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Abstract

The Hebbian hypothesis of activity-dependent synaptic plasticity has gained much
support from experimental studies of long-term potentiation and depression. Such
studies have also uncovered complex patterns of competition among the synapses.
Such e�ects may be due to the neuron redistributing its limited synaptic resources
as synaptic strengths change. In computational models this strategy is commonly
known as normalized Hebbian learning. However, not much consideration is usually
given to whether the weights are normalized over the presynaptic or the postsynap-
tic sites of the neuron. Our results show that the di�erent loci of normalization can
result in drastic di�erences in the model's behavior, suggesting that future exper-
iments should investigate presynaptic factors of redistribution as well as the more
widely studied postsynaptic factors.
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1 Introduction

The Hebbian hypothesis of activity-dependent synaptic plasticity has recently
received a lot of attention due to new neurophysiological evidence of such

1 This research was supported in part by National Science Foundation under grant
#IRI-9811478.
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Fig. 1. The SLISSOM architecture SLISSOM is a two-dimensional map of leaky

integrator neurons with a�erent connections and lateral excitatory and inhibitory
connections. The excitatory connections group spike activity and the inhibitory
connections desynchronize groups of activity representing di�erent objects [2].

learning in the nervous system. For example, studies of long-term potentia-
tion (LTP) and long-term depression (LTD) in hippocampal slices and in the
visual cortex have shown that synaptic e�cacies are indeed modulated by
synaptic activity [3, 9, 10]. However, LTP/LTD alone does not explain the
more complex patterns of activity-dependent learning, including those that
seem to involve competition among the synapses [14]. For example, ferret
LGN cells that receive input from both ON- and OFF-center ganglia become
selective to one or the other type of input, even if these inputs coincide most
of the time [17]. Synapses for one type of input become weaker while those of
the other type strengthen.

Such competition between synapses of the same neuron could occur through re-
distribution of limited synaptic resources, or neuronal regulation [7]. In recent
experiments, Turrigiano et al. [16] showed that a change in a single synapse
can cause the whole cell's e�cacy to change. This suggests that local change
in the synaptic strength scales the strength of the other synapses of the same
neuron.

Synaptic resource redistribution translates to weight normalization in compu-
tational models [2, 12, 13, 14, 15]. In these models, each individual synaptic
weight is normalized (i.e. divided) by the total sum of synaptic weights, so
that the total sum remains constant.

In principle, normalization could take place over presynaptic sites or over
postsynaptic sites. Experimental studies of normalization have concentrated
on postsynaptic resources. Computational models have used either kind of
normalization, and the e�ects of the choice has not been studied. This paper
shows that the behavior of such a model can be drastically di�erent when
the site of normalization is changed. Some e�ects may depend on postsynap-
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tic normalization, others presynaptic, suggesting that a complete model of
normalization may have to take both kinds of processes into account.

2 E�ect of Resource Redistribution at Di�erent Sites of the Neu-

ron

The e�ects of normalization were studied in the SLISSOM model of develop-
ment and function of the primary visual cortex. SLISSOM, or Spiking Laterally
Interconnected Synergetically Self-Organizing Map [1, 2] consists of two layers
of spiking neurons (�gure 1): the \retina" and the \cortex". The synapses of
the cortical neurons are leaky integrators that sum up the spike activities in
the retina, and then generate spikes depending on the level of input activity
compared to the threshold in each neuron. The neurons in the SLISSOM net-
work become selective to particular kinds of inputs in a self-organizing process
that models the development of retinotopy and orientation selectivity in the
visual cortex.

An organized SLISSOM network models object perception through synchro-
nization. Recent studies in cat and monkey visual cortex have shown that
neuron �ring becomes correlated when a single object (e.g. a moving bar)
is presented, but uncorrelated when the input consists of two di�erent ob-
jects [4, 5, 6]. When multiple rectangular objects are presented on the SLIS-
SOM retina, the model will synchronize the spikes of neurons that represent
one object, and desynchronize the spikes of neurons that represent di�erent
objects.

The a�erent weights, the lateral excitatory weights, and the lateral inhibitory
weights all adapt in the SLISSOM model based on the normalized Hebbian
learning rule 2 :

wij;mn(t) =
wij;mn(t� 1) + �VijXmn

N
; (1)

where wij;mn(t) is the connection weight between neurons (i; j) and (m;n),
wij;mn(t�1) is the previous weight, � is the learning rate (�E for excitatory, and
�i for inhibitory lateral connections), Vij andXmn are the average spiking rates
of the neurons, andN is the normalization factor

P
mn [wij;mn(t� 1) + �VijXmn].

In the model, there is a single synaptic weight associated with each connection.
This weight can be seen as an outgoing weight from the presynaptic cell's point
of view, or as an incoming weight from the postsynaptic cell's point of view.

2 During object perception, only the adaptation of the lateral connections is signif-
icant.
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Fig. 2. Model behavior with postsynaptic and presynaptic normalization

Multi-unit activities (MUAs) of the two areas in the cortex representing two di�erent
objects in the scene are plotted over time. In (a), the normalization is done over
the postsynaptic weights, and in (b), over presynaptic weights. In (b), the activities
in the two areas are clearly separated, while in (a), the initial uncorrelated spike
activity between the two areas quickly settles to only one area and the other area
remains almost silent throughout the simulation.

Weight normalization can be done from either perspective, by keeping the sum
of presynaptic or postsynaptic weights constant. It turns out that depending
on the site of normalization, very di�erent behavior was obtained in the model.

Normalizing the outgoing weights (i.e., presynaptic weights) resulted in a clear
segmentation of two objects (�gure 2b). The multi-unit activity (MUA, i.e.
the number of neurons spiking in unit time) of the two areas representing two
di�erent objects are desynchronized (their hills and valleys occur at di�erent
times), whereas the spikes within the same area are synchronized (i.e. the neu-
rons �re at the same time). When the normalization is done on the incoming
weights (i.e. by redistributing the postsynaptic resources), segmentation does
not occur. Only one area shows dominant activity and the other area is mostly
silent, with only occasional spikes. This way, the site of normalization makes
a big di�erence in the behavior of the model.

3 Discussion

Why does such a small change cause such a drastic di�erence? In presynaptic
normalization, the postsynaptic cell receives inputs through weights that are
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each scaled di�erently (according to the outgoing weights of each presynaptic
cell). Therefore, even relatively low activity can result in a large weight, and
the postsynaptic cell can be more sensitive to small changes in the input.
Therefore the response becomes more dynamic. In postsynaptic normalization,
all incoming weights are scaled by the same value. The inputs are treated more
equally, and the behavior of the neuron becomes more stable.

In the segmentation task, small di�erences in the activation levels must be
magni�ed to establish desynchronization, and therefore presynaptic normal-
ization will work better. In other tasks where a whole pattern needs to be
captured in the weights [8], postsynaptic normalization is more appropriate.
The question then arises, are both processes active in real neurons? It is possi-
ble that the connection weights should be modeled as a product of two factors,
the postsynaptic and the presynaptic weight, each normalized separately [11].
The di�erent e�ects may interact, and depending on the input, one or the
other may dominate. Another interesting questions is if the e�ect is speci�c to
only the excitatory or inhibitory synapses. Future research, both experimental
and computational, is necessary to verify these things.

4 Conclusion

Hebbian hypothesis of activity-dependant synaptic plasticity is gaining sup-
port from experimental data, and synaptic resource redistribution may play
an important role in explaining the competitive e�ects observed. In this paper,
synaptic resource redistribution at di�erent sites (presynaptic or postsynaptic)
were shown to cause drastic di�erences in segmentation behavior of the visual
cortex model. Future studies of normalization should therefore consider both
types of redistribution, and a more complex model including both presynaptic
and postsynaptic normalization of each synaptic strength may be necessary
to explain the di�erent e�ects.
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