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Abstract— In-place learning is a biologically inspiredconcept,
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 present in this paper a
multiple-layer in-place learning network (MILN) for learning
positional and scale invariance. The network enables both
unsupervised and supervised learning to occur concurrently.
When supervision is available (e.g., fr om the envir onment
during autonomousdevelopment), the network performs super-
vised learning thr ough its multiple layers. When supervision
is not available, the network practices while using its own
practice motor signal as self-supervision (i.e., unsupervised per
classical de�nition). We present principles based on which
MILN automatically develops positional and scale invariant
neurons in differ ent layers. From sequentially sensedvideo
streams, the proposed in-place learning algorithm develops a
hierarchy of network representations.The global invariancewas
achieved thr ough multi-lay er quasi-invariances,with increasing
invariance fr om early layers to the later layers. Experimental
results are presentedto show the effects of the principles.

I . INTRODUCTION

Existingstudyin neuralsciencehasprovidedmuchknowl-
edgeabout biological multi-layer networks. However, they
have alsoraisedseveral importantopenissues:

1. Innate orientated edgefeatures?Orientationselective
cells in cortical area V1 are well known [11], [29], [12],
[6], but the underlyingcomputationalprinciples that guide
their emergence (i.e., development) are still elusive. Are
cells in V1 totally geneticallywired to detectorientations
of visual stimuli? This issue is important since the later
layersof network, with their larger receptive �elds, needto
detectfeaturesthat are more complex than orientededges,
suchasedgegroupings(T, X, Y, cross,etc),patterns,object
parts, human faces,etc. A classical study by Blakemore
& Cooper1970 [4] reportedthat if kittens were raisedin
an environmentwith only vertical edges,only neuronsthat
respondto vertical or nearly vertical edgeswere found in
theprimaryvisualcortex (alsosee,morerecentstudies,e.g.,
[28] and its review).

2. Developmental mechanisms. If the answer to the
above is negative, what are the possiblemechanismsthat
lead to the emergenceof the orientationcells in V1? Since
V1 takes input from the retina, LGN, and other cortical
areas,the issuepoints to the developmentalmechanismsfor
the early multi-layer pathway of visual processing.In this
project,weproposeintra-layerdevelopmentalmechanismsas
well as inter-layer developmentalmechanisms.The within-
layer mechanismsare basedon two well-known biological
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mechanisms,Hebbianlearningandlateral inhibition, but we
further its optimality. The inter-layer developmentalmecha-
nisms specify how information betweenlayers are passed
and used,which enablesboth unsupervisedand supervised
learningto occur in the samenetwork. Of coursethereare
many othermechanismsthatwe do notexaminein this work,
suchasinternallygeneratedspontaneoussignalswhich 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 need to have an extra network that
accomplishesthe leaning (adaptation).It is desirablethat
a developmental system uses an in-place developmental
program,dueto its simplicity andbiologicalplausibility. We
furtherproposethatbiological in-placelearningmechanisms
canfacilitateour understandingof biological systems.

4. Integration of unsupervisedand supervisedlearning.
There exist many learning algorithmsfor self-organizinga
multi-layer network that correspondsto a network of fea-
turedetectors.Well known unsupervisedlearningalgorithms
include Self-Organizing Map (SOM) by Kohonen [19],
vector quantization[1], the Principal ComponentAnalysis
(PCA) [17], IndependentComponentAnalysis (ICA) [14],
[16], Isomap [30], and Non-negative Matrix Factorization
(NMF) [21]. Only a few of these algorithms have been
expressedby in-placeversions(e.g., SOM and PCA [35]).
Supervisedlearningnetworks includefeed-forwardnetworks
with back-propagationlearning, radial-basisfunctions with
iterative model �tting (basedon gradientor similar princi-
ples),Cascade-CorrelationLearningArchitecture[7], support
vector machines(SVM) [5], and HierarchicalDiscriminant
Regression(HDR) [13]. However, it is not convincing that
biological networks used two different types of networks
for unsupervisedandsupervisedlearning,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]
suggestedearly that a logic-OR type of learning for edges
presentedat different positionsin the receptive �eld might
partially explain how positionalinvariancemay arisein V1.
Studieshave shown thata normallydevelopedhumanvisual
systemhassomecapabilities,but arenot perfect,in transla-
tional invariance(see,e.g., [24]), scaleinvariance(see,e.g.,
[20]), or orientationalinvariance(see,e.g.,[31]). Therefore,
it seemsbiologically incorrect, even though convenient to
engineering,to imposestrict invariancein position,scale,or



orientation.From the developmentalpoint of view, suchan
imposition will signi�cantly restrict the system's ability to
learnotherperceptualskills. For example,whena squareis
rotatedby 45 degrees,the shapeis called a diamond;and
the number6 rotatedby 180 degreesis called9.

Somenetworks have built-in (programmed-in)invariance,
either spatial, temporal or some other signal properties.
Neocognitronby Fukushima1980 [9] is a self-organizing
multi-layered neural network of pattern recognition unaf-
fectedby shift in position. Cresceptronby Wenget al. 1997
[34] hasan architectureframework similar to Fukushima's
Neocognitronwhile its neural layers are dynamically gen-
eratedfrom sensingexperienceand, thus, the architecture
is a function of sensorysignals. The above two networks
havebuilt-in shift-invariancein thatweightsarecopiedacross
neuronscenteredatdifferentretinalpositions.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
developquasi-invariantfeaturedetectors,suchascolor (e.g.,
human skin tones), saliency, slow in response(e.g., slow
featureanalysis[27]) and the independencebetweennorms
of projectionson linear subspaces[15].

Other networks do not have built-in invariance. The
required invariance is learned object-by-object.The self-
organizing maps(SOM) proposedby Teuvo Kohonenand
many variants [19] belong to this category. The Self-
organizingHierarchicalMapping by Zhang & Weng 2002
[36] was motivated by representationcompletenessusing
incrementalprinciple componentanalysisand showed that
theneuralcodingcanreconstructtheoriginal signalto a large
degree.Miikkulainenetal. 2005[23] havedevelopedamulti-
layer network with nearbyexcitory interactionssurrounded
by inhibitory interactions. There have been many other
studieson computationalmodelingof retinotopicnetworks1

(e.g., von der Malsburg 1973 [32]; Field 1994 [8]; and
Obermayeret al. 1990 [25]). While this type of network
hasa superiordiscriminationpower, the numberof samples
neededto reachdesiredinvarianceis very large.

The work reportedhereproposesa new, general-purpose,
multi-layer network, which learns invariancefrom 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 theresponsefrom earlylayersastheir
input.Althoughit is notnecessarilythatlaterlayersonly take
input from its previous layer, we usethis restriction in our
experimentto facilitateunderstanding.The network enables
supervisionfrom two types of projections:(a) supervision
from the next layer, which also receive supervisionrecur-
sively from the outputmotor layer (the last layer for motor
output); (b) supervisionfrom other cortical regions (e.g.,

1Each neuronin the network correspondsto a location in the receptor
surface.

motor layer) as attentionselectionsignals.The network is
self-organizedwith 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 generallyincreasedinvariance
at later layers,with supportof lesserinvariancefrom early
layers.

In what follows, we �rst presentthe network structurein
Section III. Then, in Section III, we explain the in-place
learningmechanismwithin eachlayer. SectionIV explains
how invariance is learned by the same in-place learning
mechanismwhile supervisionsignalsare incorporated.Ex-
perimental examples that demonstratethe effects of the
discussedprinciplesare presentedin SectionV. SectionVI
providessomeconcludingremarks.

I I . THE IN-PLACE LEARNING NETWORK

This sectionpresentsthe architectureof the new Multi-
layer In-placeLearningNetworks (MILN).

The network takes a vector as input (a set of receptors).
For vision, the input vector correspondsto a retinal image.
For example,the input at time t can be an imageframe at
time t, or the few last consecutive framesbeforetime t, of
imagesin a video stream.Biologically, eachcomponentin
the input vectorcorrespondsto the �ring rateof the receptor
(rod or cones)or the intensityof a pixel.

The output of the network correspondsto motor signals.
For example,eachnode in the output layer correspondsto
the control signal(e.g.,voltage)of a motor. Mathematically,
thiskind of network thatproducesnumericalvectoroutputsis
calledregressor. Thisnetwork canalsoperformclassi�cation.
For example, the number of nodesin the output layer is
equal to the numberof classes.Each neuronin the output
layer correspondsto a different class.At eachtime instant
t, the neuronin the output layer that hasthe highestoutput
correspondsto the classthat hasbeenclassi�ed.

The architectureof the multi-layer network is shown in
Fig. 1. For biological plausibility, assumethat the signals
through the lines are non-negative signalsthat indicate the
�ring rate. Two typesof synapticconnectionsare possible,
excitatory and inhibitory.

This is a recurrentnetwork. Theoutputfrom eachlayer is
not only usedasinput for thenext layer, but is alsofeedback
into otherneuronsin thesamelayerthroughlateralinhibition
(dashedlinesin the�gure). For eachneuroni , at layerl , there
are threetypesof weights:

1) bottom-up (excitatory) weight vector w b that links
input lines from thepreviouslayer l � 1 to this neuron;

2) lateral (inhibitory) weight w h that links otherneurons
in the samelayer to this neuron.

3) top-down (excitatory or inhibitory) weight w t . It con-
sistsof two parts:(a) thepartthatlinks theoutputfrom
the neuronsin the next layer l + 1 to this neuron.(b)
Thepart that links theoutputof otherlayerprocessing
areas(e.g.,othersensingmodality) or layers(e.g.,the
motor layer) to this neuroni . For notationalsimplicity,



From other areas

Layer 1 Layer 2Layer 0 Layer 3

Output to
  motors

Sensory
   input

Fig. 1. The architectureof the Multi-layer In-place Learning
Networks.A circle indicatesacell (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.g.,excitatory attentionselection).

we only considerexcitatory top-down weight, which
selects neurons selectedto increasetheir potential
values. Inhibitory top-down 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 series of open-endeddevelopmental
experienceafter the birth at time t = 0. This network incor-
poratesunsupervisedlearningand supervisedlearning.For
unsupervisedlearning,thenetwork producesanoutputvector
at the output layer basedon this recurrentcomputation.For
supervisedlearning, the desiredoutput at the output layer
at time t is set (imposed)by the external teacherat time t.
Becausethe adaptationof eachneuronalso usestop-down
weights, the imposedmotor signal at the output layer can
affect the learningof every neuronthroughmany passesof
computations.

I I I . IN-PLACE LEARNING

Let usconsidera simplecomputationalmodelof a neuron.
Consideraneuronwhich takesn inputs,x = (x1; x2; :::; xn ).
The synapticweight for x i is wi , i = 1; 2; � � � ; n. Denoting
the weight vectorasw = (w1; w2; :::wn ), the responseof a
neuronhasbeenmodeledby:

y = g(w1x1 + w2x2 + � � � + wn xn ) = g(w � x); (1)

where g is its nonlinear sigmoidal function, taking into
accountunder-saturation(noisesuppression),transition,and
over-saturation,and � denotesthe dot production.Next, we

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

A. Learning types

To betterunderstandthenatureof learningalgorithms,we
de�ne � ve typesof learningalgorithms:

Type-1 batch: A batchlearningalgorithmL 1 computesg
and w using a batchof vector inputs B = f x 1; x2; :::; xbg,
whereb is thebatchsize.Thatis, (g; w) = L 1(B ), wherethe
argumentB is the input to the learner, L 1, andtheright side
is its output.This learningalgorithmneedsto storeanentire
batchof input vectorsB beforelearningcantake place.

Type-2 block-incremental: A type-2 learningalgorithm,
L 2, breaksa seriesof input vectorsinto blocks of certain
sizeb (b > 1) andcomputesupdatesincrementallybetween
blocks.Within eachblock, theprocessingby L 2 is in a batch
fashion.The Type-3 algorithm below explainshow to learn
incrementallywith block sizeb = 1.

Type-3 incremental: Each input vector must be used
immediatelyfor updatingthe learner's memory(which must
not store all the input vectors) and then the input must
be discardedbefore receiving the next input. Type-3 is the
extremecaseof Type-2 in the sensethat block size b = 1.
At time t, t = 1; 2; :::, taking the previous learnermemory
M ( t � 1) and the currentinput x t , the learningalgorithmL 3

updatesM ( t � 1) into M ( t ) : M ( t ) = L 3(M ( t � 1) ; x t ). The
learnermemoryM ( t ) is neededto determinetheneuronN at
time t, suchasits sigmoidalg( t ) andits synapticweightw ( t ) .
It is widely acceptedthat every neuronlearnsincrementally.

Type-4 covariance-free incremental: A Type-4 learning
algorithmL 4 is a Type-3algorithm,but, it is not allowed to
computethe 2nd or higherorderstatisticsof the input x. In
other words, the learner's memoryM ( t ) cannotcontainthe
secondorder(e.g.,correlationor covariance)or higherorder
statisticsof x. TheCCI PCA algorithm[35] is a covariance-
free incrementallearningalgorithmfor computingprincipal
componentsas the weight vectorsof neurons.

Type-5 in-place neuron learning: A Type-5 learning
algorithm L 5 is a Type-4 algorithm,but further, the learner
L 5 mustbe implementedby thesignalprocessingneuronN
itself.

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

B. Recurrent Network

Considera moredetailedcomputationalmodelof a layer
within a multi-layer network. Supposethe input to the corti-
cal layeris y 2 Y, theoutputfrom earlyneuronalprocessing.
However, for a recurrentnetwork, y is not theonly input.All
the input to a neuroncanbedividedinto threeparts:bottom-
up input from theprevious layery which is weightedby the
neuron's bottom-upweight vector w b , lateral inhibition h
from other neuronsof the samelayer correspondingwhich
is weightedby theneuron's lateralweightvectorw h , andthe
top-down input vectora which is weightedby the neuron's



top-down weight vectorw t . Therefore,the responsez from
this neuroncanbe written as

z = g(wb � y � wh � h + w t � a): (2)

Since this is a recurrent network, the output from a
neuron will be further processedby other neuronswhose
responsewill be fed back into the sameneuronagain. In
real-timeneuralcomputation,sucha processwill be carried
out continuously. If the input is stationary, an equilibrium
canpossiblybe reachedwhenthe responseof every neuron
is no longer changed.However, this equilibrium is unlikely
even if the input is staticsinceneuronsareband-pass�lters:
A temporallyconstantinput to a neuronwill quickly leadto
a zero response.

For digital computer, we simulatethis analoguenetwork
throughdiscretetimest = 0; 1; 2; :::. If thediscretesampling
rateis muchfasterthanthechangeof inputs,sucha discrete
simulation is expectedto be a good approximationof the
network behavior.

C. Lateral inhibition

For simplicity, we will �rst considerthe �rst two parts
of input only: the input from the previous layer y , and the
lateral inhibition part from h.

Lateral inhibition is a mechanismof competitionamong
neuronsin thesamelayer. The outputof A is usedto inhibit
the outputof neuronB which sharesa part of the receptive
�eld, totally or partially, with A.

Since eachneuronneedsthe output of other neuronsin
the same layer 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 neurons with strong outputs to
effectively suppressweakly respondingneurons,and (b)
for the weak neuronsto less effectively suppressstrongly
respondingneurons.Therefore,wecanuseacomputationally
moreeffective schemeto simulatelateral inhibition without
resorting to iterations: Sort all the responses.Keep top-k
respondingneuronsto have non-zero response.All other
neuronshave zero response(i.e., does not go beyond the
under-saturationpoint).

Next, considerinput part y .

D. HebbianLearning

A neuronis updatedusingan input vectoronly whenthe
(absolute)responseof the neuronto the input is high. This
is calledHebbian's rule.

The rule of Hebbianlearning is to updateweightswhen
output is strong. And the rule of lateral inhibition is to
suppressneighborswhen the neuronoutput is high. Fig. 2
illustratesthe lateral inhibition andHebbianlearning.In the
�gure, hollow trianglesindicateexcitatory connections,and
the solid trianglesindicateinhibitory connections.

However, this intuitiveobservationwill not leadto optimal
performance.We needa more careful discussionabout the
statisticalpropertiesof neural adaptationunder two mech-
anisms: lateral inhibition and Hebbian learning. With our

Output:
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Fig. 2. Neurons adapt using lateral inhibitions and Hebbian
Learning

furtherderivation,thelateralinhibition andHebbianlearning
will take a detailedform that leadsto a quasi-optimality.

E. Lobecomponents

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

A concentrationof the probability density of the input
space is called a lobe, which may have its own �ner
structure(e.g., sublobes).The shapeof a lobe can be of
any type, dependingon the distribution. For non-negative
input components,the lobe componentslie in the section
of the hyperspherewhereevery componentis non-negative
(correspondingto the �rst octantin 3-D).

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

Y = R1 [ R2 [ ::: [ Rc; (3)

(where[ denotesthe union of two spaces).Eachregion R i

is representedby a single unit featurevector v i , called the
lobe component. Given an input y , many cells, not only v i ,
will respond.The responsepatternforms a new population
representationof y .

Supposethat a unit vector (neuron)v i representsa lobe
region Ri . If y belongsto Ri , y canbe approximatedby v i

as the projectiononto v i : y � ŷ = (y � v i )v i . Supposethe
neuronv i minimizesthe meansquareerror Eky � ŷ k2 of
this representationwheny belongsto R i .

Accordingto the theoryof PrincipalComponentAnalysis
(PCA) (e.g.,see[17]), we know that thebestsolutionof col-
umn vectorv i is the principal componentof the conditional
covariancematrix � y ;i , conditionedon y belongingto R i .
That is v i satis�es � i; 1v i = � y ;i v i .



Replacing� y ;i by theestimatedsamplecovariancematrix
of columnvectory, we have

� i; 1v i �
1
n

nX

t =1

y(t)y (t)> v i =
1
n

nX

t =1

(y (t) � v i )y (t): (4)

We canseethatthebestlobecomponentvectorv i , scaledby
“energy estimate”eigenvalue � i; 1, can be estimatedby the
average of the input vectory(t) weightedby the linearized
(without g) responsey(t) � v i whenever y(t) belongsto R i .
This averageexpressionis crucial for theconceptof optimal
statisticalef�ciency discussedbelow.

The concept of statistical ef�ciency is very useful for
minimizing the chanceof falseextremaandto optimize the
speedto reach the desiredfeaturesolution in a nonlinear
searchproblem. Supposethat there are two estimators� 1

and � 2, for a vector parameter(i.e., synapsesor a feature
vector) � = (� 1; :::; � k ), which are basedon the sameset
of observationsS = f x1; x2; :::; xn g. If the expectedsquare
error of � 1 is smaller than that of � 2 (i.e., Ek� 1 � � k2 <
Ek� 2 � � k2), the estimator� 1 is morestatisticallyef�cient
than � 2. Given the sameobservations,amongall possible
estimators,the optimally ef�cient estimatorhasthe smallest
possibleerror. The challengeis how to convert a nonlinear
searchprobleminto anoptimalestimationproblemusingthe
conceptof statisticalef�ciency.

For in-placedevelopment,eachneurondoesnot haveextra
spaceto storeall thetrainingsamplesy(t). Instead,it usesits
physiologicalmechanismsto updatesynapsesincrementally.
If the i -th neuronv i (t � 1) at time t � 1 hasalreadybeen
computedusingprevioust � 1 inputsy(1); y (2); :::; y (t � 1),
theneuroncanbeupdatedinto v i (t) usingthecurrentsample
de�ned from y(t) as:

x t =
y(t) � v i (t � 1)

kv i (t � 1)k
y(t): (5)

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

� i; 1v i �
1
n

nX

t =1

x t : (6)

Statisticalestimationtheory reveals that for many distri-
butions (e.g., Gaussianand exponential distributions), the
samplemeanis themostef�cient estimatorof thepopulation
mean(see,e.g.,Theorem4.1, p. 429-430of Lehmann[22]).
In other words, the estimatorin Eq. (6) is nearly optimal
given the observations.

F. To deal with nonstationaryprocesses

For averaging to be the most ef�cient estimator, the
conditionson thedistribution of x t aremild. For example,x t

is a stationaryprocesswith exponentialtype of distribution.
However, x t dependson the currently estimatedv i . That
is, the observationsx t are from a nonstationaryprocess.In
general,the environmentsof a developing systemchange
over time. Therefore,the sensoryinput processis a non-
stationaryprocesstoo. We usethe amnesicmeantechnique

below which gradually“forgets” old “observations” (which
use bad x t when t is small) while keeping the estimator
quasi-optimallyef�cient.

The meanin Eq. (6) is a batchmethod.For incremental
estimation,we usewhat is calledan amnesicmean[35].

�x( t ) =
t � 1 � � (t)

t
�x( t � 1) +

1 + � (t)
t

x t (7)

where� (t) is theamnesicfunctiondependingon t. If � � 0,
the above gives the straight incrementalmean.The way to
computea meanincrementallyis not new but the way to
usethe amnesicfunction of n is new for computinga mean
incrementally.

� (t) =

8
<

:

0 if t � t1;
c(t � t1)=(t2 � t1) if t1 < t � t2;
c + (t � t2)=r if t2 < t;

(8)

in which, e.g., c = 2; r = 10000. As can be seenabove,
� (t) hasthreeintervals.Whent is small,straightincremental
averageis computed.Then,� (t) changesfrom 0 to 2 linearly
in thesecondinterval. Finally, t entersthethird sectionwhere
� (t) increasesat a rate of about 1=r, meaningthe second
weight (1 + � (t))=t in Eq. (7) approachesa constant1=r, to
slowly tracethe slowly changingdistribution.

G. Singlelayer: In-place learning algorithm

We modelthedevelopment(adaptation)of anareaof corti-
cal cells(e.g.,a corticalcolumn)connectedby a commonin-
putcolumnvectory by thefollowing CandidCovariance-free
IncrementalLobeComponentAnalysis(CCI LCA) (Type-5)
algorithm, which incrementallyupdatesc such cells (neu-
rons) representedby the column vectorsv ( t )

1 ; v ( t )
2 ; :::; v ( t )

c

from input samplesy(1); y (2); ::: of dimensionk without
computingthe k � k covariancematrix of y . The length of
theestimatedv i , its eigenvalue,is thevarianceof projections
of the vectors y(t) onto v i . The output of the layer is
the responsevectorz = (z1; z2; :::; zc). The quasi-optimally
ef�cient, in-placelearning,single layer CCI LCA algorithm
z = LCA(y) is as follows:

1) Sequentiallyinitialize c cellsusing�rst c observations:
v (c)

t = y(t) and set cell-updateage n(t) = 1, for
t = 1; 2; :::; c.

2) For t = c + 1; c + 2; :::, do
a) If the output is not given, computeoutput (re-

sponse)for all neurons:For all i with 1 � i � c,
computeresponse:

zi = gi

 
y (t) � v ( t � 1)

i

kv ( t � 1)
i k3=2

!

; (9)

The denominatorkv ( t � 1)
i k3=2 in the above ex-

pressionis suchthat thestandarddeviation of the
�rst term is unit. Thus,gi (x) can take the same
form for all the neurons:

g(x) =
1

1 + e� 4(x � 1)
: (10)



Someusefulvaluesof this functionsare:g(0) =
0:018, g(0:5) = 0:12, g(1) = 0:5, g(1:5) = 0:88,
g(2) = 0:982 andg0(1) = 1.

b) Simulating lateral inhibition, decidethe winner:
j = argmax1� i � cf zi g, using zi as the belong-
ingnessof y(t) to Ri .

c) Updateonly the winner neuronvj using its tem-
porally scheduledplasticity:

v ( t )
j = w1v ( t � 1)

j + w2zj y(t);

where the scheduledplasticity is determinedby
its two age-dependentweights:

w1 =
n(j ) � 1 � � (n(j ))

n(j )
; w2 =

1 + � (n(j ))
n(j )

;

with w1+ w2 � 1. Updatethenumberof hits (cell
age)n(j ) only for the winner: n(j )  n(j ) + 1.

d) All other neuronskeep their ages and weight
unchanged:For all 1 � i � c, i 6= j , v ( t )

i =
v ( t � 1)

i .
The neuron winning mechanismcorrespondsto the well
known mechanismcalledlateralinhibition (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 w1 and w2

are realizedby the geneticand physiologicmechanismsof
the cell, this algorithmis in-place.

Insteadof updatingonly top-1 neuron,usingbiologically
moreaccurate“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 CCI LCA algorithm automatically
generatesa representationthroughits outputvector,

As we discussedearlier, object-by-objectlearning is ef-
fective to learn invariancein a global way. However, it does
not provide a mechanismthat enablesthe sharingof local
invarianceor parts.

A. Supervision

Without the top-down part, the algorithmdiscussedabove
conductsunsupervisedlearning.However, invarianceis ef-
fective undersupervision.For example,different positions,
scalesof an object part can be learnedby the sameset of
neuronsat a certainlayer if some“soft” supervisionsignal
is availableat that layer. Then,at theoutputlayer, theglobal
invariancecanbe moreeffectively achievedandusingfewer
examples,by takingadvantagesof local invariancedeveloped
by neuronsin the earlier layer. The key is how to provide
such“soft” supervisionsignalsat early layers.

Revisit the the top-down part in the expressionin Eq. (2),
which requires responsefrom later processing.However,
for digital networks, the output from later layers for the
current input is not available until after the current layer
hascomputed.Assumingthat thenetwork samplestheworld
at a fast paceso that the responseof eachlayer doesnot

w wb t
Layer l-1 l l+1

From other area

Fig. 3. The bottom-upprojection and top-down projection of a
neuronat layer l .

changetoo fast comparedto the temporalsamplingrate of
thenetwork, we canthenusetheoutputfrom the later layers
at t � 1 as the supervisionsignal. Denoting the response
vector at layer l at time t to be vector y( l ) (t) and its i -th
componentto bey( l )

i (t), we have themodelfor computation
of this supervisedandunsupervisednetwork, for eachneuron
i at layer l :

y( l )
i (t) = g( l )

i (wb � y ( l � 1) (t) � wh � y ( l ) (t) + w t � a(t � 1)):

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

In other words, the output from the later layers a can
take the previousonea(t � 1). Using this simplemodel,the
belongingnesscan take into accountnot only unsupervised
belongingnessof y ( l � 1) (t) but also the supervisedbelong-
ingnessenabledby a(t � 1). For example,when the �ring
neuronsat a layer fall into the receptive �eld selectedby
the attention selectionsignal representedby a(t � 1), its
belongingnessis modi�ed dynamically by the supervised
signala. Therefore,the region that belongsto a neuroncan
be a very complex nonlinear manifold determinedby the
dynamicsupervisionsignal(e.g.,attention),achieving quasi-
invariancelocally within every neuronof early layers and
global invarianceat the output layer.

The next key issue is whether the single-layerin-place
learningalgorithm can be directly usedwhen the top-down
part w t � a(t � 1) is incorporatedinto the input of every
neuron.Let us discusstwo casesfor the top-down factor a
and its weight vector wt , as shown in Fig. 3: (a) The part
that correspondsto the outputfrom the next layer. Sincethe
fan-outvector w t from neuroni correspondsto the weight
vectorlinking to a, the innerproductw t � a directly indicates
how much the currenttop-down part supervisesthe current
neuroni . (b) The part that correspondsto the output from
other areas.Again the correspondingpart in the top-down
factorw t indicateshow the supervisionshouldbe weighted
in w t � a. In summary, by including the supervisionpart a,
the single-layerin-place learningalgorithm can be directly
used.

With the top-down projection a( t � 1)
i , the Eq. (9) should

be changedto:

zi = gi

 
y (t) � v ( t � 1)

i

kv ( t � 1)
i k3=2

+ w ( t � 1)
i � a( t � 1)

i

!

(11)

wherew ( t � 1)
i is the fan-outvectorof neuroni anda( t � 1)

i is
the top-down projectionvector. When we computethe fan-
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Fig. 4. The 3 � 3 neighborof the winner A 0;0 for updating.

out vector from the fan-in vector of the next layer, use the
normalizedversionsof all fan-invectorssothat their 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 has l
layers.

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

1) Grab the currentinput framex(t). Let y 0 = x(t).
2) If the current desiredoutput frame is given, set the

outputat layer l , y l  z(t), asgiven.
3) For j = 1; 2; :::; l , run the LCA algorithm on layer j ,

y j = LCA(y j � 1), wherelayer j is alsoupdated.
4) Produceoutputz(t) = y l ; t  t + 1.

C. Topographic map

In theabovediscussion,theneuronscanresideat any loca-
tionsandtheir locationsareindependentof theirweights.The
conceptof topographicmapis thatneuronsthatdetectsimilar
featuresare nearby. This property is important for cortical
modularization in the sensethat the responsesfor similar
inputsappearnearbyin corticalarea,naturallyforming what
is called“modules”foundin thebrain:a certaincorticalarea
is responsiblefor detectinga classof objects(e.g., faces).
Topographicmapfacilitatesgeneralizationbecausesimilarity
of inputs is translated(mapped)into proximity in cortical
locations.

To form a topographic cortical map, we assumethat
neuronslie in a 2-D “cortical” surfaceS. The topographic
map can be realizedby updatingnot only the winner A0;0

at location (0; 0) in S but also its 3 � 3 neighborsin S, as
shown in Fig. 4. The weights for updatingneuronA(i; j )
wascomputedas follows:

Wi;j = e� di;j ; wheredi;j = i 2 + j 2: (12)

This weight modi�es w2 in the CCI LCA algorithmthrough
a multiplication, but the modi�ed w1 and w2 still sum to
one.This is called3 � 3 update.

D. Sparsecoding

Sparse-coding[8] is a resultof lateralinhibition. It allows
relatively few winning neuronsto �re in order to disregard

less relevant featuredetectors.Therefore,the resultingrep-
resentationis local (small responseregion) which in turn
requiresonly localconnectionswith thehelpof a topographic
map.

In the algorithm, we only allow k neuronsin eachlayer
to have non-zeroresponse.Theoutputof the top i -th ranked
neuron has a responsez0 = k � i +1

k z, if i < k, where
z is the original response.All other neuronswith i � k
are suppressedto give zero responses.This is called top-k
response.

V. EXPERIMENTAL EXAMPLES

MILN presentedabove is an enginefor incrementalcor-
tical development.For sensoryprocessing,it requires an
attentionselectionmechanismthat restricts the connection
rangeof eachneuronso that the network canperform local
feature detectionfrom the retinal image, as was done by
Zhang& Weng [36]. The addition of attentionmechanism
is our plannedfuture work. Without local analysis,MILN
performsglobal feature-basedmatching,which should not
be expectedto outperformother classi�ers with local fea-
ture analysisin, e.g.,characterrecognition.However, hand-
written charactersare good for visualizing the invariance
properties of the network becausethe lobe components
indicatethe correspondingclassclearly.

A. A simplethree-classexample

The main purposeof this example is to facilitate under-
standing.For this example, the input imagesare classi�ed
into 3 classes,X, Y, Z. For clarity, we collectedtwo small
setsof training samples,containing27 samplesin each.The
shift setandscalesetmainly show variationsin shifting and
in scaling,respectively, asshown in Fig. 5 (a) and(b). MILN
deals with other types of variations as well, as indicated
in thesetwo datasets,becauseMILN doesnot model any
particulartypeof variation.This is a very importantproperty
of a task-nonspeci�cdevelopmentalprogram[33].

(a)

(b)

Fig. 5. Two setsof inputs with mainly (a) position variation and
(b) sizevariation.



It is important to note that a 2-layer network with a
suf�cient number of neurons in both layers is logically
suf�cient to classify all the training samples,accordingto
thenearestneighborrule realizedby theCCI LCA algorithm
using the top-1 winner. However, this is not an interesting
case.In practice,thenumberof neuronsis muchsmallerthan
the numberof sensedsensoryinputs.

Then,whatarethemajorpurposesof a hiddenlayer?With
attentionselectionanddifferent receptive �elds in the early
layers, a later hidden layer is able to recognizean object
from its parts.If the earlier layershave developedinvariant
features,a later hiddenlayer is able to recognizean object
from its invariantpartsdetection.

Therefore,in the experimentconductedhere,our goal is
not to perform perfectclassi�cation, but rather, to visualize
the effects of the introducedmechanisms.Only when these
effectsarewell understood,canwe understandthe prosand
consof the introduceddevelopmentalmechanisms.

In this example, we �rst decidedthe network has two
layers.The numbersof neuronsfrom layer 1 throughlayer
2 are 3 � 3 = 9 and 3, respectively. The supervision
signalsfor theoutputlayerare(1; 0; 0), (0; 1; 0) and(0; 0; 1),
respectively. The numberk is set to 3 at layer-1, so that the
�rst layer has3 non-zero�ring neurons.The 27 samplesin
eachsetwerereused1000timesto form a long input stream.

Fig. 6 givesthedevelopedweightsof the�rst level neurons
on thesetwo different training sets.Speci�cally, Fig. 6 (a)
gives the resultson position variation and Fig. 6(b) gives
the resultson sizevariation.In the developmentof neurons,
unsupervisedlearningis usedin layer-1 and the supervised
methodis usedin layer-2. Furthermore,all methodsusethe
top-1 update.

(a) (b)

Fig. 6. The weight vectors (lobe components)of the layer-1
neurons,with unsupervisedlayer-1. All use the top-1 update.(a)
Positionvariation.(b) Sizevariation.

It can be observed from Fig. 6 that each neuron may
averagea few nearestsamples(in the inner-productspace),
basedon top-1 competition.From Fig. 6, we can seethat
a lobe componentmight average samplesfrom different
classes.In otherwords,theregion a lobecomponentbelongs
to maycontainsamplesfrom differentclasses.Theinvariance

is achieved from case-basedmapping:the respondinglobe
componentfrom layer-1 is mappedto the noderepresenting
the correspondingclassin layer-2.

Fig. 7 gives the sameinformation as Fig. 6, except that
supervisedlearning is also used in layer-1. We can see
that with supervision,the lobe componentsin layer-1 are
more likely to be “pure,” averaging only samplesfrom
the sameclass.Of course,the “purity” is not guaranteed,
dependingon many factorsincludingthenumberof neurons.
In other words, manifold of the regions tendsto cut along
the boundary of output class, a concept of discriminant
features.Thus, the lobe componentstake into accountboth
unsupervisedlearning(to representthe input spacewell for
informationcompleteness)aswell assupervisedlearning(to
give higher resourceto discriminantfeatures).

(a) (b)

Fig. 7. The weight vectors (lobe components)of the �rst level
neurons,with supervisedlayer-1. All use the top-1 update. (a)
Positionvariation.(b) Sizevariation.

Fig. 8 shows the effect of 3 � 3 updating.All the other
settingsare the sameas before. First, comparedto 1 � 1
updating,3 � 3 updatinghas a tendency 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-organize. Furthermore,it can be
observed that by incorporatingsupervisionin layer-1, the
lobe componentsin layer-1 tend to be more“pure.”

(a) (b)

Fig. 8. The weight vectors (lobe components)of the �rst level
neurons,with 3 � 3 updating,using the training set that mainly
shows potion variation. (a) Unsupervisedlearning in layer-1. (b)
Supervisedlearningin layer-1.



Fig. 9 shows the effect of a 3-layernetwork. Layer-1 and
layer-2 have 9 neuronseach, and layer-3 has 3 neurons.
All layers use supervision. Speci�cally, layer-3 receives
supervisionfrom the desired (1,0,0), (0,1,0), and (0,0,1)
output,layer-2 receivessupervisionfrom layer-3, andlayer-
1 receivessupervisionfrom layer-2. Top-1 updatewasused
for all of the layers.Layer-1 usestop-3 responseandlayer-2
usestop-1 response.Fig. 9(c) shows multi-layer responses
for a given input “Y.”

As we cansee,eachlayer-2 featureis a weightedsumof
layer-1 neurons,which givesa mechanismof compositionof
objectsby parts,provided that layer-1 featuresare localized
(which is not true in this example as explained earlier).
However, there is no compelling reasonto believe that 3-
layer MILN will lead to a betterrecognitionrate for global
matching(which is not the caseof compositionby parts).

(a) (b)

Input
 Output


Layer-1
 Layer-2
 Layer-3


(c)

Fig. 9. 3-layerMILN. (a) Lobecomponentsat layer-1. (b) Layer-2
featuresshown asthe sumof lobe componentsat layer-1 weighted
by theconnectionsfrom layer-1 to layer-2. (c) An exampleof multi-
layer responsesfor a given input.

Fromtheimagesof theneuronalsynapses,we canseethat
the classi�cation, and thus invariance,requirescooperation
betweenneuronsat different retinal positionsand layers.

B. Topographic maps

We usedthe MNIST databaseof handwrittendigits avail-
able from http://yann.lecun.com/exdb/mnist/ to show the
effect of the topographicmap.The dataset has10 classes,
from “0” to “9”. The MNIST databasewascollectedamong
theCensusBureauemployeesandhigh-schoolstudentswith
60000training samples.The sizeof imagesin this database
is 28� 28 pixels.All imageshave alreadybeentranslation-
normalized,so that eachdigit residesin the centerof the
image.Fig. 10 shows someexamples.

The MILN network adoptedhas three layers. The �rst
layer has20� 20 = 400 neuronsandits k is set to 40. The

 


Fig. 10. Someexamplesof the MNIST training data.

secondlayer has10 � 10 = 100 neuronswith k = 10. The
third layer has10 neurons.In the training stage,the signal
of the third output layer was imposedby the given class
information.In thetestingstage,theneuronof thethird layer
with largestoutputgivesthe recognizedclassidenti�cation.
Fig. 11 shows neuronsof layer-1 trainedby the training set.
The �gure demonstratesthat the lobe componentsrepresent
featuresthat run smoothlyacrossthe 2-D “cortical” surface
S, andis somewhatgroupedtogetherexcepting“4” grouped
into two mainsets.That is, within-classvariationis naturally
organizedacrossa smallneighborhoodin oneor few regions
in the 2-D space S and different classesare imbedded
seamlesslyinto this 2-D “cortical” space.

Fig. 11. The topographicmaptrainedfrom hand-writtennumerals.

This experimentalsoshows somethingvery importantfor
developmentin the naturalworld: the effect of a restricted
environment. If the environment only shows a restricted



set of patterns(e.g., vertical or horizontaledges,numerals,
etc.),neuronsdevelopedin theearlierlayersaresigni�cantly
biasedtowardsuchlimited environments.Only sensedspace
is representedin therepresentationso the limited resourceis
dedicatedto developmentalexperience.

VI . CONCLUSIONS

The new Multi-layer In-placeLearningNetwork (MILN)
is a simple, uni�ed computationalmodel that incorporates
the Hebbian rule, lateral inhibition, as well as supervised
learning for, theoretically, any type of invariancefeatures
throughoutthenetwork. A hierarchyof representationin the
network is developedwith increasinginvariancefrom early
to later layers. In this work, we concentrateon shift and
scaleinvarianceusingeasy-to-understandnumeralsasinputs.
However, the network doesnot modelany type of variation
and, thus, potentially can deal with any type of invariance
as long as the input displayssuchvariation.In future work,
we will usenatural imagesas input to study what kinds of
invariant features,as well as receptive �elds, are developed
through different layers of the network. The near-optimal
ef�ciency andin-placelearningareits two majoradvantages.
Potentially, MILN can be used as a core technology for
robotswith multiplesensorsandmultipleeffectorsto develop
perceptualandcognitive skills throughreal-timeexperience.
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