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The adaptable synapse 
In short-term synaptic 
depression, the 
postsynaptic response to 
a regular train of 
presynaptic spikes firing 
at a fixed frequency f 
gradually lessens. The 
response to the first spike 
might be large, but 
subsequent responses 
wi ll be diminished until 
they reach a steady state 
(expressed in terms of A, 
the fractional reduction in 
postsynaptic effect). This 
is shown here (part a) for 
presynaptic spikes at 40 
Hz frequency (data from 
ref. 26). 

presynaptic firing with a 
response roughly 
independent of the firing 
rate (due to the inverse 
relationship between A 
and f). If the synaptic 
input now abruptly 
increases by 'Of, the 
adapted cell will initially 
increase its response by 
'OfA which is proportional 
to 'Ofl f As a 
consequence, the 
transient change in the 
postsynaptic response 
will be proportional to the 
relative change in firing 
frequency. This is 
demonstrated in 

computer simulations in 
which the presynaptic 
firing rate to a couple of 
hundred such synapses 
converging onto a model 
neuron is increased 
fourfold (part b- the 
increases are from 25 
to 100 Hz on the left 
and from 50 to 200Hz on 
the right; data from 
ref. 27). 

Even though the final 
input rate is twice as high 
on the right side as on the 
left, the firing rate of the 
neuron is roughly the 
same. This is because the 
fractional increase
relative to the background 
rate- is the same in both 
cases. This form of short
term depression in 
synaptic strength 
therefore enables 
synapses to respond to 
relative changes in firing 
rates rather than to 
absolute rates. C.K. 

This depression 
generally recovers w ithin 
0.1 to 0.5 s. For firing rates 
above 10Hz, A is roughly 
inversely proportional to 
the firing frequency. In 
other words, within a few 
hundred mill iseconds the 
synapse will have 
adapted to the 
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process28• Like biological synapses, they can 
change their effective weight in a continuous 
manner while they carry out computations. 
Floating-gate synapses will greatly aid 
attempts to replicate the functionality of 
nervous systems by the appropriate design of 
neuromorphic silicon neurons using analog 
very-large-scale-integrated (VLSI) circuit
fabrication technologf 9• 

Hybrid computer 
Overall, then, current thinking about com
putation in the nervous system has the brain 
as a hybrid computer. Individual nerve cells 
convert the incoming streams of digital 
pulses into spatially distributed variables, 
the postsynaptic membrane potential and 
calcium redistribution. This transformation 
involves highly dynamic synapses that adapt 
to their input. 

Information is then processed in the 
analog domain, using a number of linear 
and nonlinear operations (multiplication, 
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saturation, amplification, thresholding) im
plemented in the dendritic cable structure 
and augmented by voltage-dependent mem
brane and synaptic conductances. The re
sulting signal is then converted back into 
digital pulses and conveyed to the following 
neurons. The functional resolution of these 
pulses is in the millisecond range, with tem
poral synchrony across neurons likely to 
contribute to coding. Reliability could be 
achieved by pooling the responses of a small 
number (20-200) of neurons. 

And what of memory? It is everywhere 
(but can't be randomly accessed). It resides in 
the concentration of free calcium in dendrites 
and the cell body; in the presynaptic terminal; 
in the density and exact voltage-dependency 
of the various ionic conductances; and in the 
density and configuration of specific proteins 
in the postsynaptic terminals. 

Onlyvery little of this complexity is reflect
ed in today's neural-network literature. 
Indeed, we sorely require theoretical tools that 

deal with signal and information processing 
in cascades of such hybrid, analog-digital 
computational elements. We also need an 
experimental basis, coupled with novel un
supervised learning algorithms, to under
stand how the conductances of a neuron's 
cell body and dendritic membrane develop 
in time. Can some optimization principle be 
found to explain their spatial distribution? 

As always, we are left with a feeling of awe 
for the amazing complexity found in nature. 
Loops within loops across many temporal and 
spatial scales. And one has the distinct feeling 
that we have not yet revealed every layer of the 
onion. Computation can also be implement
ed biochemically - raising the fascinating 
possibility that the elaborate regulatory net
work of proteins, second messengers and 
other signalling molecules in the neuron carry 
out specific computations not only at the 
cellular but also at the molecular level. 
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