeststhat, for this simplevision problem,increasingthe
network sizeto accommodatea larger imageleadsto faster
ratherthanslower learning.
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Figure6: Percentcorrectdisparityasa function of learningtime
averagedover5 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
measuredby theconvergenceof theactivity of the top layer
unit, for thesedifferentnetwork sizesafter learning.Thetop
unit activity convergedto 0 or 1 morequickly andreliably for
largernetworks,asindicatedby themeanandstandarddevi-
ationof theactivity asa functionof Gibbssamples(figure7).
Sincetheamountof depthinformationis greaterin largernet-
worksthis is not surprising.However, hadwe not foundthis

scalingbehaviour, it wouldhavebeendifficult to justify using
Gibbssamplingin largernetworks.
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Figure7: Meana–d andstandarddeviation e–hactivity of thetop
unit duringGibbssamplingafter learningwhentheclampedimage
hadleftward(solid)andrightward(dashed)disparity;averagedover
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 experimentwas to investigatethe effect of
network depthon learning.We compareda 1-24-36network
with a 0-24-36network, i.e. anidenticalnetwork lackingthe
unit at the top layer. Underonehypothesis,the presenceof
thetop unit shouldslow learningsinceat first it is simply in-
troducingnoiseandspuriouscorrelationsin the layerbelow.
On theotherhand,thenetwork maybeableto usethetop u-
nit to cleanuprepresentationsatthelevelbelow andtherefore
speedlearning.
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Figure8: Averageof 5 runseachof networkswith a top layerhid-
denunit (solid lines)andwithoutone(dashedlines).

To comparethe networks with and without a unit at the
top layer, wecalculatedthepercentof varianceaccountedfor
by thebestlinear reconstructionof thenoise-freefeaturesin
theimagethatcouldbeobtainedfrom themiddlehiddenlay-
er representations.This measureshow faithfully the middle
hiddenunitshavecapturedtheimagefeatures,independently
of the generative weightsfrom hiddento visible units. This
measureincreasedvery rapidly at the beginning of learning
for both typesof networks. After this initial phase,the net-
workswith a tophiddenunit hadaconsistentlybettermiddle



hiddenrepresentationthanthenetworkswithouta tophidden
unit, althoughtheeffectwassmall(figure8).

We alsolookedat networkswith 2 hiddenunits in thetop
layer, but thebehaviour of thesewasnot significantlydiffer-
entfrom networkswith onehiddenunit (datanot shown).

Exp 4: One sub-network can teachanother

Left Eye Input

Right Eye Input

Network A Network B

Layer 1 Hidden Units

Visible Units

Layer 2 Hidden Unit

Figure9: Thedouble-network architecture,with two banksof acb�d
visible units, two banksof eMa first layer hiddenunits,anda single
sharedsecondlayerhiddenunit.

The aim of the last experimentwas to see if connect-
ing a network thathadalreadylearnedto representdisparity
from onepartof theimageto a secondnetwork with random
weightswouldresultin fasterlearningin thesecondnetwork.
We useda doublenetwork architectureconsistingof two 1-
12-18networkssharingthetop hiddenunit, asshown in fig-
ure9. Thetwo networkshadno interconnections(otherthan
the sharedtop unit) andsaw two different imageswith the
samedisparity. We will call onesideof the doublenetwork
the “teacher” and the other side the “student”. We took a
1-12-18network thathadlearneddisparity(the teacher)and
attacheda similar network with randomweights(thestuden-
t). During learning,we comparedthepercentcorrectdispar-
ity inferred underthreeconditions: (1) inferenceusing the
combinedstudent-teachernetwork (solid lines);(2) inference
usingonly thestudentpartof thenetwork (dashedline); and
(3) acontrolin whichthestudentwastrainedonits own with-
out a teacher(figure10). Theresultssuggestthat thestudent
network greatlybenefitsfrom having thetop unit in common
with theteachernetwork.
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Figure10: Thepercentcorrectdisparityfor thecombinedstudent-
teachernetwork (solid lines), for the studenttestedalone(dashed
lines),andfor acontrolnetwork of thesamesizeasthestudent(dot-
ted line). We show all five runsof eachconfiguration(a) and the
averages(b).

Discussion
In this paperwe have shown empirically that increasingthe
width anddepthof a hierarchicalnetwork canresultin faster
learningandinference.To ourknowledge,thisis thefirst sys-
tematicstudyof scalingpropertiesof anunsupervisedlearn-
ing algorithmfor a hierarchicalgenerative model. It is im-
portantnot to overstatethe generalisabilityof theseresult-
s: we have exploreda single learningalgorithmon a single
problem. However, we believe that theseresultsaresignifi-
cantandencouragingfor the following reason:in everyday
perceptionthereis a greatdealof redundancy acrossspace,
time, anddifferentmodalities.Plausiblemodelsof unsuper-
visedlearningin thebrainandsensibleunsupervisedpattern
recognitionsystemsshouldbeableto make gooduseof this
redundancy. Theexperimentsin this paperprovide evidence
thatnonlinearhierarchicalnetworksfit thiscriterion.
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