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Time for retrieval in recurrent associative memories
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Abstract
Experimental evidence shows that certain types of visual information processing, such as face recognition, may be extremely
rapid: in a few tens of milliseconds a neuron may yield most of the information about a visual stimulus that can ever be extracted
from the response of that neuron. These data might be taken to indicate that there is insufficient time for recurrent or feedback
processing. However, a novel analytical method allows the analysis of the dynamics of an associative memory network of
integrate-and-fire neurons, laterally connected through realistically modelled synapses. The analysis, supported by preliminary
simulations, indicates that the network may retrieve information from memory over a time determined mainly by excitatory
synaptic conductance time constants, that is in times in the order of tens of milliseconds. The results thus show that the
dynamics of recurrent processing is sufficiently rapid for it to contribute to processing within the short times observed in
neurophysiological experiments.
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1. Introduction
Can one tell which connections are involved in processing information o f a given sort in the cortex, by
looking at the temporal course of the responses o f
individual neurons? These connections include those
between neurons within a brain area which could implement attractor networks with recurrent connections;
and feedforward connections from neurons in one area
to neurons in the next area through a hierarchical processing scheme of connected areas. Thorpe and Imbert
[ 1] have argued that the speed with which neurons in
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the early visual system appear to be able to produce
selective responses, e.g. when tested with different orientations of a stimulus, indicates that the processing
is of a feedforward nature. They have recorded from
orientation selective neurons that selectively respond
to certain orientations of visual stimuli in the primary
visual cortex of the monkey. The orientation tuning
curves appear very similar if computed from the firing rate over a 300 ms period, or only over a 50 ms
period after response onset. These results have been
interpreted as ruling out the involvement of recurrent
feedback loops, i.e. that a given neuron may alter its
response over time, due to the firing of other cells
which it itself influences (whether directly or polysynaptically). Examples of some classes of networks in
which feedback effects may be important include autoassociative memories with recurrent excitatory connections, such as are found between cortical pyramidal
cells, and also competitive networks with recurrent
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lateral inhibition [2]. Very similar interpretations to
those of Thorpe and Imbert have been drawn by Oram
and Perrett [3], from an analysis of the responses of
'face' cells in the temporal lobe visual cortex.
A series of experiments carried out in this lab [4,5]
has reinforced the notion of rapid face processing
in higher visual areas. The responses to face stimuli
of neurons in the temporal cortex of macaques have
been analysed using information-theoretical quantitative methods. The main finding is that a large proportion of the information about which face was shown
is present if the firing rate is measured in a period as
short as a few tens of ms taken near the onset of the
neuronal response. For example, computing the rate
over a 20 ms interval beginning 100 ms after stimulus
onset (i.e. starting after the response latency of virtually all recorded cells) yielded on average 59% of
the information obtained by computing the rate over
a 500 ms interval beginning at the same time, while
using a 50 ms interval yielded on average 78%. Further, the firing rate itself (a unidimensional measure
of the response), when calculated over a long interval,
contained nearly all the information (73%) that could
be extracted from the same neurons by analysing the
full temporal course of their responses (a highly multidimensional and potentially much richer measure).
In addition, experiments on the neurophysiology of
masking [6,7] have shown that neurons in the inferior
temporal visual cortex fire for as little as 30 ms when a
stimulus can just be recognized. Taken together, these
findings suggest that in higher visual areas, in which
cells are selective to complex patterns of visual stimulation, the processing involved, e.g. in object recognition is very rapid. The initial output, produced by
each neuron shortly after receiving afferent inputs, is
already information-rich, and is quickly refined within
for example 50 ms of the initial response [4].
Do such experimental results really rule out, or
severely limit, the role of feedback in networks in
the brain during rapid object recognition? A feedback loop, it is to be noted, can be precisely defined
only when referring to a specific cell A. It presupposes the emission of a sequence of spikes (cr) by
a chain of synaptically connected neurons: a ( A )
or(B) ~ ... --+ ~(C) ~ cr(A). The extent to which
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feedback loops involving different chains determine
the response of a whole population remains, however,
an intrinsically ill-defined quantity. It is possible to
resolve the ambiguity by using the more comprehensive notion of recurrent processing: the response of
a local population of neurons is dependent on recurrent processing if it would be altered by removing lateral connections (those for which both the pre- and
the post-synaptic cell belong to the population). The
dependence can be quantified by quantifying the difference between the responses produced when such
connections are present and when they are removed.
What we ask, then, is whether recurrent processing
may contribute, already within, e.g. 20 ms, to generate
the experimentally observed selective responses.
Previous consideration of this issue relied, explicitly or implicitly, on considerably simplified dynamical models, in which either time was discretized into
artificial time steps ('cycles') [8], or else the spiking, discontinuous nature of the dynamics was neglected altogether in favour of a description in terms
of continuously varying firing rates [9]. Models of
that kind reinforced the intuitive conclusion that cycling information through lateral connections necessarily involves using up precious time 'cycles'; and
that, hence, the observed speed indicates a streamlined processing mode, in which the response of each
cell is determined by afferent inputs weighted by the
strengths of synapses on afferent connections, and is
quickly fed forward to the next cortical station.
We have developed a new analytical method for
treating, in continuous time, the dynamics of a network
of spike-emitting cells. The method considers a circumscribed population of neurons in which there are
three sets of synaptic connections: afferents, efferents,
and recurrent c o l l a t e r a l ones. Here we present the resuits of detailed analyses [10] and preliminary simulations, and we apply them to address the question of
recurrent processing in the visual system. This leads
to new conclusions about the time constraints that the
experimental data place on the type of processing.
The paper is organized as follows. Section 2 describes a formal model for understanding the temporal properties of recurrent neural networks. It
also describes how a simulation of the model was
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implemented. Section 3 describes the dynamic behaviour of the network both with the mean field
analysis and with the simulation. Section 4 considers
the implications of these results for understanding
processing by networks with recurrent connectivity in
the brain.

itself is reset to a hyperpolarization potential, from
which the evolution resumes as in Eq. (1). 3 In Eq. (1)
we have introduced an intrinsic potassium conductance in order to produce a simplified version of the
phenomenon of rate adaptation. Its dynamics is simply described by assuming it to decay exponentially
in between spikes and to be incremented by a fixed
amount during each spike emission,

2. Methods
The analytical method we use is articulated as follows. First, we choose a suitable formal representation for individual units (neurons and synapses), that,
though simplified, includes the salient features of their
dynamical behaviour. We note that this model leads to
behaviour similar to that of real neurons recorded in
brain slices. Second, the network is defined in terms
of its connectivity and synaptic strengths. Third, an
analytical treatment of the behaviour of the network
is described. Although a full dynamical treatment is
complicated, we are able to analyse the approach to
a type of asymptotic (long-time) behaviour. We then
describe this asymptotic behaviour itself, in which the
firing rate of each cell is stationary (provided that external inputs are kept, after an initial transient, constant), and also the transient modes, each with its own
time constant, through which this behaviour is approached. A simple analytical expression yields the
full spectrum of time constants for a given network,
and, by allowing calculation of these time constants,
explicitly relates them to the biophysical parameters
introduced in defining the model.
Integrate-and-fire neurons. A simple point-like
model neuron is considered, whose membrane potential, in between spikes, follows the usual R C equation
[lll
d V/(t)
- - g O ( V i O - Vi(t)) + gK (t)(Vi K -- Vi(t))
Ci-dt
+ Z g C ~ ( t ) ( V c~ - I,~(t)).
(1)
The process of spike emission is faster than the time
scales of interest, and hence it is not modelled in detail; rather, as the potential reaches a threshold value,
a spike is added to the spike count, and the potential

dg/~ (t)
-dt

gi~(t)
- + Agil( Z
rx

6(t -- tk,i).

(2)

k

Synapses. Synaptic conductances, both intrinsic
and on afferents, are modelled by a conventional oefunction behaviour [13]. A spike emitted at time tk,j~
by a presynaptic cell j,~ activates, after a short interval (At) summarizing axonal and synaptic delays,
a conductance on the postsynaptic membrane which
then follows the equation

r~

d2ga(t)
dg'~ (t)
+ 2 - dt 2
dt
_

(3)

g~(t) + A g a E 3 ( t _ A t _ t k , j ~ ) ,
Ta

k

where r '~ is the corresponding synaptic time constant,
characterizing the exponential return of the conductance to its closed state. In the simulations, synaptic
conductances with instantaneous activation and exponential decay were used instead of the u-functions,
and the delays At for pyramidal-pyramidal synapses
were set randomly in the range 2-8 ms, and they were
set to 1 ms for all other synapses.
To demonstrate that the single cell model is
appropriate, Fig. 1 shows the response of a simulated
pyramidal cell to a sequence of injected currents,
illustrating the effect of firing-rate accommodation.
Network architectures. In principle, any architecture can be treated within this formalism, as long as
cells of the same class (i.e. with similar properties)
3 While one may consider also an absolute refractory period
(lasting e.g. 1-2 ms), we neglect that, for simplicity. In theory
such a simplification makes possible infinite spiking rates, but
in practice actual rates will be regulated, and at much lower
levels, by other mechanisms such as inhibition [12], and the
absolute refractory period will not therefore be influential.

A. Treves et al./Physica D 107 (1997) 392-400

g

!

-20
0

-40

r

,!///

-60

/' /

/ff
f

I
I

X

-80

i

0

.

.

.

.

L

100

200

300

lOO

-200

300

--

_

J

400

c~ 1.0 r

o

0.0

o

t

i

I

400

time (ms)

Fig. I. Response of simulated pyramidal cell (upper panel) to
injected current (lower panel). Depolarization spikes are drawn
in for clarity. Pyramidal parameters (used thoughout paper):
C = 0.375 nF, gO = 25 ns, V° = - 7 3 mV, V thr = - 5 3 mV,
V reselt = - 6 3 mV, V K = - 8 5 m V , VEE = 0mV, VE1 = --75 mV,

Ag K = 9.375ns (interneuron set similar, except gO = 75ns
and Ag K = 0nS).

are placed in a homogeneous group, and the network
consists of a number Nc of such groups of cells. Uniform parameters should characterize each class, and
the synapses between cells from any two classes. If
the connectivity is chosen such that the existence of
a synapse and the magnitude and time constant of its
associated conductance depend only on the type of
the pre- and post-synaptic cells, then the partition into
classes may correspond to a physiological classification into cell types [14,15]. Alternatively, when considering, as we do here, an associative memory model
in which information is stored in the detailed synaptic
structure, one has to partition a physiologically homogeneous population of cells of one type into as many
classes as required so that synaptic strengths (e.g. the
magnitude of the relative conductances) are fully determined by the classes of the pre- and post-synaptic
cells. This may result in many classes consisting of
only few cells, or even one.
We simulated an ensemble of 8192 pyramidallike cells coupled to 500 interneuron-like cells. The
pyramidal cells are linked with each other and the
interneurons through a sparse network of monosynaptic connections generated randomly. Connection probabilities were chosen broadly in line with hippocampal
CA3 data [16], e.g. each pyramidal cell is innervated
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by 10% of the others, each interneuron is innervated
by on average 200 pyramidal cells and is presynaptic
to a similar number. The strengths of excitation and
inhibition depend on the connectivity and Ag values
and are set by the parameters rIE, r E, and r EE , where
the subscript denotes cell type, and the superscript
the type of synapses providing input to the cell. For
example, rlE is ~ Ag over the inhibitory (I) synapses
of a typical (excitatory, E) pyramidal, normalized by
the pyramidal gO
E" The pyramidal-pyramidal synapses
encode a set of memory patterns, in this case forty
random binary patterns each with 10% activity. This is
achieved by first using the covariance rule to generate
synaptic efficacies encoding these patterns [2], and
then globally scaling them into positive Ag values
0
such that the average per-cell sum equals r EE gE'
Mean-field analysis. A mean-field description is obtained by summing up the equations describing the
dynamics of individual units to get (fewer) equations
that describe collective behaviour [17]. Thus grouping Eqs. (1) results in Arc functional equations describing the evolution in time of the fraction of cells
of a particular class that at a given instant have a
given membrane potential, while grouping Eqs. (4) results in Nc × Arc equations describing the dynamics
of the summed conductance opened on the membrane
of a cell of a particular class by all the cells of another given class. The system of mean-field equations
has stationary solutions characterized by a constant
firing rate for each cell class. As the neuronal currentto-frequency transfer function under stationary conditions is rather similar to a threshold-linear function,
while each synaptic conductance is constant in time,
the stationary solutions are essentially the same as can
be obtained using much simpler, non-dynamical methods with threshold-linear units [18-21]. The advantage of the dynamical treatment, however, is that one
can describe the approach to the asymptotic solutions,
characterized by transient modes that decay with an
exponential time dependence e zt. By linearizing the
dynamical equations near a stable stationary solution
and manipulating them algebraically, as explained in
detail in [10], one obtains Eq. (4) yielding all the possible values of )~ (they must all have a negative real
part for the solution to be stable).
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3. Results
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3.1. Mean-field analysis
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under 'Methods', there is an infinite set of transient
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where ,4 denotes the determinant of a matrix of rank
Nc (the number of classes), composed of the matrix
Q(k) and the identity matrix 1. The form of Q0.)
[ 10] is determined by the description chosen to model
single units, i.e. neurons and synapses. Once that
description, and all the parameters that accompany it,
are specified, one has to solve Eq. (4) to find the time
constants that govern the collective behaviour of the
network. This last step may involve a straightforward
numerical procedure, if Nc is small, or further analytical manipulation followed by numerical evaluation,
if Nc is large or, in particular, tends to infinity [10].
In either case, the set of k values obtained reflects the
parameters describing cells and synapses, and thus
explicitly links the single unit dynamics (the level at
which the model attempts to capture relevant biophysical features) with network dynamics (where contact
with neurophysiological experiment can be made).
The dependence of the spectrum on the underlying
parameters is in general very complicated, but may
be characterized as follows. The spectrum, plotted on
the complex plane :'l~e00, ~mO.), where both axes are
measured in Hz, presents a gross, a fine and a hyperfine
structure (see Fig. 2). The gross structure consists of
those ~. values which satisfy Eq. (4), whose real part is
in the kHz range and beyond. These values correspond
thus to fast time scales, and are determined by fast
time parameters (e.g. 1 ms) such as the delay At. They
are also very sensitive to global conditions like the
detailed balance of excitation and inhibition, and in
fact an instability associated with an imbalance of this
sort may show up as one or more of the ~.'s of the

Fig. 2. Schematic representation of the spectrum of time
constants characterizing collective dynamics, representing the
dependence on the main model parameters, as found by numerically solving Eq. (4).

gross structure acquiring a positive real part. There are
two reasons, however, for not focusing one's attention
on the gross structure of the spectrum. One is that,
inasmuch as fast phenomena characterising the real
neural system have either been omitted altogether from
the model (such as the Hodgkin-Huxley details of
spike emission) or crudely simplified (such as unifying
all axonal and synaptic delays into a unique delay
parameter At), the model itself is not likely to be very
informative about the fast dynamics of the real system.
Second, in the presence of a stable stationary solution
and of transients (those associated with the fine and
hyperfine structures) lasting longer than, say 5 ms, the
faster transients are not very significant anyway.
The fine and hyperfine structures both consist of orderly series of ~. values satisfying Eq. (4), whose real
parts are similar (within a series), while the imaginary
parts take discrete values ranging from zero all the way
to infinity, with approximate periodicity A~rn()Q _~
2rr v, where v is the firing rate of a particular group of
cells. The (negative) real parts are complicated functions of all the parameters, but in broad terms they are
determined by (and similar in value to) the inverse of
the conductance time constants [10]. The fine and hyperfine structures differ in the magnitude of their real
parts, i.e. in their time constants, in that relatively fast
inactivating conductances (e.g., those associated with
excitatory transmission via AMPA receptors) produce
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the fine structure, while slower conductances (e.g. the
intrinsic ones underlying firing-rate adaptation [22],
or GABAB inhibitory ones [23]) produce the hyperfine structure. The fine structure, which therefore corresponds to time scales intermediate between those of
the gross and hyperfine structures, is perhaps the most
interesting, as it covers the range in which the formal
model best represents dynamical features of real neuronal networks.
In principle, having assigned a definite starting configuration for the model network, i.e. the distributions
of membrane potentials of the cells and the degree
of synaptic activation, at a given time, one should
be able to follow in detail the dynamical evolution,
thereby quantifying the relative importance of different time scales. In practice however, the explicit characterization of the modes with their spectrum of time
constants, is only exact asymptotically close to a stationary state, and thus applies only to starting configurations infinitesimally close to the stationary state
itself. For arbitrary initial conditions, a behaviour increasingly similar to that described by the modes and
their time constants will progressively set in, provided
the network approaches a stable stationary state of the
type considered here.
What does the analysis of the formal model imply
for the behaviour of real networks of neurons, e.g. in
visual cortex? With the proviso mentioned in the last
paragraph, the essential conclusions, for the model, are
that (i) the approach to stable firing configurations is
governed by a variety of time scales of widely different orders of magnitude; and (ii) an important subset
of those time scales is determined by the inactivation
times of synaptic conductances. These conclusions are
expected to be valid, as well, for the dynamics of local
cortical networks. With excitatory synapses between
pyramidal cells [24], the time course of inactivation,
even taking into account the spread due to the finite
size of the postsynaptic cell (neglected by our treatment based on point-like neurons), may be as short
as 5-10 ms. Therefore a substantial component in the
'settling down' of the distribution of firing activity
into a stable distribution, under the influence of interactions mediated by lateral connections, may be very
rapid, that is it may occur in little more than 5-10 ms.

3.2. Simulations

A cue consisting of a 20% fragment of one of the
memory patterns (i.e., 0.1 bits/cell in information) was
provided to the network, and its performance at retrieving the whole pattern was studied, primarily as a
z holdfunction of the excitatory feedback strength rE,
ing rlE and r~ at 20 and within the range 10-50, respectively. Two distinctive regimes were identified, termed
here the weak feedback and strong feedback regimes.
Weak feedback. Here, the r E values are such that the
model pyramidal-pyramidal Ag is O (1 ns). Cue-firing
can generate activity in the non-cued pattern cells, but
the pyramidal-pyramidal connections are too weak to
allow persistence in attractor states after cue-removal.
When the cue is active, synchronized oscillatory firing
is seen and pattern retrieval is rapid but incomplete.
As synchronized oscillatory activity entails periods of
quiescence, we reasoned that this might hinder retrieval and therefore sought stationary states. To do
this, the interneurons were injected with a bias current
lex, to prime them to respond faster to activity in the
pyramidal net, to prevent the positive feedback in that
net from leading to massive synchronous discharge.
Fig. 3 shows the influence of priming, for rEE -- 40.
For neither level of priming does the retrieved information match the amount of information in the pattern ( ~ 0.47 bits/cell), although it reaches up to twice
the level present in the cue (from 1 to 2 bits/cell).
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Fig. 3. Lines in the upper panels denote population-averaged
rates over 5 ms windows: dashed line - cued cells, dotted line
non-cued pattern cells, solid line - background cells, solid
line + circles - interneurons.
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In the oscillatory firing regime information retrieval
is limited because the interneurons provide only feedback inhibition. Their late response to growth in the
non-cued pattern cells allows the background activity
to rise. This causes overlap between the rate distributions of background and pattern cells and therefore
degrades retrieval. In the non-oscillatory regime, the
early and continual interneuron activity helps not only
by suppressing background activity but also reduces
recruitment of non-cued pattern cells, slowing information retrieval. These results suggest that a better retrieval scenario would involve continual interneuron
firing coupled with stronger inter-pyramidal feedback
to sustain higher activity in the pattern cells.
Strong feedback. Here the r E values are such that
the model pyramidal-pyramidal Ag is 5-10 ns. Large
model Ag's are arguably more realistic, as the number
of excitatory synapses per pyramidal cell in the simulation ( ~ 819) is an order of magnitude down on the
anatomical figure. Without interneuron priming, the
cue activity spreads rapidly until within ~ 15 ms every
pyramidal is firing at an unrealistically high rate. With
priming and a stimulus onset delay, there is an early
phase of gradual growth in pattern cell activity, followed by ignition of firing throughout the entire network. Fig. 4 illustrates this for r E = 200, lext = 1 nA.
As shown, with the pattern cells firing at ~ 50 Hz and
the background cells quiescent, information retrieval
occurs rapidly; but unfortunately this state is unstable.
Extensive trials in nearby regions of parameter space
find the '50 Hz' state either again building to network
ignition or falling back to lower activity levels. The
origins of such instability, and the conditions which
avoid it, have recently been elucidated in related work
by Battaglia and Treves [25]. The instability arises
Activity
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Fig. 4. B e h a v i o u r f o r r I = 200, lext = l n A , c u e o n s e t at 10 ms,
d u r a t i o n 5 0 ms.

because under the strong feedback necessary for
retrieval to be completed by the excitatory recurrent
connections, subtractive inhibition is insufficient to
control the spread of excitation. It is necessary for inhibition to include a strong multiplicative component
for the network to reach a genuine stable retrieval
state.
Thus, large-scale simulations indicate, if tentatively, that it is possible, given small initial cues, to
achieve partial retrieval of sparse patterns stored in
a sparsely connected network of 'integrate-and-fire'
neurons within ~ 50-100 ms of the cue presentation.
This is a step towards the long-term goal of extracting
predictions from such models about the dynamics of
cortical memory retrieval. Full pattern retrieval was
found to be hampered by the lack of a stable state
with intermediate firing rates - this problem has been
addressed by more recent work [25].

4. Discussion

What about the intuitive notion we referred to earlier, suggesting that feedback in such neuronal networks would be associated with much slower time
scales? Such reasoning might proceed like this: (a) the
stabilization of a firing configuration mediated by lateral connections is an inherently feedback effect; (b)
for feedback to take place, the minimal requirement is
that a cell contributes to the firing of another cell, then
receives back a spike from that cell and fires again,
using up in the order of two interspike intervals (one
each at the current firing rate of each of the two cells);
(c) the process is iterated a few times in order to lead
to a steady activity distribution, taking up in the order
of several hundreds of ms.
Such reasoning, which incidentally neglects both
the spread in the latencies of activation of the cells
in the network and, more importantly, their ongoing
spontaneous activity, is a sequel of three incorrect
steps. In fact (a) lateral connections may contribute
much of their effect (mediated in our case by synapses
modified through learning) well before genuine feedback occurs, in fact even before most cells have had
the time to fire a single action potential in response

A. Treves et al./Physica D 107 (1997) 392~100

to a new stimulus. For example, a spike emitted by
cell A may immediately influence the firing of a cell
B that happened to be close to threshold, while more
time may be needed for the firing of B to have a feedback effect on the emission of a subsequent spike by
A. (b) The influence, reciprocated or not, of a given
cell onto another is only minor for the collective behaviour of the cell population, which is determined by
the concerted action of the thousands of different inputs to each cell. (c) Reasoning in terms of time steps,
or 'iteration cycles', is meaningless anyway, as the dynamics of the real system is in continuous time and,
unless a special synchronization mechanism sets in, is
asynchronous.
A formal model based on firmer assumptions
leads, as we have seen, to different conclusions.
These may be understood intuitively, if one considers that within a large population of cells, firing at
low but non-zero rate, as occurs in cerebral cortex
[26], incoming afferent inputs will find some cells
that are already close to threshold. The slight modification in the firing times of those cells (brought
forward or postponed depending on whether each
cell is excited or inhibited by the afferents) will be
rapidly transmitted through lateral connections, and
(for example in associative networks) contribute to
initiate a self-amplifying process of adjusting the
firing pattern that would have been determined by
external inputs alone. The process will proceed at
a pace set by the time course of synaptic action,
which in practice, in a situation in which transmission delays are negligible, means by the time
constants of synaptic conductances. The fact that
the speed of this 'collateral effect' [27] is essentially independent of prevailing firing rates is somewhat analogous to, and no more puzzling than, the
propagation speed of elastic waves being distinct
from the speed of motion of the individual particles
carrying the wave.
Information-rich neuronal responses emerging at
relatively early stages may therefore reflect not only
feedforward but also, to a considerable degree, lateral
interactions. As discussed above, lateral interactions
may or may not involve, for any given cell, the
propagation of spikes around feedback loops. The
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sequential activation of most such loops will require
more than 20ms, but the population response will
already within that time be dependent on the activation of recurrent connections. The ability of recurrent
connections to contribute usefully to information processing is due to the fact that part of their effects
occurs within a time determined primarily by the time
constants of the synaptic conductances. Slower time
scales, partly intrinsic and partly also associated with
lateral interactions, such as those involving slow inhibition and those underlying adaptation processes, may
produce, later on, further adjustments in the pattern
of firing activity. Those adjustments may possibly,
but not necessarily, increase the information content
of neuronal responses. In addition, in the longer time
scale of 50 or more ms, long range feedback loops,
such as those which may be implemented by backprojections within and to the cerebral neocortex [28],
may be important in a number of types of top-down
influence on information processing.
It is interesting to note that our conclusions depend
on the use of a formal network model in which we
have introduced, in simplified form, important aspects
of real neuronal and synaptic behaviour, such as conductance dynamics. This suggests that the evolution
in time of neuronal activities in the brain may follow very different patterns, even qualitatively, from
those that could be inferred from the behaviour of artificial dynamical systems in which those aspects are
absent. The work described here does suggest that
networks of neurons with dynamics of the type captured by integrate-and-fire neurons can interact sufficiently rapidly for autoassociative memory retrieval to
occur in a biologically plausible and sufficiently short
time. Similar time scales may apply to other networks
such as competitive networks in which the competition is implemented through a population of inhibitory
interneurons [2].
In conclusion, the formal analysis described here
has shown that the dynamics of recurrent networks
with conductance dynamics could operate very fast,
in the order of the time constant of the synaptic conductances. The simulation showed that this can occur
even when the recurrent network is retrieving information from a partial input. The formalism is not
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restricted to that of recurrent attractor networks, but
applies to networks with other architectures such as
feedforward and competitive networks.
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