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ABSTRACT

One of the important features of the human visual systennuisitls able to recognize objects in a scale and transldtiona
invariant manner. However, achieving this desirable bemakrough biologically realistic networks is a challenge

Neurons may be modeled as oscillatory dynamical units. possible for a network of these units to exhibit syn-
chronized oscillations under the right conditions. Theckyonization of neuronal firing patterns has been suggested
a possible solution the binding problem (where a biologmmathanism is sought to explain how features that represent
an object can be scattered across a network, and yet be ynietlvorks consisting of such oscillatory units have been
applied to solve the signal deconvolution or blind sourqeasation problems. However, the use of the same network to
achieve properties that the visual sytem exhibits, sucleas sind translational invariance have not been fully exgolo

Some approaches investigated in the literature (Wallis]l88/0lve the use of non-oscillatory elements that are ar-
ranged in a hierarchy of layers. The objects presented lneead to move, and the network utilizes a trace learning,rule
where a time averaged value of an output value is used topeHebbian learning with respect to the input value. This is
a modification of the standard Hebbian learning rule, whygtidally uses instantaneous values of the input and output.

In this paper we present a network of oscillatory amplitpéh@se units connected in two layers. The types of connec-
tions include feedforward, feedback and lateral. The ngtwonsists of amplitude-phase units that can exhibit sgamch
nized oscillations. We have previously shown that such wawtcan segment the components of each input object that
most contribute to its classification. Learning is unsufsen and based on a Hebbian update, and the architectung/is ve
simple.

We extend the ability of this network to address the problérmamslational invariance. We show that by a specific
treatment of the phase values of the output layer, limitadgtational invariance is achieved. The scheme used minai
is as follows. The network is presented with an input, whiadnt moves. During the motion the amplitude and phase of
the upper layer units is not reset, but continues with théyadse before the introduction of the object in the new posit
Only the input layer is changed instantaneously to reflechtbving object. This is a promising result as it uses the same
framework of oscillatory units, and introduces motion thiage translational invariance.
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1. INTRODUCTION

One of the problems that the human visual system has to sotiiat of object classification. This starts with retinalubp
which can be considered to consist of isolated pixels of/@gtiand ends with a high-level representation at an areh su
as IT (inferior temporal cortex), where a small set of negrar even a single neuron encodes a particular object such
as a square or a face. In addition to solving this problemyitigal system must also address the issue of segmentation,
which refers to the ability to identify the elements of thpuh space that uniquely contribute to each specific objezt (i
establishing a correspondence between the pixels or eddab@higher-level objects they belong to).

The problem of segmentation has been attacked more eti§ctiith non-neural approachésindeed, it is extremely
difficult for a traditional computational model of a neuratwork to solve this problem, due to the superposition tatas
phe as Rosenblatt observédThe early efforts in computational neural networks ignatezitemporal dynamical aspect
of communication between real neurons. These temporalndigsarovide additional information separate from the am-
plitude of the neural signals, that can then be used to owegdbe superposition catastrophe. Research by Sirayet
Vareld uncovered biological evidence for the role of synchrordrain neural responses to several motor and cognitive
tasks, and in particular in perceptual recognition.
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Figure 1. lllustrating the network connectivity. (A) shows feedf@msl connections. (B) shows lateral connections (C) shoeadifack
connections.

Malsburg and Shneider were among the first to propose thefusachronization to perform segmentation of input
signals? Their model consists of a layer of excitatory units connegetéth lateral excitation. Each of these excitatory
units receives sensory input. Furthermore, every excitaiait is connected to a global inhibitory unit which recsv
excitatory inputs, and sends inhibitory signals to eachhefdxcitatory units. Segmentation is exhibited in the fofm o
temporal correlation amongst the activities of the difféiexcitatory units, so that the units that are synchroniepdesent
the same input class. Besides the need for a global inhyhiteit, this network cannot disambiguate objects with @érti
overlap. Several efforts have been undertdketo build on the early work of Malsburg and Shneider.

Another important problem that the human visual system da®lve is to build invariant representations of objects.
Some invariances of interest are translation and scaleidm@e. The advantage in building invariant representatie
that they overcome the combinatorial explosion probleny:isavery translated version of an object had its own unique
representation, there would be too many combinations ligatisual system would have to keep track of, especially when
multiple objects are considered. Some research in usingraieetwork architecture to solve translation invarialject
representation is reported by Ladesl.”

A particulary challenging and open problem is to start witheéwork of oscillatory units (along the lines as proposed
by Malsburg and Shneiddrand use it to perform both segmentation of inputs as welthgeae translationally invariant
representations of visual objects. The research presanteid paper is an early attempt to address this problem.

2. BACKGROUND

In this section we describe a computational model using war&tof oscillatory units. This network forms the basis for
our investigation of translation invariance.

2.1. A network of dynamical units

In previous workl® we investigated a network of dynamical units, where eachisrdn oscillator characterized by an
amplitude, a phase, and a frequency. The network is orgéime two layers as shown in Figure 1. Inputs from the lower
layer are denoted hy, and the output of the upper layer by

Each unit in the upper and lower layers is an oscillator, Wipossesses an amplitude, frequency and phase. The
network is designed as followga) A bottom layer receiving input from an input signal, and dstisg of dynamical
units. The amplitude output of these units is only a functibtheir inputs, whereas the phase is a function of theirnatu
frequency and feedback interactions with a top layby; A top layer consisting of dynamical units that receive input



from the bottom layer through feed-forward connectionst these units, the amplitude and the phase are computed by
integrating inputs as a function of their amplitude andrtpbiase difference with respect to the receiving ph@g&;he top
layer sends feedback to the bottom layer, which is used tdfgnodly the phase of the bottom layer’s units as a function
of the incoming amplitudes and phase differences with redpehe receiving phases.

The behavior of the above network can be derived by prop@singpjective function for vector quantization or sparse
representation (cf!). Consider inputsc drawn from an input ensemble, which are then represented oytput layery
through synaptic weight§iv;; }, such that a non-negativity condition is imposed on the wtitryer,y, > 0Vi. A learning
rule can be derived for the weigh{8V;,} such that the output sgtis sparse. The details of this derivation are beyond the
scope of this paper, but the resulting network dynamics apéuced as follows. Let the!” unit in the lower layer have an
amplitudez,,, a phase,,, and a period of oscillation,,,. Then!” unitin the upper layer has an amplitugie, a phase,,
and a period of oscillation,,,. The period of oscillation of these units are drawn randdinagn the range [1.9,2.1].

In the following equations, the quantityt represents the integration step used to approximate a tahgmyivative.
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The learning rule utilized is
AWij ~ yiz;j[1 + cos(¢; — 0;)] (4)

Observe that this a simple extension of the traditional ksablearning rule.

The rationale for these equations is the following) the effect of feed-forward inputs on the amplitude is styem
for synchronized units;n) excitatory feed-forward and feedback connections aré #uat units that are simultaneously
active tend towards phase synchrony; agdirihibitory connections tend towards de-synchronizatatrthe same time,
they have a stronger depressing effect on the amplituderafisgnized units, and correspondingly a weaker effect for
de-synchronized units.

When performing a simulation, the above equations are tmliby using an integration time stepAf = 0.05. For
instance,

Un(t +1) = yn(t) + A Wja;[1 + cos(d; — 0n)] — ayn(t) — 7 Y [l + cos(By — 0,)]} (5)
i B

and similarly forA¢,, andAd,,. The Hebbian learning rule is calculated as
Wij (t + 1) = Wij (t) + eyixj[l + COS((]SJ' — 6‘1)] (6)

wheree is the learning rate.

The network operates in two stages, learning and performa®aly during the learning stage are the feed-forward
and feedback connections modified, whereas the inhibitompections are fixed throughout. During the learning stage,
elements of the input ensemble are presented to the netwpdn which the response of the network is dynamically
computed. A unit's phase update is the result of its intefre@juency, and of integrating all feed-forward, inhibjtand
feedback inputs, weighted by their amplitude and the réogimit's amplitude, as well as by a non-linear functionhadit
relative phases with respect to the receiving unit. For theldude update, the incoming amplitudes are weighted by a
function of the relative phases, and limited by a leakagetion of the receiving unit's amplitude.
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Figure 2. Behavior of the network after learning:(a) amplitude resmupon presentation of an input from the training enseniliie
x axis shows the iteration number, and the y axis the amgitfdthe units in the upper layer. (b)The phase response,rshfter
convergence. Blue circles correspond to upper layer anii$ red ones to lower layer units. Time is in simulation steps

The phase information can be used to convey relationshiprimdgtion between different layers in a hierarchy. Thus, if
some action needed to be taken based on the identificatiometan object at a higher layer, the phase values provide
information about where that object is localized in the lovesger. This behavior could form a foundation to tackle the
binding problem'? The phase behavior of the system is investigatédamd is outside the scope of this paper.

Figure 2.1 shows the system behavior after it undergoeasitigaccording to equation 3. The upper layer essentially
acts as a vector quantizer, and classifies the inputs itvegasuch that a unique winner in the upper layer represents a
specific input. The phase information displayed in Figulgl?.shows that the units in the two layers can get syncheohiz
with each other. This synchrony aids in segmentation andrdexution, as shown it

The question we address in this paper is whether such a rdetaarexhibit invariant representations of objects. We
develop an approach to answer this question by considdrangejuirements that this objective imposes, and designing
methodology to satisfy these requirements.

2.2. Requirements on a dynamic network that achieves tranation invariance

We consider a few requirements on a dynamic network thaesehitranslation invariance, some of which are derived
from biological considerations.

1. The network must learn in a self-organized manner. Thiama¢hat supervised classification cannot be used. This
requirement arises from observations in primates whered#hnly visual system matures by learning through self-
organizing mechanisms.

2. Translated versions of a given object should have the sapresentation as the given object. This requirement is
derived from Occam'’s razor, in that the smallest number oftsyis will be thus required for encoding translated ver-
sions of an object. An additional benefit of this requiremetitat it addresses the issue of combinatorial explosion,
as the organism can unify its behavior to multiple transtaiof the same object.

Another way of stating this requirement is to posit that tagresentation of a static object should match the repre-
sentation of the object as it undergoes translation.

3. Unique input objects should have unique representaitidhe system. In other words, unique inpuatshould result
in unique outputy.



4. Ideally, the outpuy should be sparse, so that only a few output units encode a gipetx, with the extreme being
that a single uniy; encodes an input vectar This corresponds to a winner-take-all situation.

The solution we propose is based on observations of the digalbprocessing of visual motion. It is likely that
translation invariance is an outcome of observing visugais undergoing motion. The intuition behind our approach
is the following. If a system learns to categorize staticeoty first, and then observes these objects in motion, itldhou
be possible for the system to associate the displaced ehjéttt the objects in their original position. Thus, with an
appropriate learning rule and training regimen, it showdcbssible to associate translated versions of an objelttiagt
original object. In this paper we restrict our attentionita@e linear translations. More complex forms of motiontsas
rotation or random walks will be studied in forthcoming pepe

3. METHODS

Here we describe a system that addresses the requiremenifiegpin section 2.2. We extend the ability of the network
described in 3.1 to address the problem of translationatiance. We show that by a specific treatment of the phasewalu
of the output layer, limited translational invariance isi@ved. The scheme used in training is as follows. The nétigor
presented with an input, which then moves. During the mdtieramplitude and phase of the upper layer units is not reset,
but continues with the past value before the introductiothefobject in the new position. Only the input layer is chahge
instantaneously to reflect the moving object. This is a psimgiresult as it uses the same framework of oscillatorysunit
and introduces motion to achieve translational invariance

There appears to be some biological grounding for this tfm®mputation, as there are microsaccades during which
no phase resetting occurs. Itis only when a completely neeeste is undertaken, while looking at a different visuatifiel
that phase resetting occurs. This is discussed in mord desaiction 5.

3.1. Network configuration
The network described in Figure 1 is used.

3.2. Input presentation

Figure 3 shows the input images used to test the system. Tihages are bi-level, and of size 8x8. They represent four
different 2D objects. Each input object undergoes traimslato produce different representations of the same tbjec
our experiments we used translations in the horizontattdoe (along the x-axis).

3.3. Learning

Two stages of learning were employed. The first stage ingoR@)0 presentations, where each presentation randomly
selects an object. This object is presented staticallyfiaed position, as shown in Figure 3, column 1. All the phases i
the systemd; and¢; are set to 0. The activity in the upper layer of the networklmased to stabilize after 100 iterations,
and the Hebbian phase-dependent learning rule of equai®aplied. Only the feedforward and feedback weights are
learnt, and the lateral weights are left unchanged. The®iEre normalized after each update.

The second stage also involves 2000 presentations. In easbrpation, an object is selected at random, and a dinectio
of motion (positive or negative) is selected at random. Tiés determines the sequence of inputs that are preserged, e
object 1 translated to the right, which would involve objégbresented at its fixed position first, followed by a version
translated 1 pixel to the right, then a version translated@lpto the right and so on. In our experiments, a maximum of
a 3 pixel translation was used. During the successive pratsem of inputs in the second stage, the network dynames ar
changed in the following fashion.

First, the phase valués in the upper layer are not reset after the object is trargs|atg rather continue to evolve with
their old value, and the value of the inputs received. Secamaoving averagg is calculated as follows.

gt +1) = py(t) + (1 — p)y(t) @)

Here,j denotes a moving average of the value



Object 1, translated to the right

Object 1, translated to the left

Object 2, translated to the right

Object 2, translated to the left

Object 3, translated to the right

Object 3, translated to the left

Object 4, translated to the right

Object 4, translated to the left

Figure 3. Inputimages. The left-most column shows each object atitigli position. The subsequent columns show translatesiames
of the object, either to the right or to the left.



The Hebbian learning rule is modified to ugas follows
AWZ'J' ~ gZIJ[l —+ COS(¢j — 91)] (8)

We term this the trace learning rule, as it employs the tréige his follows the terminology of#

Third, the update equations 3 are applied for only 1 iteratédher than 100. The justification for doing this is that we
want to create an association between the translated nesbihe object and its original version. We take advantage of
the inertia in the system through the moving averaged valuend a reduced settling time. In biological systems, there
appears to be support for this type of update, as there arpathovays in the visual system, one to deal with static object
representations, and the other to deal with motion. Theangtathway operates at a much faster time scale than the stati
pathway.

4. EXPERIMENTAL RESULTS

The system is organized into two layers as shown in Figurén&.ldwer layer consists of 8x8 units, each of which receives
an image intensity value as input. Each unit in the lowerd@&yeonnected to every unit in the upper layer, which coasist
of 8x8 units. Furthermore, the units in the upper layer pestateral connections such that each unitis connectectty ev
other unit. Finally, each unit in the upper layer is connédtteevery unit in the lower layer through feedback connestio

We used the following parameters to instantiate the madet. 0.5, v = 0.25. For the learning rate we used= 0.025,
and the integration steft = 0.05. The learning rate underwent an exponential decay, witldaatéon of 15% every 200
iterations. The value gf = 0.8 was used in equation 7 to calculate the moving average.

After the static phase of learning, ie presentation of thieab before they were translated, the network formed four
unique winners for the four objects presented 96% of the.time

Subsequently, the objects were translated, and the neteanked the association between the translated versions of
the object and the object in its original position. Afterrigiag, the accuracy of the association was measured asviollo
Let unitm be the winner in the upper layer for objdcin its original position. We translated objefctto form objects
k1, ko, ...k, where n is the total number of displacements used. In ourrerpats,n = 6, and included displacements of
+3 pixels from the original position. If the winner for the tidlated objeck; matches the winner, then this is counted
as a successful association. The total number of successsfatiations is measured across all the translated versfon
the four objects. The accuracy of association was 76.4% I8@trials. This indicates good performance of the network
in learning translation invariance.

We should mention that though we did not dwell on the phaseviehof the network in this paper, the performance
of the network degrades significantly if phase informat®nat used in the learning rules.

5. DISCUSSION

The methods and approach presented in this paper demertbtit is possible for a network of oscillatory units to esie
translation invariant object representations, providedduitable learning paradigm is used. One plausible méshas
for the system to use a trace learning rule to establish abtprice between translated versions of an object. As pomted
in previous work}* this is a biologically plausible mechanism.

The human visual system employs two pathways for processsngl inputs, the “what” and the “where” pathwalys.
The framework provided in this paper can form the basis faxeper exploration of the correspondence between these two
pathways, and invariant object representation at mullgdels of abstraction.

There are several areas in which the results of this papebbeamproved. More complex motion patterns need to be
understood, as objects in the real world can undergo a yafetisplacements, including rotation. The effect of réhax
some of the assumptions in the current model need to be igatsd, such as whether a static presentation of the obgects
really necessary initially. The initial experiments pretsal in this paper used used synthetic images as a proafrufept,
and further experiments using real images need to be pegfhrrithe network connectivity employed in this paper is
all-to-all. More realistic topographic mapping betweeyeless can be used instead.



The method of Suet al'® used a network of oscillatory units to achieve figure-groselaration, such that a moving
object is segmented from a stationary background. They siseervised learning through back-propagation to traiir the
network. This differs from the unsupervised learning mei$ra used in our paper.

Discussions of mechanisms and phenomena that surrounssiine of resetting cortical dynamics can be fourtd in
and ' Furthermore, special neural activity has been recordemgsaccade$ that explains why we are unaware of
fast motion across the retina at this time, a phenomenon kre@saccadic suppression. Based on these mechanisms and
observationsiitis plausible that a phase resetting ocdtingdime of a saccade, or equivalently at the time of prediemt
of a a new stimulus. In addition, for the observation of motidthin a saccade, phase resetting should not occur, as the
motion across the retina is less rapid than when a saccadesocc
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