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Abstract. Temporal coding is studied with an oscillatory network model
that is a complex-valued generalization of the Cohen-Grossberg-Hopfield
system. The model is considered with synchronization and acceleration,
where acceleration refers to a mechanism that causes the units of the
network to oscillate with higher-phase velocity in case of stronger and/or
more coherent input. Applying Hebbian memory, we demonstrate that
acceleration introduces the desynchronization that is needed to segment
two overlapping patterns without using inhibitory couplings.

1 Introduction

Temporal coding requires synchronizing as well as desynchronizing mechanisms
[1]. (A review of temporal coding may be found in [2] and for a recent list of
references to implementations with oscillatory networks, see [3].) Desynchro-
nization may result from inhibitory couplings. Here, we consider an alternative
approach where desynchronization is due to a mechanism that arises in the con-
text of complex-valued neural networks. This mechanism, described and denoted
as acceleration in [4], has a natural interpretation in terms of neural features.
It implies that units of an oscillatory network take a higher-phase velocity for
stronger and/or more coherent inputs from the other units. In the following,
we describe the model and demonstrate the profound and favourable effect of
acceleration on the segmentation of two overlapping patterns. More details and
additional examples may be found in [4, 5, 6].

In section 2 we give the model, the examples are described in section 3, and
section 4 contains the summary.

2 Complex-Valued Neural Network Model

The oscillatory networks model that we use is a complex-valued generalization
of the classical Cohen-Grossberg-Hopfield (CGH) model [7, 8]. Given a network

*This work is supported by the Hertie Foundation and the Volkswagen Foundation.



ESANN'2007 proceedings - European Symposium on Artificial Neural Networks
Bruges (Belgium), 25-27 April 2007, d-side publi., ISBN 2-930307-07-2.

with NV units, where the state of each unit & is described in terms of the complex

coordinate zi, k =1,..., N, the model is given by
T dzp, 1 2kZk _
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Here, z;, are the complex-conjugate variables, ¢ is the time, 7 is a time-scale,
the (Hebbian) weights hy; will be specified below, and a > 0 is a real-valued
parameter. The remaining parameters may have imaginary parts:
i
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and
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where 0 > 0, w3 > 0 are real. The Ij, describe inputs, the w; ) are eigenfre-
quencies and the wy ; parameterize shear terms. In the following, we find that
acceleration arises from non-vanishing ws. Notice, equation 1 may be written as
a complex-valued gradient system [4].

The relation of equation 1 to the classical CGH model gets obvious by going
to real coordinates with amplitudes Vj, and phases 6}, given by

22 = Viexp(ify), Zzi = Vi exp(—ify).
The dynamics is restricted to the punctured unit disk,
0<zrpzr = Vi =g(ug) <1,

where the signal function g is defined by
1
Vie = g(ug) = 5(1 + tanh(uy)).

Using dg(u)/du = 2g(u)(1 — g(u)) and
_ 1 Vi
— 1 Vi) = =
Ug = 9g (k)_21n1_Vk7

we obtain as real-valued formulation of equation 1:

N
du 1
Td—tk = A(ug) (Ik — ug + N ;wkl(el - ak)vl> (2a)
a6 1
Td—tk = Twy (u,0) + N ;Skl(el —01) V1, (2b)

synchronization terms
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with

N
1
Wk (u, 9) = Wikt w27ka + N ;Awkl(gl — Qk)‘/} .

acceleration terms

The scaling factor is
1

1-V,
and the phase-dependent couplings are given by

Aluy) =

wa(0) = (a + %cos 6) — Tgﬂ sin (9)) , (3)
Skl(a) = hkl o sin (9) s (4)
Awg(0) = hgrwscos(0). (5)

Equation 2a is recognized as being of the CGH type, now with phase dependent
couplings and phase dynamics given by equation 2b. The general system with
all-order mode couplings is given in [4].

The storage of P patterns &, with p = 1,..., P, enters equation 2 through
the couplings hy;. Here, it is sufficient to assume that & € {0,1}, where 1 (0)
corresponds to an on-state (off-state). In equations 3 to 5, Hebbian memory
may be used that is defined by

P
hir = Z Ap ERETs (6)
p=1

with A, > 0. The ), describe the weights for patterns p.
The collective dynamics of the network may be described in terms of coher-
ences (), and phases ¥, of the patterns, given by

Zy = Cpexp(i¥y,) Zf Vi exp(iby),
pk 1

where Cp, ¥, are real, and 0 < Cp, < 1 [3]. These measures generalize coherence
measures that were used by Kuramoto, see [9] for a review.

3 Examples: Two Overlapping Patterns

In this section, we demonstrate the effect that acceleration has on the segmen-
tation of P = 2 overlapping patterns with equal weights A\; = A2 = 1/2. We
consider networks of N = 34 units and consider two cases of stored patterns.
Parameters are 7 = 1, a/N = 2, ¢/N = a, and the inputs I} are chosen so
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that all units of the network get active. See [4] for the numerical approach. The
initial values for the uy are close to zero and the initial phases 6, are uniformly
random distributed. In order to study the desynchronizing effect of acceleration
without it with the effect of different eigenfrequencies and shear forces, we set
w1k = wa = 0 for every k.

3.1 Case of one dominating pattern

Examples 1 and 2. First, we consider a situation where one pattern is domi-
nating the other, i.e., one pattern has clearly more active units than the other.
We set 5,% =1for k=1,..,26, and 5,% =1 for k = 21,...,N. All other compo-
nents are zero. Thus, there is an overlap of 6 units. We compare the case without
acceleration, i.e. w3 = 0 (example 1), with a case of non-vanishing acceleration,
w3/N =7 /7 > 0 (example 2), see figure 1.

A No acceleration (o3 =0)

O 1 1 1 1
0 0.5 1 15 2 25

B With acceleration (w3 > 0)

0 0.5 1 15 2 25

timet/z

Fig. 1: Pattern coherences C, in case that pattern p = 1 is dominating. (A)
Example 1, (B) example 2. The solid lines give C; and the dotted lines Cs.

Without acceleration, both patterns take the same phase and the superposi-
tion problem is present. In contrast, with acceleration, the dominating pattern
p = 1 takes a state of enduring coherence, thereby segmenting itself from the
other pattern that shows a different phase dynamics. The superposition problem
is resolved with respect to pattern coherences.
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3.2 Without dominating pattern: pattern switching

Examples 3 and 4. Second, we consider a situation where none of the patterns
is dominating the other, i.e., both pattern have the same number of active units.
We set & =1 for k =1,...,22, and & =1 for k = 13,..., N. All other compo-
nents are zero. Thus, there is an overlap of 10 units. Again, we compare the
case without acceleration, i.e. ws = 0 (example 3), with a case of non-vanishing
acceleration, ws/N = /7 > 0 (example 4), see figure 2.

A No acceleration (w3 = 0)

o
O -
O i 1 1 1 1
0 05 1 15 2 25
B With acceleration (w3 > 0)
o
O

timet/t

Fig. 2: Pattern coherences C), without dominating pattern (pattern switching).
(A) Example 3, (B) example 4. The solid lines give C; and the dotted lines Cs.

Without acceleration, both patterns take the same phase and the superpo-
sition problem is present. In contrast, with acceleration, the two patterns are
segmented in time by taking coherent states in alternating order. We refer to this
behavior as pattern switching. Again, the superposition problem is not present
in the sense that the two patterns do not take coherent states during the same
time periods.

4 Summary

Temporal coding with synchronizing and desynchronizing mechanisms was stud-
ied based on a complex-valued neural network model. Without using inhibitory



ESANN'2007 proceedings - European Symposium on Artificial Neural Networks
Bruges (Belgium), 25-27 April 2007, d-side publi., ISBN 2-930307-07-2.

couplings, the desynchronizing mechanism was due to acceleration [4], causing
the phase velocity of the oscillating units to increase with stronger and/or more
coherent input from the other units.

The profound and favorable effect of acceleration on segmenting two over-
lapping patterns was demonstrated with examples. In case that one pattern
was dominating the other in terms of a larger number of active units (assuming
equal weights for the patterns in equation 6), this pattern was segmented by
taking a coherent state in contrast to the other pattern. In case that no pattern
was dominating, pattern switching occurred where both patterns took coherent
states during time periods of alternating order.

Acknowledgement It is a pleasure to thank Christoph von der Malsburg for
valuable discussions.

References

[1] Christoph von der Malsburg. The correlation theory of brain function. In-
ternal Report 81-2, Max-Planck Institute for Biophysical Chemistry, 1981.

[2] Christoph von der Malsburg. The what and why of binding: The modeler’s
perspective. Neuron, 24:95-104, September 1999.

[3] Thomas Burwick. Oscillatory networks: Pattern recognition without a su-
perposition problem. Neural Computation, 18:356-380, 2006.

[4] Thomas Burwick. Oscillatory neural networks with self-organized segmenta-
tion of overlapping patterns. Neural Computation, accepted for publication,
2006.

[5] Thomas Burwick. Temporal coding: Assembly formation through construc-
tive interference. Submitted for publication, 2006.

[6] Thomas Burwick. Temporal coding: Pattern segmentation through strong
couplings. In preparation, 2006.

[7] Mike A. Cohen and Stephen Grossberg. Absolute stability of global pat-
tern formation and parallel memory storage by competitive neural networks.
IEEE Transaction on Systems, Man, and Cybernetics, SMC-13:815-826,
1983.

[8] J. J. Hopfield. Neurons with graded response have collective computa-
tional properties like those of two-state neurons. Proceeding of the National
Academy of Sciences of the U.S.A., 81:3088-3092, 1984.

[9] Juan A. Acebrén, L. L. Bonilla, Conrad J. Pérez Vicente, Félix Ritort, and
Renato Spigler. The Kuramoto model: A simple paradigma for synchroniza-
tion phenomena. Reviews of Modern Physics, 77:137-185, 2005.



