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Recognition of Abstract Objects Via Neural Oscillators:
Interaction Among Topological Organization,
Associative Memory and Gamma Band
Synchronization

Mauro Ursino, Elisa Magosso, and Cristiano Cuppini

Abstract—Synchronization of neural activity in the gamma band
is assumed to play a significant role not only in perceptual pro-
cessing, but also in higher cognitive functions. Here, we propose a
neural network of Wilson—Cowan oscillators to simulate recogni-
tion of abstract objects, each represented as a collection of four fea-
tures. Features are ordered in topological maps of oscillators con-
nected via excitatory lateral synapses, to implement a similarity
principle. Experience on previous objects is stored in long-range
synapses connecting the different topological maps, and trained
via timing dependent Hebbian learning (previous knowledge prin-
ciple). Finally, a downstream decision network detects the presence
of a reliable object representation, when all features are oscillating
in synchrony. Simulations performed giving various simultaneous
objects to the network (from 1 to 4), with some missing and/or
modified properties suggest that the network can reconstruct ob-
jects, and segment them from the other simultaneously present ob-
jects, even in case of deteriorated information, noise, and moderate
correlation among the inputs (one common feature). The balance
between sensitivity and specificity depends on the strength of the
Hebbian learning. Achieving a correct reconstruction in all cases,
however, requires ad hoc selection of the oscillation frequency. The
model represents an attempt to investigate the interactions among
topological maps, autoassociative memory, and gamma-band syn-
chronization, for recognition of abstract objects.

Index Terms—Binding problem, Hebbian learning, oscillatory
networks, synchronization and desynchronization, topological
maps.

. INTRODUCTION

BJECT representation in various cognitive functions oc-

curs in a highly parallel and distributed manner, different
features of the objects being processed and coded in distinct and
distant cortical areas [1]. A central question in neurophysiology
is how this distributed neuronal activity is functionally linked to
group the different features into a unitary and coherent object
representation and how features of different objects, simultane-
ously present in the same scene or situation, are segregated to
avoid interference and false conjunctions.
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A recent influential hypothesis [2]-[6], named “temporal
correlation hypothesis,” postulates that neuronal groups repre-
senting different aspects of the same object are bound together
into a cell assembly through synchronization of their activity
in the gamma range (30-100 Hz). Synchronization of cortical
oscillatory activity in the gamma band has been observed
in response to several classes of sensory stimuli and during
different types of processing not only in the visual cortex, but
also in the somatosensory [7], in the auditory [8], [9], and in
the olfactory system [10], [11].

Furthermore, strong arguments support the idea that neural
synchronization plays an essential role not only in low sen-
sory perception but in neural processing in general, including
high-cognitive tasks. Rodriguez et al. [12] recorded electroen-
cephalogram (EEG) activity in subjects who were observing
black-and-white shapes, and observed an increase in gamma-
band synchronization when shapes could be recognized as faces,
compared with meaningless shapes. A role of gamma activity
has been demonstrated in recognition of music [13], word versus
nonwords (where it seems to reflect association between words
and meanings) [14] as well as during visual search tasks [15] and
delayed-matching-to-sample tasks [16]. Recent studies suggest
that theta and gamma oscillations play an important role in for-
mation of declarative memory and retrieval [17], [18] and that
changes in synchrony might be important for processes, such
as expectation and attention [18]. Further studies suggest that
synchronization increases with conscious perception compared
with unconscious (subliminal) processes [19].

In this line of thinking, a stimulating hypothesis, named the
“representational hypothesis” [1] assumes that the same mecha-
nism exploited for bottom-up sensory perception (such as visual
binding) can be extended to the more general idea of object rep-
resentation. This means that gamma activity participates in the
activation, retrieval, and rehearsal of an internal representation
through top-down processes. Furthermore, this mechanism may
also apply across different sensory modalities.

The representational hypothesis, however, involves several
problems. In many high-level cognitive tasks, one needs to
recognize multiple objects simultaneously from external stimuli:
to this end, one needs to compare input stimuli with an
internal representation, to recover lacking information from
previous experience, and maintain this information in memory
avoiding confusion. Furthermore, recognition of objects must
be independent of spatial attributes (such as the position,
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distance, and prospective), must spread across different sensory
modalities, and the objects should be recognized even if they
exhibit some moderate changes compared with a previous
prototypical representation.

Hence, the problem of multiple object recognition is similar
to the classic binding and segmentation problem of sensory per-
ception, with two main differences: objects are considered as
collection of features (which allows spatial invariance), and the
main rules for recognition are prior knowledge and similarity
(whereas low-level Gestalt rules, as proximity, collinearity, and
common fate, are essential in early sensory processing).

The similarity law is implemented in the cortex through topo-
logical maps of features (e.g., the color map and the orienta-
tion map in the visual system, the tonotopic map in the auditory
system, the somatotopic “homunculus” in the somatosensory
system), in which proximal neurons signal similar values of the
feature and tend to be reciprocally connected and coactivated.
As in self-organizing Kohonen maps, topological organization
in the cortex may arise naturally as the result of the long-range
inhibition and short-range excitation, which characterizes brain
connectivity [20]. Since this kind of connectivity is present at
most processing stages in the cortex, topological maps may be
involved in high-level functions; for instance, similarity law can
apply not only to elementary properties of the sensory stimulus
(e.g., edge orientation, color, tone, etc.), but also to more com-
plex features or abstract concepts (such as shapes, faces, ani-
mate, and inanimate objects) [21], [22].

Implementation of prior knowledge inside the structure of
the temporal correlation hypothesis requires connections sus-
ceptible of use-dependent modifications with a temporal preci-
sion in the millisecond range (that is the temporal resolution of
gamma-band synchronization). These conditions have been re-
cently supported by experimental data. The tendency of neurons
to synchronize their response increases if they are repeatedly
engaged in synchronous oscillatory firing in the gamma band,
while the synchronizing tendency decreases if neurons are re-
peatedly engaged in desynchronized oscillatory firing [4]. Re-
cently, it was discovered that the temporal order of the presy-
naptic and the postsynaptic spikes is essential to have synaptic
potentiation or depression [23]. In particular, in order to have
potentiation, synaptic inputs must be activated in a short critical
window 10-20 ms before postsynaptic spiking [24], [25]. Such
rules have been named “spike timing dependent synaptic plas-
ticity,” and are naturally engaged in oscillation networks [26].

Numerous neural network models of oscillators have been
proposed since the mid 1980s in the attempt to elucidate the
role of synchronization in sensory information processing and
in object recognition and retrieval [6], [27]-[60]. These models
differ as to several aspects: the type of oscillators used in the net-
work (spiking neurons in pulse-coupled neural networks, net-
works of relaxation, or Wilson—-Cowan oscillators), the level
of complexity, and the physiological reliability. Most of these
papers are concerned with segmentation in sensory perception.
\Von der Malsburg and Schneider in their pivotal paper [6] exam-
ined segmentation in auditory modality by a network of oscilla-
tors in which neural coupling reflects similarity of local quality.
Many models faced the problem of segmentation of a visual
image by using primitive grouping Gestalt rules such as prox-

imity, good continuation, pixel/orientation similarity, coherent
motion, without involving memory and recognition [28], [40],
[42], [43], [45], [47], [54], [56], [57]. Some of these models
involve multiple layers and areas, either to process separately
different cues of the visual input (such as motion and bright-
ness) [29], [57] or to reflect the anatomical laminar structure of
the visual cortex [56]. Hummel and Biederman [38], [39] de-
veloped an oscillatory neural network for shape recognition: a
viewpoint-invariant structural description of an object is made
possible through temporary synchronization of independent os-
cillator units representing the parts of the object and the rela-
tions among them. More advanced models [27], [41], [55] ad-
dress the scene analysis problem via multilayer systems, encom-
passing initial primitive segmentation and associative memory:
objects are first segmented at an early processing layer by using
low-level spatial rules, then the segmented objects are sent to a
memory layer which performs recognition and learns new mem-
ories. Some models based on oscillators synchronization have
been proposed with application to the problem of segmentation,
recognition, and memorization of odors in the olfactory system
[34], [37], [46], [53]. Wang et al. [53] proposed a model for
sensory segmentation in which connections among oscillators
encode prior knowledge, but dynamical learning was lacking.
The work by Hoshino et al. [37] introduces a law of synaptic
modifications and considers the problem of recognizing pre-
viously learned odors, but not segmentation (i.e., the network
deals with one input at a time). Odors segmentation and learning
of new patterns are addressed in a single model by Hendin and
by Lourenceo et al. [34], [46]. Finally, some papers by Horn et
al. [35], [36], [44] investigated the properties of binding, seg-
mentation, and learning in oscillatory neural networks both by
simulations and analytical calculations. Among the several re-
sults, they found that the processes of binding and segmentation
were facilitated if the inputs to the system, representing simul-
taneously activated memories, possessed noisy components.
Inspired by the previous encouraging results of neural net-
work modeling and by recent studies supporting the role of
gamma-band synchronization in higher cortical functions, we
recently proposed a network of Wilson—Cowan oscillators,
which aspires to simulate segmentation at high cognitive levels,
rather than at low sensory levels [61]. The network realizes
separation of simultaneous objects and their recognition (that
is reconstruction from memory) at a single processing layer, by
grouping together a set of fundamental features on the basis of
two high-level Gestalt rules: similarity and previous knowledge.
We assumed that these basic features are extracted at a former
processing stage and arranged topologically in some areas of
the cortex. Accordingly, the network consists of L (L = 4)
cortical areas, each devoted to the representation of a specific
feature of an object. In order to reduce the mathematical com-
plexity, each area was described as a monodimensional chain of
oscillators, arranged in a topological order. The similarity law
was realized via intra-area connections disposed as a Mexican
hat; the prior knowledge was realized via interarea connections
which link attributes of previously memorized objects. It is
worth noticing that both intra- and interarea synapses were as-
signed a priori, that is, they were not subjected to any learning
process. The network showed good ability both in recovering
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Fig. 1. Schematic diagram describing the general structure of the network. Each gray circle represents an oscillator. Oscillators are organized into four distinct
areas (shadow squares) of 20 20 elements. Each oscillator is connected with other oscillators in the same area via lateral excitatory and inhibitory intra-area

synapses (arrows X and
the Global Inhibitor (see text for details).

an object starting from partial and corrupted input information,
and in separating multiple objects.

In this paper, the previous model is significantly improved
by introducing some important new aspects. The improvements
can be summarized as follows.

1) The oscillators are placed in a bidimensional lattice. This
structure more closely resembles that found in the cere-
bral cortex. In particular, a bidimensional map is more suit-
able to represent the columnar organization of the cortex,
where features may vary both within a column, and from
one column to another [62]. Furthermore, a 2-D map en-
codes a richer and more flexible description of similarity,
in which a feature has several neighbors. In particular, each
neural oscillator has four nearest neighbors with a distance
d conventionally assumed equal to 1, and four neighbors
with a distance d = /2. By contrast, in the previous paper
[61], we used a monodimensional chain in which each os-
cillator has just two nearest neighbors.

2) The interarea connections, which reflect previous knowl-
edge, are not assigned a priori as in the former paper, but
are subjected to synaptic plasticity. The adopted learning
rule is a modified Hebbian rule according to spike-timing-
dependent synaptic plasticity: in order to have potentia-
tion, the presynaptic activity must occur in a short-tem-
poral window (10 ms) before the postsynaptic activity [24].
As a consequence, objects can be memorized in the net-
work with different synaptic weights, to mimic the pres-
ence in memory of more or less familiar objects, or of ob-
jects with different attentive and emotional impact. Fur-
thermore, synapses may be asymmetrical.

3) In order to recognize or reject objects, we developed a
simple “decision network,” which works downstream of
the network of oscillators. This further layer verifies a cer-

IN'within the area) and with other oscillators in different areas via excitatory interarea synapses (arrows

among areas). Gl represents

tain number of requirements for the oscillator network ac-
tivity and provides an output signal that automatically in-
dicates the correct or missed detection of each object.

In the following, the general structure of the network will
be first presented. Subsequently, we will focus on the learning
procedure adopted to train the modifiable synapses. Finally, the
downstream decision network will be described and justified.
Simulation results with incomplete, modified, and correlated
objects are presented and discussed to point out the network ca-
pabilities and limitations.

Il. METHOD

A. The Bidimensional Network of Oscillators

We assume that the model is composed of N neural oscilla-
tors, subdivided into L distinct cortical areas (see Fig. 1). Each
area in the model is composed of M; x M, oscillators. Hence,
the total number of oscillators is N = L - M; - M. Each oscil-
lator may be silent, if it does not receive enough excitation, or
may oscillate in the y-frequency band, if excited by a sufficient
input.

Each area is devoted to the representation of a specific at-
tribute or feature of the object, according to a topological organ-
ization. This means that two proximal neural groups in the area
signal the presence of two similar values, while distant groups
signal the presence of different values. One object is represented
as the collection of L features (one feature per each area). We
assume that each attribute is not immediately present in the sen-
sory input, but it has been extracted from a previous processing
stage in the neocortex.

Neural groups within the same area are connected via lat-
eral excitatory and inhibitory synapses. These lateral connec-
tions are organized according to a classical “Mexican hat” dis-
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Fig. 2. Structure of the single oscillator and its synaptic connections. Symbol —» represents excitatory connections, while symbol — represents inhibitory

connections. The dashed lines indicate synapses to and from other oscillators within the network.
: strength of the connections between the two populations; : external stimulation;
IN excitatory and inhibitory lateral synapses among oscillators inside the same area. Note that the lateral excitatory synapses
connect the excitatory units of two oscillators, while the lateral inhibitory links occur from the excitatory to the inhibitory populations.

population; and

of the global inhibitor; =X and

: activity of the excitatory population; : activity of the inhibitory
: random noise superimposed over external input; : activity

: long-range synapses

among oscillators belonging to different areas. These interarea synapses link the excitatory unit of one oscillator to the excitatory and inhibitory units of another

oscillator in a different area.

position: a neuron excites (and is excited by) its proximal neu-
rons in the area, whereas it inhibits (and is inhibited by) more
distal neurons, through the presence of inhibitory interneurons.
Such a lateral disposition of synapses is not subject to learning.
Furthermore, neural groups belonging to different areas can be
connected via excitatory synapses. These synapses are initially
equal to zero, but may assume a positive value during a learning
phase, to memorize a “prior knowledge” on attributes occurring
together in the past during the presentation of objects.

In the following, each area will be denoted with the symbol
Il (l=1,2,...,L) and each oscillator with the subscripts 7j or
hk (i,h =1,2,...,My;j,k =1,2,..., M>). Inthis study, we
adopted an exemplary network with four areas (I = 4) and 400
neural groups per area (M; = M, = 20).

As already described in our previous works [50], [51], each
single oscillator consists of a feedback connection between an
excitatory unit z;; and an inhibitory unit y;; (see Fig. 2), while
the output of the network is the activity of all excitatory units.
The time derivatives are

d

)= =20+ H (55(0= i (0)+ B 1)

+1L-j+wj(t)—%—z<t>) (1)

St = — s 0) 4 H (o 15(8) — ) + T (t) @)

where H () represents a sigmoidal activation function defined as

1
H() = W~ 3
The other parameters in (1) and (2) have the following
meaning: « and (3 are positive parameters, defining the cou-
pling from the excitatory to the inhibitory unit, and from the
inhibitory to the excitatory unit of the same neural group,
respectively. In particular, « significantly influences the am-
plitude of oscillations. Parameter - is the reciprocal of a time

constant and affects the oscillation frequency. The self-exci-
tation of wx;; is set to 1, to establish a scale for the synaptic
weights. Similarly, the time constant of z;; is set to 1, and it
represents a scale for time ¢. ¢, and ¢, are offset terms for
the sigmoidal functions in the excitatory and inhibitory units.
I;; represents an external stimulus for the oscillator in position
ij, while v;; represents random noise. E;; and J;; represent
coupling terms from all other oscillators in the network. z(%)
represents the activity of a global inhibitor. This is described
with the following algebraic equation (see [50] and [51] for
more details):

[sign (ZZ.TU — 62> +1

z= 5 . 4)

According to (4), the global inhibitor computes the overall ex-
citatory activity in the network, and sends back an inhibitory
signal (z = 1) when this activity overcomes a given threshold
(say 6.). Its role is to ensure separation among the objects simul-
taneously present. In particular, the inhibitory signal prevents a
subsequent object to pop up as long as a previous object is still
active.

Each neuron receives fixed (i.e., not modifiable) excitatory
and inhibitory synapses from other neurons in the same area. In
the following, these synapses will be denoted with the symbols
Li75, and LY, ., respectively, where ij denotes the position
of the postsynaptic (target) neuron, and A& denotes the position
of the presynaptic neuron, both in the same area. We assume
that the excitatory lateral synapses go from the presynaptic ex-
citatory unit at position Ak to the postsynaptic excitatory unit
at position 3. By contrast, the inhibitory synapses go from the
presynaptic excitatory unit at position hk to the postsynaptic
inhibitory unit at position 75. Hence, according to physiological
knowledge [20], inhibitory links are realized by means of in-
hibitory interneurons.
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