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Abstract
The speed of processing in the visual cortical areas can be fast, with for example
the latency of neuronal responses increasing by only approximately 10 ms per
area in the ventral visual system sequence V1 to V2 to V4 to inferior temporal
visual cortex. This has led to the suggestion that rapid visual processing
can only be based on the feedforward connections between cortical areas.
To test this idea, we investigated the dynamics of information retrieval in
multiple layer networks using a four-stage feedforward network modelled with
continuous dynamics with integrate-and-fire neurons, and associative synaptic
connections between stages with a synaptic time constant of 10 ms. Through
the implementation of continuous dynamics, we found latency differences in
information retrieval of only 5 ms per layer when local excitation was absent and
processing was purely feedforward. However, information latency differences
increased significantly when non-associative local excitation was included.
We also found that local recurrent excitation through associatively modified
synapses can contribute significantly to processing in as little as 15 ms per
layer, including the feedforward and local feedback processing. Moreover, and
in contrast to purely feed-forward processing, the contribution of local recurrent
feedback was useful and approximately this rapid even when retrieval was made
difficult by noise. These findings suggest that cortical information processing
can benefit from recurrent circuits when the allowed processing time per cortical
area is at least 15 ms long.
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1. Introduction
The speed of processing is a fundamental constraint that must be incorporated into
computational models of vision and of cortical processing in general. An analysis of response
latencies indicates that there is sufficient time for only 10–20 ms per processing stage in the
visual system. In the primate cortical ventral visual system the response latency difference
between neurons in layer IVCβ of V1 and inferior temporal cortical cells is approximately
60 ms [1–3]. For example, the latency of the responses of neurons in V1 is approximately
40 ms [4], and in the temporal cortex visual areas approximately 80–110 ms [5, 6]. Given that
there are approximately six stages of processing in the ventral visual system from V1 to the
anterior inferior temporal cortex, the difference in latencies between each ventral cortical stage
is on this basis approximately 10 ms [7]. Information theoretic analysis of the responses of
single visual cortical cells in primates reveal that much of the information that can be extracted
from neuronal spike trains is often found to be present in periods as short as 20–30 ms [8–10].
Backward masking experiments indicate that each cortical area needs to fire for only 20–
30 ms to pass information to the next stage [10, 11]. Rapid serial visual presentation of image
sequences shows that cells in the temporal visual cortex are still face selective when faces are
presented at the rate of 14 ms/image [12]. Finally, event-related potential studies in humans
provide strong evidence that the visual system is able to complete some analyses of complex
scenes in less than 150 ms [13].
Drawing together evidence of this type, several authors were led to conclude that such
rapid visual processing must be based almost entirely on a feedforward mechanism [7,13–17].
In their view, since the signal has to pass so rapidly through the large number of hierarchically
organised cortical processing stages involved in primate vision, the information could only flow
through the unidirectional chain formed by the synaptic relays connecting one area to the next.
They suggest that information flow through feedback loops based on recurrent connections
within each cortical area would involve an additional number of synaptic steps in each area,
and thus recurrent connections could not contribute to such rapid visual processing. However,
the intuition that recurrent processing is too slow is mainly fostered by results obtained with
early models of autoassociative attractor networks. These networks use associative learning in
the recurrent collateral connections between the neurons to store information, and to retrieve
it through feedback processing [18–20]. In these early models the dynamics of retrieval were
usually simulated with discrete timesteps, with one timestep for each feedback cycle and
simultaneous update of the outputs of the neurons, each of which represented some short-time
average of the neuron’s firing rate. With these simulations of associative networks, typically
several processing timesteps are needed for the network to perform pattern retrieval through the
recurrent processing, and to begin to settle into a dynamical attractor corresponding to a correct
memory retrieval state [21]. Discrete timestep recurrent processing of this type is therefore far
too slow to contribute to rapid visual cognition, given that a biophysical estimate of the time
for a discrete step of the artificial model would be in the order of the neuronal membrane time
constant or the typical inter-spike interval (both of which are in the 10–30 ms range [22]).
However, work done in recent years has shown that recurrent processing in the brain might
be considerably faster than that of early models with discrete dynamics. In fact, it has been
shown that more realistic models of recurrent networks of spiking neurons incorporating the
dynamics of membrane potential and synaptic conductance changes in continuous time can
process information much faster than the discrete timestep models. In particular, networks
of leaky integrate-and-fire neurons with recurrent connections can respond very quickly to a
change in the input current [23, 24]. If the recurrent collaterals are endowed with associative
learning, the network can retrieve information about patterns that are stored in the associative
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synapses within the order of 1–3 time constants of the recurrent synapses (that is within 10–
30 ms if excitatory synaptic transmission during retrieval is mediated by AMPA receptors with
an inactivation time constant of 10 ms) [25, 26]. The way in which networks with continuous
dynamics (such as networks made of real neurons in the brain, and networks modelled with
integrate-and-fire neurons) can be conceptualized as settling so fast into their attractor states
is that spontaneous activity in the network ensures that some neurons are close to their firing
threshold when the retrieval cue is presented, so that the firing of these neurons is influenced
within a few ms by the retrieval cue. These neurons then influence other neurons through the
modified recurrent collateral synapses which store the information within ms (given the point
that some other neurons will be close to threshold). In this way, the neurons in networks with
continuous dynamics can influence each other within a fraction of the synaptic time constant,
and retrieval can be very rapid [21]. This work challenges the hypothesis that only feedforward
processing is relevant for fast visual cognition, and provides a foundation for understanding
rapid cortical information processing.
The studies of the continuous time dynamics of networks of spiking neurons described
above focused mainly on single networks. A full understanding of the contribution of
recurrent collaterals to fast visual processing would also require a study of the dynamics
of hierarchically organized networks, in which the signal is transmitted between areas by
feedforward connections, and is at the same time processed within each area by recurrent
connections. In fact, there are aspects of the dynamics of a network with a complex architecture,
such as the interaction between recurrent and feedforward processing when the signal from the
previous area is poor, that may be overlooked or difficult to address when focusing on single
modules. We therefore present in this paper a simulation study of the dynamics of a four-layer
network of integrate-and-fire neurons, with associative feedforward connections between each
layer and the next, and with excitatory recurrent collateral connections in each layer, as well
as local inhibition. Each layer models a single cortical area in the visual hierarchy. Since it
is of interest to test how rapidly multistage systems with different functional architectures can
transmit information, we compared the dynamics of information retrieval in cases where the
recurrent connections are associative, to situations in which the recurrent collaterals are either
removed or are uniform producing purely feedforward information processing. The main
finding was that the processing time of the multilayer system can be as fast as approximately
15 ms per layer even when feedback information processing is required within each layer.
Purely feedforward processing can be much faster than if the signal provided to each layer
is information-rich, that is in low-noise conditions. These results provide a foundation for
understanding the rapidity with which feedback processing within each layer of a multilayer
system can contribute to rapid information processing. They also emphasize the importance
of the feedback processing when the signals to each stage are noisy.
2. Methods
2.1. Network structure and single neuron models
The model consisted of four layers of excitatory and inhibitory populations (see figure 1).
Excitatory neurons within each layer were connected by excitatory recurrent collateral synaptic
connections, implementing local feedback and denoted as RC in the following. The RC
synapses were set up by associative (Hebbian) learning in some of the simulations. The
excitatory populations within one layer were connected to the excitatory cells in the next layer
by Hebbian feedforward (FF in the following) projections. Non-associative inhibition within
each layer was also provided.
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Figure 1. The structure of the excitatory connections in the network. There are feedforward (FF)
connections between each layer and the next, and excitatory recurrent collaterals (RC) in each layer.
Inhibitory connections are also present within each layer, but they are not plotted in this figure.

Each layer was composed of NE = 800 excitatory units, and 400 inhibitory units, divided
into NS = 200 ‘shunting’ inhibitory units and NH = 200 ‘hyperpolarizing’ inhibitory units.
Each unit was modelled as a leaky integrate-and-fire device, and it represented a neuron as a
single branch, compartmented, dendrite, and a point-like soma where spikes were generated.
(The neuronal model is similar to that of [26].) The compartmental model was used in order
to implement shunting inhibition, which is necessary for stable pattern retrieval in a recurrent
system [26]. The current flowing from each compartment to the external medium was expressed
as

I (t) = gleak (V (t) − V 0 ) +
gj (t)(V (t) − Vj ),
(1)
j

where gleak is a constant passive leakage conductance, V 0 the membrane resting potential,
gj (t) the value of the j th synapse conductance at time t, and Vj the reversal potential of the
j th synapse. V (t) is the potential in the compartment at time t. A list of all the parameter
values used is reported in table 1. We note here that the RC integration time constant of the
membrane of excitatory cells was 20 ms long for the simulations presented. The synaptic
conductances decayed exponentially in time, obeying the equation

dgj
gj
= − + gj
δ(t −
dt
τj
k

j

t − tk ),

(2)

where τj is the synaptic decay time constant, t is a delay term summarizing axonal and
synaptic delays, and gj is the amount the conductance is increased when the presynaptic
unit fires a spike. gj thus represented the (unidirectional) coupling strength between the
j
pre-synaptic and the post-synaptic cell. tk is the time at which the pre-synaptic unit fires its kth
spike. For consistency with the single layer study of [26], we decided to present mainly results
of simulations not including an axonal conduction delay and using a slightly conservative
value of 10 ms for all the excitatory synapses5 . This was to make sure that the time course
5

The inactivation time constant of AMPA channels is generally reported to be in the range 5–8 ms [27].
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Table 1. Parameters used in the simulations. Parameter values were taken from [22,26]. Inhibitory
parameters were then adjusted in order to get similar mean firing levels across the different
conditions tested (see text). The symbols †, ¶, and § are placed near parameter values that are
used only in simulations of the ‘Hebbian RC’, ‘no RC’, and ‘Hom. RC’ type respectively. Note
that the index E in the parameter symbols refers to excitatory units, the index S indicates shunting
units, and the index H is used for indicating hyperpolarizing units. Voltage parameters in this
table are relative to the resting value of the neuronal membrane potential, which was set to zero.
Parameters reported here correspond to the ‘no delay’ simulations. Parameters changes for the
‘delay’ case are discussed in the main text.
Quantity

Symbol

Value

# Excitatory cells
# Hyperpolarizing Inh. cells
# Shunting Inh. cells
Corruption level

NE
NH
NS
ρ

800
200
200
0.3

# Dendritic compartments
Dendritic compartment leakage conductance
Somatic compartment leakage conductance
Dendritic–dendritic axial conductance
Exc. somatic capacitance
Inh. somatic capacitance

Ncmp
Gd0
Gs0
Gdd
0
Csom,E
Csom,S , Csom,H

10
6.28 × 10−14 (S)
5 × 10−9 (S)
2.25 × 10−7 (S)
1 × 10−10 (F)
5 × 10−12 (F)

Cue current
Firing threshold potential (exc.)
Firing threshold potential (inh.)
After-spike hyperpolarization potential

Icue
E
S ,  H
Vahp

0.25 (nA)
32 (mV)
25 (mV)
−15 (mV)

Excitatory–excitatory connectivity level
Excitatory–inhibitory connectivity level
Inhibitory–excitatory connectivity level
Inhibitory–inhibitory connectivity level
Feed–forward connectivity level

CEE
CES , CEH
CSE , CHE
CSS , CHH
CFF

1
0.25
0.25
0.5
0.5

Exc.–exc. syn. conductance par. (Hebb RC)
FF Hebbian Syn. conductance par
Exc.–exc. synaptic conductance (Hom. RC)
Exc.–inh. synaptic conductance
Shunting–exc. synaptic conductance
Hyperpolarizing–exc. synaptic conductance
Inh.–inh. synaptic conductance
Exc. synaptic reversal potential
Shunting synaptic reversal potential
Hyperpolarizing synaptic reversal potential
Exc.–exc. synaptic time constant
Exc.–inh. synaptic time constant
Inh.–exc. synaptic time constant
Inh.–inh. synaptic time constant

gEE
gFF
gEE
gES , gEH
gSE
gHE
gSS , gHH
VE
VS
VH
τEE
τES , τEH
τSE , τHE
τSS , τHH

1.2 × 10−7 † (S)
1.2 × 10−7 (S)
0¶; 4.1 × 10−10 § (S)
4 × 10−9 (S)
1.42 × 10−8 (S)
1.5 × 10−8 †¶ ; 10−13 § (S)
9 × 10−10 (S)
65 (mV)
0 (mV)
−40 (mV)
10 (ms)
1 (ms)
1 (ms)
1 (ms)

reproduced by the model was not artificially fast6 . For other control simulations (see figure 6),
we set the excitatory inactivation time constant to the more realistic value of 7 ms and included
a transmission delay t = 3 ms. The reason for choosing the same value of 3 ms for both RC
and FF axonal conduction delays is that local excitatory axons, though shorter, have in general
6

Note that in the mean field approximation the retrieval time near the attractor settling is proportional to the synaptic
inactivation time constant [25]. This was verified by simulations for a single layer network in [26] and was fully
confirmed in the FF case in this study (data not shown).
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slower conduction speed than between-area connections [2]. The inhibitory system was set
to work faster than the excitatory one, as this was helpful for preventing destabilization of the
attractor retrieval dynamics due to neuronal synchronization (see [28] for detailed studies of
regimes of inhibitory couplings leading to synchronization).
For each timestep of 1 ms, the cable equation for the dendrite was integrated [22] with
a finer time resolution of 0.1 ms, and the somatic potential was compared with the spiking
threshold V thr . When this was exceeded, the post-synaptic conductances were updated and the
somatic potential was reset to the after-hyperpolarization value V ahp throughout the neuron.
The intralayer connections from excitatory to inhibitory, from inhibitory to excitatory, and
between inhibitory units were taken to be homogeneous, that is, all of the same strength. The
intralayer connectivity was 0.25 between excitatory and inhibitory populations, and 0.5 within
each inhibitory population. There were no connections between shunting and hyperpolarizing
cells. To build the connections, each cell was connected to a fraction of the cells of the
receiving population chosen at random according to the level of connectivity. In contrast, the
excitatory units within a layer were all connected to each other. This high connectivity was
necessary to produce sufficient statistical averaging in the synaptic input to each unit because
of the small size of the simulated network. The connectivity of the FF excitatory connection
between excitatory units of successive layers was set to 0.5. This was to take into account
the fact that cortical cells receive more excitatory inputs from neurons in the same region than
from axons coming from more distant parts of the cortex.
Both RC and FF excitatory-to-excitatory connections encoded in their strength p
L;µ
memorized patterns of activity ηi , consisting of binary words (with elements 0 or 1), the
fraction of active units in the pattern being a = 0.1. The p patterns (indexed by µ = 1, . . . , p)
L;µ
ηi to be stored in each layer were chosen at random independently for each layer L. Encoding
was implemented through a Hebb rule as follows, with a procedure ensuring that the synaptic
weights (conductances g in the model) are always positive. All conductances were initially
set to zero and then, for each pattern, the synapse from the ith to the j th unit was modified
by an (associative, Hebbian) covariance term, which is reported below for the RC and FF case
(see table 1 for the values of the parameters):
 L;µ
  L;µ

ηj
gEE ηi
RC
g =
−1
−1 ,
(3)
pNE
a
a
 L;µ


  L+1;µ
ηj
ηi
gFF
FF
(4)
g =
− 1 + σFF δFF ,
−1
pNE
a
a
δFF in the equation above is a noise term of zero mean and uniformly distributed between
−0.5 and 0.5. It was used to modify the information content of the FF (signal) input to each
layer. Both δFF and σFF are dimensionless quantities that modify the pattern-dependent term
multiplying the synaptic conductance term7 . If, after summing each pattern, the synaptic
conductance became negative, it was reset to zero. Memories were therefore stored through
a ‘random walk with one reflecting barrier’ procedure. The barrier acted as a ‘forgetting’
mechanism [26,29], as whenever the conductance value bumped into the barrier, it lost memory
about the previously presented patterns. For computational reasons, the network was tested at
low memory loading (p = 10).
In order to test the speed of processing in the purely FF case, the RC connections were
switched off in some of the simulations by setting g RC = 0. The inhibition was reduced
accordingly to compensate for the decreased level of intralayer excitation, thus achieving
To get a feeling of the meaning of σFF values, one should compare them with the magnitude of synaptic strength
changes enforced by each pattern (taking into account that a was set to 0.1 in our simulations).

7
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similar mean rates as in the associative (Hebbian) RC case. In another control condition, used
to test the specific effect of the plasticity of RC, we set all the conductances of the recurrent
collateral synapses to a constant value, chosen again to achieve, in each layer, the same mean
rates as in the case of Hebbian synapses.
The excitatory synapses impinged on the distal end compartment of the post-synaptic
dendrite, and they had a positive reversal potential (with respect to the resting membrane
potential). Inhibitory synapses of the shunting type were distributed uniformly along the
dendritic body, and they had a reversal potential equal to the resting membrane potential.
Inhibition of this type leads to a mainly divisive effect on the post-synaptic firing rate [30].
Inhibitory synapses of the hyperpolarizing type were instead located at the distal end of the
dendritic tree, colocalized with excitatory inputs, and had a reversal potential lower than the
resting membrane potential. This last type of inhibition is predominantly subtractive in nature.
2.2. Simulation protocol
Once the connection matrix was constructed, a test of the retrieval dynamics was performed
according to the following protocol:
2.2.1. Layer 1 (L1) Layer 1 was a recurrent network responding to a cue current, and was
used to set the stage for retrieval in successive layers. L1 provided a pattern-specific cue signal,
which initiated retrieval in the successive layers. The structure of L1 was essentially identical
to the autoassociative network studied in [26], to which we refer for full details. In brief,
in the first 100 ms (for −100  t < 0, t being the simulation time), a current was injected
into a random fraction a = 0.1 of the units of all types. This generated non-specific activity,
modelling the effects of spontaneous firing or of a previous visual stimulus. At simulation
time t = 0 ms, the retrieval process was started by replacing the random current with a cue
current, injected in a fraction a + (1 − a) of the L1 units active in the pattern being tested
and in a fraction a(1 − ) of the units inactive in the pattern.  was the average correlation
between pattern and cue. It was set to 0.3 for all the simulations presented. The cue current
lasted for another 300 ms.
2.2.2. Successive layers (L2–L4) Each of the successive layers (L2–L4) was activated by the
incoming spikes, received by the previous layers through FF excitatory projections. As for L1,
spontaneous activity was generated initially (only for −100  t < 0) by injecting a current in
a random fraction a = 0.1 of the units. Then another 300 ms of simulation followed, in which
the network processed the pattern-specific cue received by the previous layer.
2.3. Quantification of the performance of retrieval
The time course of processing and of retrieval of the stored patterns was quantified by using
the mutual information about which pattern was presented in L1 that was carried at different
times by the responses of small populations of excitatory neurons in each layer. There are
several advantages in using an information theoretic measure. First, mutual information is
the only measure of correlation that is consistent with simple and plausible requirements [31].
Second, mutual information naturally quantifies how significant the differences in the responses
to different stimuli are with respect to variability or spontaneous activity. Third, unlike
simpler measures such as pattern overlap, the same information measure can be applied to
neurophysiological recordings of small neuronal populations [32, 33], thereby facilitating the
comparison between theory and experiment. The mutual information was computed as follows.
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The retrieval simulation protocol was repeated for 25 ‘trials’ for each stored memory. A
population of 100 randomly selected excitatory units was sampled for the number of spikes
they fired in a 10 ms long time window. The population size and the time window length were
limited to the values reported because the information measure used here may suffer problems
for too large populations or too small time windows, see [33]. The window was moved across
the entire simulated time course with steps of 2 ms. The population firing rate vector was
constructed at every timestep of each trial and was decoded. Decoding consisted in [32]
predicting the pattern presented on each trial from the average response and its distribution
across all the patterns. The predicted memory pattern s p was the one whose mean response
was closest (using a ‘Euclidean distance’ [33] measure in the response space) to the response
on the particular trial. The result of decoding all the trials was a probability table Q(s p |s)
containing the relation between the actual cue pattern s that had been presented on a trial
and the cue pattern s p that was predicted to have been presented by measuring the neuronal
response. The mutual information I between the actual and decoded pattern, was calculated
as follows:
1
Q(s p |s)
I (s, s p ) =
.
(5)
Q(s p |s) log2
Q(s p )
s p sp
A term correcting for the limited number of trials was then subtracted from equation (5),
as explained in [34]. We verified that the number of trials used was sufficient to obtain solid
information estimation as follows. First, we made sure that the number of trials per stimulus was
larger than the number of stimulus classes. This condition, as shown by computer simulations
in [34], ensures that the bias corrections are reasonably accurate. Second, we replicated the
control analysis introduced in [6]. Namely, we recomputed the information values using
random subsets of 15 and 20 trials respectively. We verified that, after subtracting the bias
correction, the results obtained using fewer trials were not statistically correlated with the
number of trials. In the few cases where there were differences with the number of trials, the
differences were in the range of the timestep with which the sliding window was moved.
An interesting feature in using such a decoding step to compute the information is
that the same decoding procedure can also be performed, in principle, by a downstream
neuron receiving the population responses through appropriate synaptic weights [33]. All
the information extracted in this way is thus likely to be readable by downstream cells.
3. Results
The aim of this study is to understand the dynamics of information processing in multiple
layer networks with both feedforward and local recurrent connections, and in particular to
investigate the speed of the specific RC contribution. For this purpose, it is useful to compare
the information processing in three different conditions. In the first condition (‘no RC’), the
RC in L2–L4 are switched off, and therefore the propagation of the FF signal does not have to
compete against any non-specific excitatory activity in each layer.
In the other two conditions, the FF inputs have instead to compete against local excitation.
In the ‘Hebbian RC’ case, the RC in L2–L4 were trained with Hebbian learning of the patterns,
and therefore they contribute to processing by making the local excitation pattern-specific.
In the last condition (‘homogeneous RC’), all RC synapses in L2–L4 are homogeneous,
i.e. set to the same value which is the average of the values when trained with the Hebb rule.
The information processing in this case is still all FF, as no information is stored in the RC.
The RC provide in this case only non-pattern-specific activation. This type of activation is
present in the inputs to a cortical neuron (as a result of spontaneous firing or of a previous
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visual stimulus) at the time when the neuron is reached by the FF signal coming from the
previous area, even if the hypothesis is valid that the RC would not have time to contribute to
processing. Therefore this is an important control condition both to estimate realistically the
speed of pure FF processing, and to understand over what time scale the RC are able to refine
retrieval by modifying the local excitation depending on the signal coming from the preceding
stage8 .
We also investigated the effect of the amount of information contained in the FF signal
coming from the previous layer. It is intuitive that it takes more time to process and retrieve a
pattern when the cue signal is less rich or is noisier. However, the RC contribution may become
important at different speeds depending on the signal quality, and we wished to investigate
this.
We start by showing in figure 2(a) the speed of operation of L1. L1 operated in all
the simulations in the same way as a recurrent autoassociative network responding to a cue
current injected at t = 0 ms, so that the signal received and processed by L2–L4 was the same
across conditions. L1 dynamics were studied in detail in [26]. The information about the
cue becomes very significant within a time in the order of 10–20 ms from cue injection. Its
time course indicates when L2 starts to receive useful inputs. For the measure of information
latencies, an information value of I = 0.5 bits was arbitrarily chosen9 . For L1, 0.5 bits of
useful information about which pattern was presented can be read off from the firing of the
neurons within 10 ms of cue injection. All the latency measures in successive layers must be
interpreted in the knowledge of this reference L1 information latency value.
We begin the study of the propagation of the signal in the successive layers (L2–L4) by first
considering the case in which the cue signal provided by the FF connections is information rich.
This is achieved when there is little noise in the FF connections (σFF = 10), and is reported in
figure 2(b)–(d). We examine first the ‘no RC’ condition, where the FF signal does not have
to compete against any non-specific local excitatory activity. It is evident that in this case
the FF associative connections alone are able to account for good pattern discrimination. The
information plateaus are, for all layers, not far from the information level for perfect pattern
recognition (i.e. I = 3.3 bits). The information latencies in the no RC condition are 16 ms for
L2, 22 ms for L3, and 30 ms for L4. Therefore, useful information is passed between three
layers in approximately 20 ms, corresponding to 6–7 ms per layer.
We examine now the propagation of the signal when the FF inputs have to compete with
local excitation. When the RC are Hebbian, there is a delay of about 10 ms per layer in
information latencies with respect to the ‘no RC’ case (see figures 2(b)–(d)). The total delay
across 3 layers is 44 ms. This happens because the FF input meets non-specific local excitation,
and therefore more time is needed to remove the effect of this noise. (Note that, given the
connectivity values used here, the local recurrent excitation is twice as big as the FF inputs.)
However, having been trained with the Hebb rule, the RC are able to make the local excitation
more pattern specific using the local attractor dynamics, and thus the information can reach a
slightly higher level of pattern discrimination than in the ‘no RC’ case. In this condition the
information latency is longer than in the ‘no RC’ case. Thus the speed of information retrieval
in the pure FF paradigm depends on the amount of local non-specific excitation.
8 We stress that we have set the inhibitory parameters such that the mean firing rates are as similar as possible across
the simulations to be compared and across all the four layers.
9 The value of 0.5 bits of information about which stimulus was presented is a useful point at which to measure the
latency of retrieval because 0.5 bits is a much higher amount than random fluctuations of information values, which
corresponded to the amount of information computed in the pre-cue time and were in the range of 0–0.05 bits. Also,
0.5 bits was still far from the log 2(10) = 3.3 bits necessary to discriminate perfectly the ten patterns, and therefore
latency measures were not distorted by ‘ceiling’ effects.
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Figure 2. The information time course of the average information carried by the responses of a
population of 100 excitatory neurons in each layer. In the simulations considered here there is
little noise in the FF synapses (σFF = 10). Layer 1 is tested in just one condition. Layers 2–4 are
tested in three different conditions: no RC, Hebbian RC, homogeneous RC (a) Layer 1; (b) layer 2;
(c) layer 3; (d) layer 4.

Now we consider the ‘homogeneous RC’ case. The information latency is slower than in
the Hebbian RC case, and the total information reached is much lower, as shown in figure 2(d).
For example, already at t = 50 ms, considerably more information is available in L4 when the
RC are Hebbian as compared with homogeneous. Therefore we can conclude that by 50 ms
the associative processing in the RCs is already improving the quality of retrieval. Taking into
account the L1 latency, this corresponds to less than 15 ms per layer.
It is also important, however, to understand the dynamics of the system when the signal
provided by the preceding stage is poorer, so that the recurrent collateral attractor processing
becomes more critical for good retrieval. Results on this are shown in figure 3. The difference
with respect to figure 2 is that now during training a larger amount of noise is included in the
FF projections (σFF = 21). Figure 3 shows that, when the FF carry an incomplete signal, some
information is still transmitted successfully in the ‘no RC’ condition, and with a relatively
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Figure 3. The information time course in each layer when there is much more noise in the FF
synapses (σFF = 21). Symbols as in figure 2 (a) Layer 1; (b) layer 2; (c) layer 3; (d) layer 4.

short latency. However, the noise term in the FF synaptic strengths makes the retrieval fail
more and more layer by layer.
When the RC are present and operating after Hebbian training, the amount of information
retrieved is now much higher, because the RC are able to correct a good part of the erroneous
information injected into the neurons by the noisy FF synapses. In L4, 66 ms after cue injection
in L1, the information in the Hebbian RC case is 0.2 bits higher than that provided by the FF
connections in the ‘no RC’ condition. This shows that the RC are able to retrieve information
in L4 that is not available by any other pure FF mechanism after only roughly 50–55 ms from
the time when L1 responds. (This corresponds to 17–18 ms per layer.) When the recurrent
excitation is uniform, the retrieved information is significantly less than in the corresponding
Hebbian RC case for each layer and almost every timestep. This indicates that the RC are, in this
case, almost immediately effective in turning the local excitation from non-specific to specific.
We now consider the time course of the neuronal firing, since its study can help understand
the mechanisms of information retrieval. Examples of the network activity in L2 and L4 are
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Figure 4. Time course of the mean firing rate of the excitatory neurons in the network. The average
activity of all neurons (obtained in the Hebbian RC case) is plotted against the average activity
of all the neurons that should be active in the pattern (indicated as ‘+’ cells in the legends). The
mean activity in the ‘no RC’ case (not plotted) is very close to the mean activity in the RC case.
(a) Layer 2, σFF = 10; (b) layer 4, σFF = 10; (c) layer 2, σFF = 21; (d) layer 4, σFF = 21.

reported in figure 4. The noise values are the same as those used for the information results
plotted in figure 2 and 3. The mean firing rates of the excitatory neurons in the network
were computed averaging over all trials and over all the excitatory cells and using a 2 ms
long sliding integration window. Since the inhibitory parameters were set to make the mean
activity of excitatory neurons as constant as possible across conditions, we report the mean
activity level only for the RC case (the mean activity in the ‘no RC’ case is similar within 5%
for all timesteps and simulations). We then selected, for each pattern presentation, what we
called the ‘+’ neurons, i.e. the neurons that were active in the stored pattern (and that should
hence be firing during correct pattern retrieval), and we averaged their activity separately.
The firing rates of ‘+’ neurons gradually increases above the baseline activity. The time course
of increase of rate of the neurons active in the pattern is clearly related to the information time
course. In particular, 0.5 bits of information are reached when the mean activity of ‘+’ neurons
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Figure 5. Response latencies are plotted for different values of the noise in the FF synaptic
strengths. (a) Layer 3 latencies, (b) layer 4 latencies.

is higher than approximately 22–23 Hz, i.e. at this rate there are enough spikes from ‘+’
neurons to start making the pattern identification more correct. Note also that the plateau of
information values reached for long times correlates to the plateaus reached by the firing rates
of ‘+’ neurons—the larger the separation between the rate of ‘+’ neurons and the average, the
higher the information reached10 . Hence the firing rate analysis confirms the timescales found
with the information analysis.
The response latencies in L3 and L4 for different values of the noise in the FF synaptic
strengths are reported in figure 5. In all conditions, the network is faster for zero noise. For
σFF = 0, information latencies are 22 ms for L3 and 32 ms for L4 in the ‘no RC’ case, and
36 ms in L3 and 54 in L4 for the Hebb RC condition. Thus purely FF processing is significantly
delayed when noise is injected in the FF synaptic strengths. The interesting result is that the
latency for the Hebbian RC case is much less delayed in the presence of noise. This indicates
that the RC can contribute to information retrieval within a short time frame, and that in fact
their presence may be particularly important in noisy conditions.
To directly model conduction time delays that might affect the overall time per layer
of the network, we ran additional simulations with a conduction time delay of 3 ms both
for the recurrent collateral axons and for the axons connecting to the next layer, and with
an AMPA time constant for the recurrent collateral synapses of 7 ms (rescaling the synaptic
conductances so that the total charge passed by a single synaptic event is the same as in the
10 ms case). Under the simple hypothesis that the retrieval time is approximately proportional
to the inactivation time constant of the Hebbian excitatory collateral synapses (as is the case in
the mean-field approximation [25]), added to the axonal transmission delays, the two situations
should give very similar information latency results. We found that the information latencies
obtained with transmission delays of 3 ms and a reduced synaptic inactivation time constant
of 7 ms confirmed the conclusions reached with the simulations without delays and with
longer synaptic inactivation time constant of 10 ms, although there were some differences.
The small difference between rates of ‘+’ neurons and the mean at time t = 0 is due to the finite number of pattern
stored, and it does not carry any information (see [26], and figures 2 and 3).
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Figure 6. A comparison of the information time course obtained in the simulations with and
without conduction delays. An inactivation time constant of 10 ms was used for the excitatory
synapses in the no-delay case, and a delay of 3 ms and a synaptic inactivation time constant of
7 ms was instead used in the delay case. A value of σFF = 16 was used for the noise parameter.
(a) layer 2, Hebb RC (b) layer 4, Hebb RC (c) layer 2, no RC (d) layer 4, no RC.

An example of the dynamics with delays, for a noise value intermediate to those presented in
figures 2 and 3, is illustrated in figure 6. It is apparent that the onset of retrieval follows a similar
pattern in both conditions, although the information plateau reaches a different value due to
differences balance of excitation and inhibition reached in the two conditions (we rescaled
only the excitatory synaptic conductance, leaving the inhibition parameters unchanged).
4. Discussion
We simulated the dynamics in continuous time of a multi-layer network of integrate-andfire neurons when it is retrieving the information stored in both the feedforward and withinlayer recurrent synaptic connections. The novelty of this paper, with respect to previous
studies [25,26,35] considering a single cortical module, is that we have addressed more directly
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the timescale of the specific contribution of recurrent feedback processing within layers along
a multilayer pathway with forward connections between layers.
We found that, when the information content of the FF signal is very good, then pure
FF processing is very fast when local excitation is absent. In this condition, the signal can
be propagated across layers within 6–7 ms per layer. Given that we used inactivation time
constants of 10 ms for the excitatory synapses, and an integration time constant of 20 ms for
the membrane of excitatory neurons, the FF processing speed in continuous time is much faster
than that predicted by a discrete timestep model. In this latter case at least one timestep would
be required for each layer. We also found that the speed of pure FF information is slowed
down when the FF signal has to compete with local non-specific excitation, particularly in
conditions where the FF signal is information poor. This local non-specific excitation would
be present in the cortex, where it would reflect either the spontaneous firing of the neurons, or
the firing of the neurons to a preceding, different, stimulus.
We found that when the within-layer excitation involves feedback through Hebbian
synapses, it can contribute to substantial information retrieval within 15 ms per layer, and
information retrieval remains relatively fast even when the cue provided to the layer is very
noisy. A comparison of the Hebbian RC case with the homogeneous RC case shows that the
RC are able to make local excitation pattern-specific in a time of approximately 10 ms per
layer, thereby facilitating the information transmission to the next area in a very short time.
Our results hence confirm the hypothesis that FF processing can be very fast, 6–7 ms per
cortical stage, at least in noiseless conditions. However, if there is noise in the system (related
for example to imperfect processing by earlier stages, or a noisy signal) then FF processing is
slowed. Our study also shows that 15 ms per cortical area may be enough for performing both
FF and recurrent computations. Hence, RC synapses can contribute significantly to stimulus
processing, in a given area, within 10 ms of the initiation of the FF sweep of activity in that area.
Recurrent processing is often suggested to be responsible for more sophisticated computations,
such as visual attention, curve tracking and other phenomena that usually involve changes in
a neuronal response happening on a timescale of several tens of ms per area (see e.g. [17, 36]),
and are hence not attributable to FF synapses only. However, the results presented here show
that recurrent processing can be performed in an area within only 10 ms of the initial FF
sweep of activity under noiseless conditions. Therefore, feedback processing is sufficiently
fast that it can contribute to a variety of visual computations based on changes on neuronal
activity on the times scale of 15 ms of processing time per layer. Hence, recurrent processing
may play a role in phenomena such as rapid selectivity of face cell neurons under backward
masking [10,11], rapid stimulus presentation [12], or rapid change from coarse to fine stimulusrelated information in IT [6]. FF synapses in layered systems with continuous dynamics are
part of the mechanism by which rapid cortical information processing is possible, and can
certainly account for the rapid performance of some cognitive tasks [7, 13, 17]. What we have
shown in this paper is that feedback processing within a layer can be sufficiently rapid to
contribute to many other tasks, and indeed may actually be needed if the system is to work
well under noisy conditions.
A simplification of the model is the strictly sequential architecture of the network used to
model successive stages of the visual system. Although analysis of the anatomical connectivity
suggests that the primate visual system is organized hierarchically [37, 38], there are also
direct connections from V1 to several non-primary areas at different levels of the visual
hierarchy [37]. For this reason, a fraction of the visual processing in each stream might
be done in parallel. Indeed, although response latencies in the ventral stream present a precise
hierarchical organization, response latencies along the dorsal pathway are largely overlapping
and consistent with more parallel processing [1,3]. We note that, if part of the visual processing
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is done in parallel, there is more time for each area to process the signal within the 150 ms
needed for fast visual cognition [13], and therefore the constraints that the speed of recurrent
processing has to satisfy would be much less stringent. Therefore the timescales for recurrent
processing met by our sequential model might be taken as a ‘worst-case’ scenario in which
there is only serial, hierarchical processing. The possibility that part of visual function may
be performed in parallel also suggests that further anatomical and neurophysiological studies
may be necessary to define more precisely the processing time allowed per visual area.
We were able to address the speed of local (within area) feedback processing, but not the
speed of top–down processing, involving back projections from higher areas. However, by
the very same principles of continuous dynamics involved here, one would expect that top–
down effects can arise in a much shorter time than would be expected from discrete timestep
dynamics.
In this study we estimated the processing time per layer by taking the processing time
required by the whole four-layer network and by dividing it by the number of layers. However,
it is possible that the processing time required by higher layers is a little more than that required
by lower layers. Indeed, this effect was evident in our simulations. For small noise values, the
fourth layer took a few ms more than the third layer to provide 0.5 bits of information. For
example, in the Hebb RC case, the layer 4 latency for low noise was 18 ms (to be compared
with the average of 16 ms across layers). In the ‘no RC’ case, the layer 4 latency for low noise
was 8 ms (to be compared with the average value of 6 ms across layers). Increasing the noise,
we found this cumulative effect was much more marked for pure FF processing than for the
Hebb RC case (see figures 3 and 5). From this last finding, from the small magnitude of the
effects found, and from the fact that the number of processing stages of the primate ventral
visual system is approximately six, we conclude that our estimate that recurrent circuits in each
layer can contribute within 10 ms of the initial sweep of FF information is however robust.
It is of interest that part of the capability studied in some connectionist networks is obtained
by virtue of the discrete timestep approach. One example is the connectionist type of recurrent
network, which can produce a particular sequence of outputs by virtue of counting through
its timesteps (see e.g. [39]). Given that the continuous time dynamics of networks of spiking
neurons seem to be rather different from that of discrete-time models, with no discrete states
in ‘timesteps’ on the way, the issue of how sequences of discrete states are produced becomes
more complicated, and cannot be solved in this unrealistic way.
Finally, we note that attractor network processes operating by feedback may operate in
many brain areas with the types of dynamical processing described in this paper. The feedback
may be implemented by for example recurrent collateral connections, or by associatively
modifiable forward and back-projections between cortical areas. The brain systems to which
this may apply include the cerebral cortex, for example to implement short term memories;
and the CA3 cells of the hippocampus to store and later retrieve information rapidly [21].
The generic results on the dynamics of feedback systems implemented with integrate-and-fire
neurons that are described in this paper are expected to apply to all these systems.
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