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Abstract— In-place learning is a biologically inspired concept,
meaning that the computational network is responsible for
its own learning. With in-place learning, there is no need
for a separate learning network. We presentin this paper a
multiple-layer in-place learning network (MILN) for learning
positional and scale invariance. The network enables both
unsupetrvised and supewised learning to occur concurrently.
When supelrvision is available (e.g, from the environment
during autonomousdevelopment), the network performs super
vised learning through its multiple layers. When supevision
is not available, the network practices while using its own
practice motor signal as self-supewision (i.e., unsupervised per
classical de nition). We present principles based on which
MILN automatically develops positional and scale invariant
neurons in different layers. From sequentially sensedvideo
streams, the proposedin-place learning algorithm develops a
hierarchy of network representationsThe global invariance was
achieved thr ough multi-lay er quasi-invariances,with increasing
invariance from early layers to the later layers. Experimental
resultsare presentedto show the effects of the principles.

|. INTRODUCTION

Existingstudyin neuralsciencehasprovidedmuchknowl-
edge about biological multi-layer networks. However, they
have alsoraisedseveralimportantopenissues:

1. Innate orientated edgefeatures?Orientationselectve
cells in cortical areaV1 are well known [11], [29], [12],
[6], but the underlying computationalprinciplesthat guide
their emepgence (i.e., development) are still elusve. Are
cellsin V1 totally geneticallywired to detectorientations
of visual stimuli? This issueis important since the later
layersof network, with their larger receptve elds, needto
detectfeaturesthat are more complex than orientededges,
suchasedgegroupings(T, X, Y, cross,etc), patterns pbject
parts, human faces, etc. A classical study by Blakemore
& Cooper1970 [4] reportedthat if kittens were raisedin
an ervironmentwith only vertical edges,only neuronsthat
respondto vertical or nearly vertical edgeswere found in
the primaryvisual cortex (alsosee morerecentstudiese.g.,
[28] andits review).

2. Developmental mechanisms. If the answerto the
above is negative, what are the possible mechanismghat
lead to the emegenceof the orientationcells in V1? Since
V1 takes input from the retina, LGN, and other cortical
areastheissuepointsto the developmentaimechanismgor
the early multi-layer pathway of visual processingln this
project,we proposentra-layerdevelopmentamechanismss
well as inter-layer developmentalmechanismsThe within-
layer mechanismsare basedon two well-known biological
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mechanismdiebbianlearningandlateral inhibition, but we
further its optimality. The inter-layer developmentaimecha-
nisms specify how information betweenlayers are passed
and used,which enablesboth unsupervisedand supervised
learningto occurin the samenetwork. Of coursethereare
mary othermechanismshatwe do not examinein thiswork,
suchasinternally generategpontaneousignalswhich assist
the developmentof cortical networks beforebirth [26].

3. In-place development. By in-place development,we
mean that the signal processingnetwork itself deals with
its own developmentthroughits own internal physiological
mechanismsand interactionswith other correctednetworks
and, thus, there is no needto have an extra network that
accomplisheghe leaning (adaptation).It is desirablethat
a developmental system uses an in-place developmental
program,dueto its simplicity andbiological plausibility. We
further proposethat biological in-placelearningmechanisms
canfacilitate our understandingf biological systems.

4. Integration of unsupervised and supervisedlearning.
There exist mary learning algorithmsfor self-oiganizinga
multi-layer network that correspondgo a network of fea-
ture detectorsWell known unsupervisedearningalgorithms
include Self-Omganizing Map (SOM) by Kohonen [19],
vector quantization[1], the Principal ComponentAnalysis
(PCA) [17], IndependentComponentAnalysis (ICA) [14],
[16], Isomap[30], and Non-nagative Matrix Factorization
(NMF) [21]. Only a few of thesealgorithms have been
expressedby in-place versions(e.g., SOM and PCA [35]).
Supervisedearningnetworksincludefeed-forward networks
with back-propagatioriearning, radial-basisfunctions with
iterative model tting (basedon gradientor similar princi-
ples),Cascade-CorrelatidnearningArchitecture[7], support
vector machines(SVM) [5], and Hierarchical Discriminant
Regression(HDR) [13]. However, it is not corvincing that
biological networks used two different types of networks
for unsupervisednd supervisedearning,which may occur
concurrentlyin the processof development.Currently there
is a lack of biologically inspired networks that integrate
thesetwo different learning modesusing a single learning
algorithm.

5. Invariant representation.HubelandWiesel[11], [10]
suggesteckarly that a logic-OR type of learningfor edges
presentedat different positionsin the receptve eld might
partially explain how positionalinvariancemay arisein V1.
Studieshave shavn thata normally developedhumanvisual
systemhassomecapabilities,but are not perfect,in transla-
tional invariance(see,e.g.,[24]), scaleinvariance(see,e.g.,
[20Q]), or orientationalinvariance(see,e.qg.,[31]). Therefore,
it seemsbiologically incorrect, even though convenientto
engineeringto imposestrict invariancein position,scale,or



orientation.From the developmentalpoint of view, suchan
imposition will signi cantly restrict the systems$ ability to
learnother perceptuakkills. For example,whena squareis
rotatedby 45 degrees,the shapeis called a diamond;and
the number6 rotatedby 180 degreesis called 9.

Somenetworks have built-in (programmed-injnvariance,
either spatial, temporal or some other signal properties.
Neocognitronby Fukushimal980 [9] is a self-omanizing
multi-layered neural network of pattern recognition unaf-
fectedby shift in position Cresceptrorby Wenget al. 1997
[34] hasan architectureframevork similar to Fukushimas
Neocognitronwhile its neural layers are dynamically gen-
eratedfrom sensingexperienceand, thus, the architecture
is a function of sensorysignals The abose two networks
have built-in shift-invariancen thatweightsarecopiedacross
neuronsenteredat differentretinal positions However, other
typesof spatialinvariance,suchassize, style, and lighting,
have to be learnedobject-by-object(no sub-partinvariance
sharing). Detection of objects using motion information
belongsto built-in invariancebasedon temporalinformation.
Many other built-in signal propertieshave been used to
develop quasi-irvariantfeaturedetectorssuchascolor (e.g.,
human skin tones), salieng, slowv in response(e.g., slov
featureanalysis[27]) andthe independencéetweennorms
of projectionson linear subspace§l5].

Other networks do not have built-in invariance. The
required invariance is learned object-by-object. The self-
organizing maps (SOM) proposedby Teuwo Kohonenand
mary variants [19] belong to this cateyory. The Self-
organizing Hierarchical Mapping by Zhang & Weng 2002
[36] was motivated by representationcompletenessising
incrementalprinciple componentanalysisand shoved that
theneuralcodingcanreconstructhe original signalto alarge
degree.Miikkulainenetal. 2005[23] have developeda multi-
layer network with nearbyexcitory interactions surrounded
by inhibitory interactions There have been mary other
studieson computationamodelingof retinotopicnetworkst
(e.g., von der Malskurg 1973 [32]; Field 1994 [8]; and
Obermayeret al. 1990 [25]). While this type of network
hasa superiordiscriminationpower, the numberof samples
neededo reachdesiredinvarianceis very large.

The work reportedhereproposesa new, general-purpose,
multi-layer network, which learnsinvariancefrom experi-
ence. The network is biologically inspired (e.g., in-place
learning), but is not necessarilybiologically fully provable
at the currentstageof knowledge.The network hasmultiple
layers laterlayerstake theresponsdrom earlylayersastheir
input. Althoughit is not necessarilyhatlaterlayersonly take
input from its previous layer, we usethis restrictionin our
experimentto facilitate understandingThe network enables
supervisionfrom two types of projections:(a) supervision
from the next layer, which also receve supervisionrecur
sively from the output motor layer (the last layer for motor
output); (b) supervisionfrom other cortical regions (e.g.,

1Eachneuronin the network corresponddo a locationin the receptor
surface.

motor layer) as attentionselectionsignals. The network is

self-omganizedwith unsupervisedsignals (input data) from

bottom up and supervisedsignals (motor signals, attention
selection.etc.) from top down. Every layer hasthe potential
to develop invariance,with a generallyincreasednvariance
at later layers, with supportof lesserinvariancefrom early
layers.

In what follows, we rst presentthe network structurein
Section Ill. Then,in Sectionlll, we explain the in-place
learning mechanismwithin eachlayer. SectionlV explains
how invarianceis learned by the same in-place learning
mechanismwhile supervisionsignalsare incorporated Ex-
perimental examples that demonstratethe effects of the
discussedrinciplesare presentedn SectionV. SectionVI
provides someconcludingremarks.

Il. THE IN-PLACE LEARNING NETWORK

This sectionpresentsthe architectureof the new Multi-
layer In-place Learning Networks (MILN).

The network takes a vector as input (a set of receptors).
For vision, the input vector correspondgo a retinal image.
For example,the input at time t can be an image frame at
time t, or the few last consecutie framesbeforetime t, of
imagesin a video stream.Biologically, eachcomponentin
theinput vectorcorrespondso the ring rateof the receptor
(rod or cones)or the intensity of a pixel.

The output of the network correspondgo motor signals.
For example,eachnodein the output layer correspondso
the control signal (e.g.,voltage)of a motor Mathematically
thiskind of network thatproducesiumericalvectoroutputsis
calledregressorThis network canalsoperformclassi cation.
For example, the numberof nodesin the output layer is
equalto the numberof classesEach neuronin the output
layer correspondgo a different class.At eachtime instant
t, the neuronin the output layer that hasthe highestoutput
corresponddgo the classthat hasbeenclassi ed.

The architectureof the multi-layer network is shavn in
Fig. 1. For biological plausibility, assumethat the signals
throughthe lines are non-n@ative signalsthat indicate the

ring rate. Two typesof synapticconnectionsare possible,
excitatory andinhibitory.

This is a recurrentnetwork. The outputfrom eachlayeris
not only usedasinput for the next layer, but is alsofeedback
into otherneuronsn the sameéayerthroughlateralinhibition
(dashedinesin the gure). For eachneuroni, atlayerl, there
arethreetypesof weights:

1) bottom-up (excitatory) weight vector wy, that links

input lines from the previouslayerl 1 to this neuron;
lateral (inhibitory) weightw, thatlinks otherneurons
in the samelayer to this neuron.

top-downn (excitatory or inhibitory) weightw;. It con-

sistsof two parts:(a) the partthatlinks the outputfrom

the neuronsin the next layer | + 1 to this neuron.(b)

The partthatlinks the outputof otherlayer processing
areas(e.g.,othersensingmodality) or layers(e.g.,the

motorlayer) to this neuroni. For notationalsimplicity,

2)

3)



l From other areas

Sensory Output to
input motors
Layer O Layer 1 Layer 2 Layer 3
Fig. 1. The architectureof the Multi-layer In-place Learning

Networks.A circleindicatesacell (neuron).Thethick segmentfrom
eachcell indicatesits axon. The connectionbetweena solid signal
line and a cell indicatesan excitatory connection.The connection
betweena dashedsignal line and a cell indicatesan inhibitory
connection. Projection from other areas indicates excitatory or
inhibitory supervisionsignals(e.qg., excitatory attentionselection).

we only considerexcitatory top-dovn weight, which
selects neurons selectedto increasetheir potential
values. Inhibitory top-dovn connectioncan be used
if the primary purposeis inhibition (e.g., inhibition
of neuronsthat have not been selectedby attention
selectionsignals).

Assume that this network computesin discrete times,
t = 0;1;2;:::, as a seriesof open-endeddevelopmental
experienceafter the birth attime t = 0. This network incor-
poratesunsupervisedearning and supervisedearning. For
unsupervisetearning,the network producesanoutputvector
at the outputlayer basedon this recurrentcomputation.For
supervisedearning, the desiredoutput at the output layer
attime t is set(imposed)by the externalteacherat time t.
Becausethe adaptationof eachneuronalso usestop-dovn
weights, the imposedmotor signal at the output layer can
affect the learningof every neuronthroughmary passesf
computations.

I11. IN-PLACE LEARNING

Let usconsidera simplecomputationamodelof a neuron.
Consideraneuronwhichtakesn inputs,x = (X1;X2;:::; Xn).
The synapticweightfor x; isw;, i = 1;2; ;n. Denoting
the weight vectorasw = (wy; wy; :::wp), the responsenf a
neuronhasbeenmodeledby:

y = g(wiXs + WoXa +  + WnXn) = g(W X);

@)

where g is its nonlinear sigmoidal function, taking into
accountundersaturation(noise suppression)transition,and
oversaturationand denotesthe dot production.Next, we

discussvarious types of algorithms that learn the weight
vectorw andthe sigmoidalfunction g.

A. Learningtypes

To betterunderstandhe natureof learningalgorithms,we
de ne ve typesof learningalgorithms:

Type-1batch: A batchlearningalgorithmL ; computesy
andw using a batchof vectorinputsB = fXy;X2;:::; Xp0,
wherebis thebatchsize.Thatis, (g;w) = L1(B), wherethe
argumentB is the input to thelearnerL 1, andtheright side
is its output. This learningalgorithmneedsto storean entire
batchof input vectorsB beforelearningcantake place.

Type-2 block-incrementat A type-2 learningalgorithm,
L., breaksa seriesof input vectorsinto blocks of certain
sizeb (b> 1) and computesupdatesncrementallybetween
blocks.Within eachblock, the processingy L , is in abatch
fashion.The Type-3 algorithm below explains how to learn
incrementallywith block sizeb= 1.

Type-3 incremental Each input vector must be used
immediatelyfor updatingthe learners memory(which must
not store all the input vectors) and then the input must
be discardedbeforereceving the next input. Type-3is the
extreme caseof Type-2in the sensethat block sizeb = 1.
At time t, t = 1,;2;::, taking the previous learnermemory
M (t D andthe currentinput x, the learningalgorithmL 3
updatesM ¢ D into M®: M® = LyM{ D:x,). The
learnermemoryM () is neededo determinethe neuronN at
timet, suchasits sigmoidalg(") andits synaptioweightw (%)
It is widely acceptedhat every neuronlearnsincrementally

Type-4 covariance-freeincrementat A Type-4learning
algorithmL 4 is a Type-3algorithm,but, it is not allowed to
computethe 2nd or higherorder statisticsof the input x. In
other words, the learners memoryM () cannotcontainthe
secondorder(e.g.,correlationor covariance)or higherorder
statisticsof x. The CCI PCA algorithm([35] is a covariance-
free incrementallearningalgorithm for computingprincipal
componentsas the weight vectorsof neurons.

Type-5 in-place neuron learning: A Type-5 learning
algorithmL s is a Type-4 algorithm, but further, the learner
L s mustbe implementedy the signalprocessingieuronN
itself.

The ve types of algorithms have progressiely more
restrictve conditions, with batch (Type-1) being the most
generaland in-place (Type-5) being the most restrictie. In
this work, we dealwith Type-5(in-place)learning.

B. Recurent Network

Considera more detailedcomputationaimodel of a layer
within a multi-layer network. Supposehe input to the corti-
callayerisy 2 Y, theoutputfrom earlyneuronaprocessing.
However, for arecurreninetwork, y is nottheonly input. All
theinputto a neuroncanbe dividedinto threeparts:bottom-
up input from the previouslayery which is weightedby the
neurons bottom-upweight vector wy,, lateral inhibition h
from other neuronsof the samelayer correspondingvhich
is weightedby the neuronslateralweightvectorwy, , andthe
top-downn input vectora which is weightedby the neurons



top-donvn weight vectorw . Therefore the response from
this neuroncan be written as

h+w; a):

)

Since this is a recurrent network, the output from a
neuronwill be further processedy other neuronswhose
responsewill be fed back into the sameneuronagain. In
real-timeneuralcomputationsucha processwill be carried
out continuously If the input is stationary an equilibrium
canpossiblybe reachedwvhenthe responseof every neuron
is no longer changed However, this equilibrium is unlikely
evenif theinputis staticsinceneuronsare band-passiters:
A temporallyconstantinput to a neuronwill quickly leadto
a zeroresponse.

For digital computey we simulatethis analoguenetwork
throughdiscretetimest = 0;1; 2; :::. If thediscretesampling
rateis muchfasterthanthe changeof inputs,sucha discrete
simulationis expectedto be a good approximationof the
network behaior.

z=9gWp Yy Wy

C. Lateral inhibition

For simplicity, we will rst considerthe rst two parts
of input only: the input from the previous layery, andthe
lateralinhibition part from h.

Lateral inhibition is a mechanismof competitionamong
neuronsn the samelayer. The outputof A is usedto inhibit
the output of neuronB which sharesa part of the receptve
eld, totally or partially, with A.

Since eachneuronneedsthe output of other neuronsin
the samelayer and they also need the output from this
neuron,a direct computationwill require iterations,which
is time consuming.We realize that the net effect of lateral
inhibition is (a) for the neuronswith strong outputs to
effectively suppressweakly respondingneurons,and (b)
for the weak neuronsto less effectively suppressstrongly
respondingieuronsThereforewe canusea computationally
more effective schemeto simulatelateral inhibition without
resortingto iterations: Sort all the responsesKeep top-k
respondingneuronsto have non-zeroresponse All other
neuronshave zero responseg(i.e., doesnot go beyond the
undersaturationpoint).

Next, considerinput party.

D. HebbianLearning

A neuronis updatedusing an input vectoronly whenthe
(absolute)responseof the neuronto the input is high. This
is called Hebbians rule.

The rule of Hebbianlearningis to updateweightswhen
output is strong. And the rule of lateral inhibition is to
suppresseighborswhen the neuronoutputis high. Fig. 2
illustratesthe lateralinhibition and Hebbianlearning.In the
gure, hollow trianglesindicate excitatory connectionsand
the solid trianglesindicateinhibitory connections.

However, this intuitive obsenationwill notleadto optimal
performanceWe needa more careful discussionaboutthe
statistical propertiesof neural adaptationundertwo mech-
anisms: lateral inhibition and Hebbian learning. With our

Lateral
inhibition

Hebbian
learning

Fig. 2.
Learning

Neurons adapt using lateral inhibitions and Hebbian

furtherderivation,the lateralinhibition andHebbianlearning
will take a detailedform that leadsto a quasi-optimality

E. Lobe components

What is the main purposeof early sensoryprocessing?
Atick and coworkers [2], [3] proposedthat early sensory
processingdecorrelatesnputs. Weng et al. [35] proposed
an in-place algorithm that developsa network that whitens
the input. Therefore,we can assumethat prior processing
hasbeendone so that its outputvectory is roughly white.
By white, we meanits componentshave unit varianceand
are pairwise uncorrelatedIn the visual pathway, the early
cortical processingdoesnot totally whiten the signals, but
they have similar varianceand are weakly correlated.The
samplespaceof a k-dimensionalhite input randomvector
y canbe illustratedby a k-dimensionalhypersphere.

A concentrationof the probability density of the input
spaceis called a lobe, which may have its own ner
structure (e.g., sublobes).The shapeof a lobe can be of
ary type, dependingon the distribution. For non-neyative
input componentsthe lobe componentdie in the section
of the hyperspheravhere every componentis non-ngjative
(correspondingo the rst octantin 3-D).

Given a limited cortical resourcegc cells fully connected
to input y, the developing cells divide the samplespaceY
into ¢ mutually nonoverlappingregions, called lobe regions

®3)

(where[ denotesthe union of two spaces)Eachregion R;

is representedby a single unit featurevectorv;, calledthe
lobe componentGiven aninputy, mary cells, not only v,

will respond.The responsepatternforms a new population
representatiorf y.

Supposethat a unit vector (neuron)v; representsa lobe
region R;. If y belongsto R;, y canbe approximatedy v;
asthe projectionontovi:y ¢ = (y Vi)vi. Supposehe
neuronv; minimizesthe meansquareerror Eky  ¢k? of
this representationvheny belongsto R;.

Accordingto the theoryof Principal ComponentAnalysis
(PCA) (e.g.,se€[17]), we know thatthe bestsolutionof col-
umnvectorv; is the principal componenbf the conditional
covariancematrix y;;, conditionedon y belongingto R;.
Thatis v; satises .1vi =

Y=Ri[ Ro[ [ Re;

y;i Vi



Replacing y;; by the estimatedsamplecovariancematrix
of columnvectory, we have

1 X
o @ viy@®: 4

t=1

i1V 1 yy®) v =
t=1

We canseethatthe bestlobe componentectorv;, scaledby
“enemy estimate”eigervalue .1, canbe estimatedby the
average of the input vectory (t) weightedby the linearized
(without g) responsey/ (t) v; wheneery(t) belongsto R;.
This averageexpressions crucial for the conceptof optimal
statisticalef ciency discussedelow.

The conceptof statistical ef ciency is very useful for
minimizing the chanceof falseextremaandto optimizethe
speedto reachthe desiredfeature solution in a nonlinear
searchproblem. Supposethat there are two estimators ;
and », for a vector parameter(i.e., synapsesr a feature
vector) = ( 1;:; k), which are basedon the sameset
of obsenationsS = fx1;Xz;:::; Xng. If the expectedsquare
errorof 1 is smallerthanthatof , (i.e., Ek ; kZ <
Ek » k?), the estimator ; is more statisticallyef cient
than 5. Given the sameobsenations,amongall possible
estimatorsthe optimally ef cient estimatorhasthe smallest
possibleerror. The challengeis how to corvert a nonlinear
searchprobleminto an optimal estimationproblemusingthe
conceptof statisticalefciency.

For in-placedevelopmentgachneurondoesnot have extra
spaceo storeall thetrainingsamplesy/ (t). Insteadjt usesits
physiologicalmechanismso updatesynapsesncrementally
If thei-th neuronv;(t 1) attimet 1 hasalreadybeen
computedusingprevioust 1inputsy(1);y(2);:5y(t 1),
theneuroncanbeupdatednto v; (t) usingthecurrentsample
de ned from y(t) as:

(= Y@ vitt 1)
YT kvt DK

Then Eq. (4) statesthat the lobe componentvector is
estimatedby the average:

y(0): (5)

1 X
i1Vi - Xt:
n t=1

(6)

Statisticalestimationtheory revealsthat for mary distri-
butions (e.g., Gaussianand exponential distributions), the
samplemeanis the mostef cient estimatorof the population
mean(see,e.g., Theorem4.1, p. 429-4300f Lehmann[22]).
In other words, the estimatorin Eq. (6) is nearly optimal
given the obsenations.

F. To deal with nonstationaryprocesses

For averaging to be the most efcient estimatoy the
conditionson the distribution of x; aremild. For example X
is a stationaryprocesswith exponentialtype of distribution.
However, x; dependson the currently estimatedv;. That
is, the obsenationsx; arefrom a nonstationaryprocessin
general,the environmentsof a developing systemchange
over time. Therefore,the sensoryinput processis a non-
stationaryprocesstoo. We usethe amnesicmeantechnique

belon which gradually“forgets” old “obsenations” (which
use bad x; whent is small) while keepingthe estimator
guasi-optimallyef cient.

The meanin Eq. (6) is a batch method.For incremental
estimation,we usewhat is called an amnesicmean[35].

Mx(t D 4 1%(’[))“ @)

where (t) is theamnesidunctiondependingnt. If 0}
the above givesthe straightincrementalmean.The way to
computea meanincrementallyis not new but the way to

usethe amnesicfunction of n is new for computinga mean

incrementally
8

x(® =

<0 if t t1;
(t) = . C(t tl):(tz tl) ifti1 <t ty; (8)
ToCctH (t ty)=r if to < t;

in which, e.g.,c = 2;r = 10000 As can be seenabove,
(t) hasthreeintervals.Whent is small, straightincremental
averagels computedThen, (t) change$rom 0to 2 linearly
in thesecondnterval. Finally, t enterghethird sectionwhere
(t) increasesat a rate of about1=r, meaningthe second
weight(1+ (t))=tin Eq. (7) approaches constantl=r, to
slowly tracethe slowly changingdistribution.

G. Singlelayer: In-place learning algorithm

We modelthe developmentadaptationpf anareaof corti-
cal cells(e.g.,acorticalcolumn)connectedy a commonin-
putcolumnvectory by thefollowing CandidCovariance-free
IncrementalL.obe ComponentAnalysis(CCI LCA) (Type-5)
algorithm, which incrementallyupdatesc such cells (neu-
rons) representecby the column vectorsv{"; v v
from input samplesy (1);y(2);::: of dimensionk without
computingthe k  k covariancematrix of y. The length of
theestimatedy;, its eigervalue,is the varianceof projections
of the vectorsy(t) onto vi. The output of the layer is
the responsevectorz = (z1;z2;::;; z¢). The quasi-optimally
efcient, in-placelearning,singlelayer CCI LCA algorithm
z = LCA(y) is asfollows:

1) Sequentiallyinitialize ¢ cellsusing rst ¢ obsenations:
v§°) = y(t) and set cell-updateage n(t) = 1, for
t= 1,2 cC

2) Fort=c+ 1;c+ 2;::, do

a) If the outputis not given, computeoutput (re-

sponseor all neurons:For all i with1 i ¢,
computeresponse:
I
(t n’
y(®) vi :
Zi=6 “71)'_ 9)
kv;" “k3=2

The denominatorkv' Yk32 in the above ex-
pressions suchthatthe standarddeviation of the
rst termis unit. Thus, g (x) cantake the same
form for all the neurons:

1

Tre @ D (10)

g(x) =



Someusefulvaluesof this functionsare: g(0) =
0:018 g(0:5) = 0:12, g(1) = 0:5, g(1:5) = 0:88,
g(2) = 0:982andg¥1) = 1.

b) Simulatinglateral inhibition, decidethe winner:
j = agmax; i fzg, usingz asthe belong-
ingnessof y(t) to R;.

c) Updateonly the winner neuronv; usingits tem-
porally scheduledplasticity:

vj(t) = wlvj(t

wherethe scheduledplasticity is determinedby
its two age-dependemnteights:

Y+ wazy (1)

nG) 1 (n()) 1+ (n(j))
Wy = . W = ———
' n() n()
withwi+w, 1. Updatethe numberof hits (cell

age)n(j) only for thewinner:n(j) n(j)+ 1
d) All other neuronskeep their ages and weight

unchangedforall 1 i ¢ i 6 j,v" =

NaE

The neuron winning mechanismcorrespondsto the well
known mechanisntalledlateralinhibition (see,e.g.,Kandel
et al. [18] p. 4623). The winner updatingrule is a computer
simulationof the Hebbianrule (see,e.g.,Kandelet al. [18]
p.1262). Assumingthe plasticity schedulingby w; andw;
are realizedby the geneticand physiologic mechanismsf
the cell, this algorithmis in-place.

Insteadof updatingonly top-1 neuron,using biologically
moreaccuraté'soft winners”wheremultiple top (e.g.,top-k)
winnersupdate,we have obtainedsimilar results.

IV. MULTI-LAYER NETWORK

Next, we discussmulti-layer networks. Given eachinput
y(t), the single-layer CClI LCA algorithm automatically
generates representatiothroughits outputvector

As we discussecdearlier object-by-objectlearningis ef-
fective to learninvariancein a globalway. However, it does
not provide a mechanismthat enablesthe sharingof local
invarianceor parts.

A. Supervision

Without the top-down part, the algorithmdiscussedbove
conductsunsupervisedearning. However, invarianceis ef-
fective under supervision.For example, different positions,
scalesof an object part can be learnedby the sameset of
neuronsat a certainlayer if some“soft” supervisionsignal
is availableat thatlayer. Then,at the outputlayer, the global
invariancecan be more effectively achieved and using fewer
exampleshy takingadwantage®f localinvariancedeveloped
by neuronsin the earlier layer. The key is how to provide
such“soft” supervisionsignalsat early layers.

Revisit the the top-down partin the expressionin Eg. (2),
which requires responsefrom later processing.However,
for digital networks, the output from later layers for the
currentinput is not available until after the current layer
hascomputed Assumingthatthe network sampleghe world
at a fast paceso that the responseof eachlayer doesnot

From other area

O X O

Layer I-1 |

+1

Fig. 3. The bottom-up projection and top-davn projection of a
neuronat layer .

changetoo fast comparecdto the temporalsamplingrate of
the network, we canthenusethe outputfrom the laterlayers
att 1 asthe supervisionsignal. Denoting the response
vector at layer | at time t to be vectory(!)(t) andits i-th
componento beyi(') (t), we have the modelfor computation
of this supervisec&aindunsupervisedetwork, for eachneuron
i atlayerl:

yt) = ¢ (wp vy V() 1):

Note that the i-th componentin wy, is zero, meaningthat
neuroni doesnot usethe responseof itself to inhibit itself.

In other words, the output from the later layersa can
take the previousonea(t 1). Usingthis simplemodel,the
belongingnesgan take into accountnot only unsupervised
belongingnesof y(' 1 (t) but also the supervisedbelong-
ingnessenabledby a(t 1). For example,whenthe ring
neuronsat a layer fall into the receptve eld selectedby
the attention selectionsignal representedoy a(t 1), its
belongingnesds modi ed dynamically by the supervised
signala. Therefore the region that belongsto a neuroncan
be a very complex nonlinear manifold determinedby the
dynamicsupervisiorsignal(e.g.,attention),achiezing quasi-
invariancelocally within every neuronof early layersand
global invarianceat the outputlayer.

The next key issueis whetherthe single-layerin-place
learningalgorithm can be directly usedwhen the top-davn
part w; a(t 1) is incorporatedinto the input of every
neuron.Let us discusstwo casesfor the top-dovn factora
and its weight vector w;, as shavn in Fig. 3: (a) The part
that correspondso the outputfrom the next layer. Sincethe
fan-outvectorw; from neuroni correspondgo the weight
vectorlinking to a, theinnerproductw; a directly indicates
how muchthe currenttop-dovn part superviseghe current
neuroni. (b) The part that correspondgo the output from
other areas.Again the correspondingpart in the top-dovn
factorw; indicateshow the supervisionshouldbe weighted
in w; a. In summary by including the supervisionpart a,
the single-layerin-place learning algorithm can be directly
used.

With the top-davn projection ai(t Y the Eqg. (9) should
be changedo:

wh yO ) + we a(t

(t 1)
1) v,
zZi =g yi(()t o—+w Y At Y (12)
kv;~ k32
wherew!" ¥ is the fan-outvectorof neuroni anda ¥ is

i i
the top-dowvn projectionvector Whenwe computethe fan-



Fig. 4. The3 3 neighborof the winner Ag.o for updating.

out vector from the fan-in vector of the next layer, usethe
normalizedversionsof all fan-invectorssothattheir lengths
areall equalto one.

B. Multiple layers

The following is the multi-layer in-place learning algo-
rithm z(t) = MILN (x(t)). Supposethat the network hasl
layers.

MILN Learning: Initialize the time t = 0. Do the
following forever (development),until power is off.

1) Grabthe currentinput framex(t). Letyg = x(t).

2) If the currentdesiredoutput frame is given, set the
outputat layerl, y,  z(t), asgiven.

3) Forj = 1;2;:::;1, run the LCA algorithmon layerj,
y; = LCA(y; 1), wherelayerj is alsoupdated.

4) Produceoutputz(t) = y;;t t+ 1.

C. Topagraphic map

In theabove discussionthe neuronscanresideat any loca-
tionsandtheirlocationsareindependenof theirweights.The
concepbf topographianapis thatneuronghatdetectsimilar
featuresare nearby This property is importantfor cortical
modularization in the sensethat the responsegor similar
inputsappeamearbyin cortical area,naturallyforming what
is called“modules”foundin the brain: a certaincortical area
is responsiblefor detectinga classof objects(e.qg., faces).
Topographianapfacilitatesgeneralizatiorbecausesimilarity
of inputsis translated(mapped)into proximity in cortical
locations.

To form a topographic cortical map, we assumethat
neuronslie in a 2-D “cortical” surface S. The topographic
map can be realizedby updatingnot only the winner Ag.o
at location (0;0) in S but alsoits 3 3 neighborsin S, as
shavn in Fig. 4. The weights for updatingneuronA(i; j)
was computedas follows:

Wi; = e % ;wheredy = i?+ 2 (12)
This weight modi es w, in the CCI LCA algorithmthrough
a multiplication, but the modi ed w; and w, still sumto
one.Thisis called3 3 update.

D. Spasecoding

Sparse-codingg] is aresultof lateralinhibition. It allows
relatively few winning neuronsto re in orderto disregard

lessrelevant feature detectors.Therefore,the resulting rep-

resentationis local (small responseregion) which in turn

requiresonly local connectionsvith the help of atopographic
map.

In the algorithm, we only allow k neuronsin eachlayer
to have non-zeroresponseThe outputof thetopi-th ranked
neuron has a responsez® = X ,i("l z, if i < k, where
z is the original responseAll other neuronswith i k
are suppressedo give zero responsesThis is called topk

response.

V. EXPERIMENTAL EXAMPLES

MILN presentedhbore is an enginefor incrementalcor-
tical development.For sensoryprocessing,it requiresan
attention selectionmechanismthat restrictsthe connection
rangeof eachneuronso that the network canperformlocal
feature detectionfrom the retinal image, as was done by
Zhang & Weng[36]. The addition of attentionmechanism
is our plannedfuture work. Without local analysis,MILN
performs global feature-basednatching, which should not
be expectedto outperformother classi ers with local fea-
ture analysisin, e.g.,characterecognition.However, hand-
written charactersare good for visualizing the invariance
properties of the network becausethe lobe components
indicatethe correspondinglassclearly.

A. A simplethree-classexample

The main purposeof this exampleis to facilitate under
standing.For this example, the input imagesare classi ed
into 3 classesX, Y, Z. For clarity, we collectedtwo small
setsof training samplescontaining27 samplesn each.The
shift setandscalesetmainly shav variationsin shifting and
in scaling,respectiely, asshovn in Fig. 5 (a) and(b). MILN
deals with other types of variations as well, as indicated
in thesetwo datasets,becauseMILN doesnot model ary
particulartype of variation. This is a very importantproperty
of a task-nonspeci cdevelopmentalprogram[33].

(@)

(b)

Fig. 5. Two setsof inputswith mainly (a) position variation and
(b) size variation.



It is important to note that a 2-layer network with a
sufcient number of neuronsin both layers is logically
sufcient to classify all the training samples,accordingto
the nearesneighborrule realizedby the CCI LCA algorithm
using the top-1 winner. However, this is not an interesting
caseln practice the numberof neuronss muchsmallerthan
the numberof sensedsensoryinputs.

Then,whatarethe majorpurpose®f a hiddenlayer?With
attentionselectionand differentreceptie elds in the early
layers, a later hidden layer is able to recognizean object
from its parts.If the earlierlayershave developedinvariant
features,a later hiddenlayer is able to recognizean object
from its invariant partsdetection.

Therefore,in the experimentconductedhere,our goal is
not to perform perfectclassi cation, but rather to visualize
the effects of the introducedmechanismsOnly whenthese
effectsarewell understoodcanwe understandhe prosand
consof the introduceddevelopmentaimechanisms.

In this example, we rst decidedthe network has two
layers.The numbersof neuronsfrom layer 1 throughlayer
2 are3 3 = 9 and 3, respectirely. The supervision
signalsfor the outputlayerare(1; 0; 0), (0; 1; 0) and(0; 0; 1),
respectiely. The numberk is setto 3 atlayer1, sothatthe
rst layer has3 non-zero ring neurons.The 27 samplesn
eachsetwerereusedl000timesto form along input stream.

Fig. 6 givesthedevelopedweightsof the rst level neurons
on thesetwo differenttraining sets.Speci cally, Fig. 6 (a)
gives the results on position variation and Fig. 6(b) gives
the resultson size variation. In the developmentof neurons,
unsupervisedearningis usedin layer1 andthe supervised
methodis usedin layer2. Furthermoreall methodsusethe
top-1 update.

(@) (b)

Fig. 6. The weight vectors (lobe components)of the layerl
neurons,with unsupervisedayerl. All usethe top-1 update.(a)
Positionvariation. (b) Size variation.

It can be obsened from Fig. 6 that each neuron may
averagea few nearestsamples(in the innerproductspace),
basedon top-1 competition.From Fig. 6, we can seethat
a lobe componentmight average samplesfrom different
classesln otherwords,the region alobe componenbelongs
to may containsampledrom differentclassesTheinvariance

is achieved from case-basednapping:the respondinglobe
componenfrom layer1 is mappedto the noderepresenting
the correspondinglassin layer2.

Fig. 7 gives the sameinformation as Fig. 6, except that
supervisedlearning is also usedin layerl. We can see
that with supervision,the lobe componentsn layerl are
more likely to be “pure; averaging only samplesfrom
the sameclass.Of course,the “purity” is not guaranteed,
dependingon mary factorsincludingthe numberof neurons.
In other words, manifold of the regions tendsto cut along
the boundary of output class, a conceptof discriminant
features.Thus, the lobe componentdake into accountboth
unsupervisedearning(to representhe input spacewell for
informationcompletenesswell assupervisedearning(to
give higherresourceto discriminantfeatures).

(@) (b)

Fig. 7. The weight vectors (lobe components)f the rst level
neurons,with supervisedlayerl. All use the top-1 update.(a)
Positionvariation. (b) Size variation.

Fig. 8 shaws the effect of 3 3 updating.All the other
settingsare the sameas before. First, comparedto 1 1
updating,3 3 updatinghasa tendeng to smoothacross
samples,as we expected.However, the near featureslook
similar. In this experiment,the order of the samplesin the
training set help to self-oganize. Furthermore,it can be
obsened that by incorporatingsupervisionin layerl, the
lobe componentsn layer1 tendto be more “pure’

(@) (b)

Fig. 8. The weight vectors (lobe components)f the rst level
neurons,with 3 3 updating, using the training set that mainly
shaws potion variation. (a) Unsupervisedearningin layerl. (b)
Supervisedearningin layer1.



Fig. 9 shaws the effect of a 3-layernetwork. Layer1 and
layer2 have 9 neuronseach, and layer3 has 3 neurons.
All layers use supervision. Speci cally, layer3 receves
supervisionfrom the desired (1,0,0), (0,1,0), and (0,0,1)
output,layer2 receves supervisionfrom layer3, andlayer
1 receves supervisionfrom layer2. Top-1 updatewas used
for all of the layers.Layer1 usestop-3responsendlayer2
usestop-1 responseFig. 9(c) shavs multi-layer responses
for a giveninput “Y.”

As we cansee,eachlayer?2 featureis a weightedsum of
layer1 neuronswhich givesa mechanisnof compositionof
objectsby parts,provided that layer1 featuresare localized
(which is not true in this example as explained earlier).
However, thereis no compelling reasonto believe that 3-
layer MILN will leadto a betterrecognitionrate for global
matching(which is not the caseof compositionby parts).

@) (b)

Layer-1 Layer-2 Layer-3
—H—HN—.
N J
Output
(©)

Fig.9. 3-layerMILN. (a) Lobe componentst layerl. (b) Layer2
featuresshavn asthe sumof lobe componentst layer1 weighted
by the connectiongrom layer1 to layer2. (c) An exampleof multi-
layer responsegor a given input.

Input

Fromtheimagesof the neuronalsynapsesye canseethat
the classi cation, and thus invariance,requirescooperation
betweenneuronsat differentretinal positionsand layers.

B. Topographic maps

We usedthe MNIST databasef handwrittendigits avail-
able from http://lyann.lecun.comselb/mnist/ to show the
effect of the topographicmap. The datasethas 10 classes,
from “0” to “9”. The MNIST databaseavas collectedamong
the CensusBureauemployeesandhigh-schoolstudentswith
60000training samplesThe size of imagesin this database
is 28 28 pixels. All imageshave alreadybeentranslation-
normalized,so that eachdigit residesin the centerof the
image.Fig. 10 shavs someexamples.

The MILN network adoptedhas three layers. The rst
layerhas20 20= 400neuronsandits k is setto 40. The

Fig. 10. Someexamplesof the MNIST training data.

secondlayerhas10 10= 100 neuronswith k = 10. The
third layer has 10 neurons.In the training stage,the signal
of the third output layer was imposedby the given class
information.In the testingstage the neuronof thethird layer
with largestoutput givesthe recognizedclassidenti cation.
Fig. 11 shavs neuronsof layer1 trainedby the training set.
The gure demonstrateshat the lobe componentsepresent
featuresthat run smoothlyacrossthe 2-D “cortical” surface
S, andis somavhat groupedtogetherexcepting“4” grouped
into two mainsets.Thatis, within-classvariationis naturally
organizedacrossa small neighborhoodn oneor few regions
in the 2-D spaceS and different classesare imbedded
seamlesslynto this 2-D “cortical” space.

Fig. 11. Thetopographicmaptrainedfrom hand-writtennumerals.

This experimentalso shavs somethingvery importantfor
developmentin the naturalworld: the effect of a restricted
ervironment. If the ervironment only shawvs a restricted



setof patterns(e.g., vertical or horizontaledges,numerals,
etc.),neurondevelopedin the earlierlayersaresigni cantly
biasedtoward suchlimited ervironments Only sensedspace
is representeth therepresentatioso the limited resources
dedicatedo developmentalexperience.

VI. CONCLUSIONS

The new Multi-layer In-place Learning Network (MILN)
is a simple, uni ed computationalmodel that incorporates
the Hebbianrule, lateral inhibition, as well as supervised
learning for, theoretically ary type of invariancefeatures
throughoutthe network. A hierarchyof representatioin the
network is developedwith increasinginvariancefrom early
to later layers. In this work, we concentrateon shift and
scaleinvarianceusingeasy-to-understantumeralsasinputs.
However, the network doesnot modelary type of variation
and, thus, potentially can deal with arny type of invariance
aslong asthe input displayssuchvariation. In future work,
we will usenaturalimagesas input to study what kinds of
invariantfeatures,aswell asreceptive elds, are developed
through different layers of the network. The nearoptimal
ef ciency andin-placelearningareits two majoradwantages.
Potentially MILN can be usedas a core technology for
robotswith multiple sensorandmultiple effectorsto develop
perceptuabnd cognitive skills throughreal-timeexperience.
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