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Abstract

The concept of bell-shaped persistent neural activity represents a cornerstone

of the theory for the internal representation of analog quantities, such as

spatial location or head direction. Previous models, however, relied on the

unrealistic assumption of network homogeneity. We investigate this issue in a

network model where fine-tuning of parameters is destroyed by heterogeneities

in cellular and synaptic properties. Heterogeneities result in the loss of stored

spatial information in a few seconds. Accurate encoding is recovered when a

homeostatic mechanism scales the excitatory synapses to each cell to compen-

sate for the heterogeneity in cellular excitability and synaptic inputs. More-

over, the more realistic model produces a wide diversity of tuning curves,

as commonly observed in recordings from prefrontal neurons. We conclude

that recurrent attractor networks in conjunction with appropriate homeostatic

mechanisms provide a robust, biologically plausible theoretical framework for

understanding the neural circuit basis of spatial working memory.
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Introduction

Neural correlates of the internal representation and memory of spatial information

(such as an angle or a location) have been observed in many brain regions. Ex-

amples include mnemonic persistent activity in the prefrontal and parietal cortices

associated with working memory (Gnadt and Andersen 1988; Funahashi et al. 1989;

Chafee and Goldman-Rakic 1998; Rainer et al. 1998), head-direction selective activ-

ity in cortical and sub-cortical structures (Rank Jr. 1985; Taube 1995; Sharp et al.

2001) and place cell activity in the hippocampus (O’Keefe and Dostrovsky 1971;

Wilson and McNaughton 1993; McNaughton et al. 1996). Neurons in these areas

encode and store spatial information, even when explicit sensory stimuli are absent.

For instance, if a monkey must remember the spatial location of a transient stimulus

for a few seconds in order to perform a delayed behavioral response, single neurons

in the dorsolateral prefrontal cortex display location-specific activity that persists

during a delay period after the stimulus has been withdrawn (Goldman-Rakic 1992).

The spatial selectivity of a cell’s memory activity can be quantified in terms of a

broad bell-shaped tuning curve with the maximum at the cell’s preferred location.

Given this type of encoding, if neurons of the network were labeled and arranged in

space according to their preferred locations, the activity pattern during the delay

period would be localized, with the memory of the stimulus location being encoded

in the peak location of the network activity profile. Such bell-shaped firing patterns

(‘bump’ states) provide a population representation of the remembered spatial cue

(Figure 1B), which can be used to guide the behavioral response. Working memory

function arises from the ability of the network to sustain localized persistent firing

patterns by virtue of its internal reverberatory dynamics during the delay period

when the specific external input is no longer present (Wang 2001). The bump states

can, in this sense, be interpreted as dynamical attractors of the working memory

network.

A theoretical framework has been developed for understanding the properties

of neural activity recorded during the maintenance of spatial information. This

framework assumes that the localized neural firing patterns are self-sustained by

synaptic interactions in a local recurrent network (Ben-Yishai et al. 1995; Camperi

and Wang 1998; Compte et al. 2000; Zhang 1996; Samsonovich and McNaughton

1997). A crucial feature of these models is the assumption that the local network is

homogeneous, with the properties of all the cells in the network being identical. As
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a result, any localized activity pattern displaced spatially leads to another activity

pattern of the same shape but peaked at a different location. For large networks,

this ensures that the continuous nature of spatial information is preserved by a con-

tinuous family of bump attractors, each encoding a different stimulus location. This

paradigm has been successful in describing the phenomenology of spatial working

memory experiments (Camperi and Wang 1998; Compte et al. 2000), place cell

activity (Tsodyks and Sejnowski 1997; Samsonovich and McNaughton 1997) and

head-direction related activity (Skaggs et al. 1997; Zhang 1996; Redish et al. 1996;

Xie et al. 2002), and it has also been postulated to play an important role in the

optimal read-out of noisy population codes (Deneve et al. 1999). Furthermore, be-

havioral results in monkeys (White et al. 1994) and humans (Ploner et al. 1998)

show that the accuracy of saccades to remembered target locations decreases as the

memory period increases in a way consistent with the predictions of a model with a

continuum family of bump attractors (Compte et al. 2000).

The homogeneity assumption is, however, biologically unrealistic. Indeed, in a

given neural population, the membrane properties vary considerably from cell to

cell (see, e.g., Mason and Larkman (1990)) and the number and efficacy of synaptic

connections are also variable (Braitenberg and Schütz 1991). The effect of hetero-

geneities in these models has not been systematically characterized, but previous

studies suggest that even with a small amount of heterogeneity most of the contin-

uum of bump attractors disappear; only a few (2 or 3) discrete spatially-localized

attractor states survive (Zhang 1996; Tsodyks and Sejnowski 1997; Stringer et al.

2002). In the context of a spatial working memory task, if a typical cue-specific

localized pattern of activity is not stable and instead drifts systematically toward

one of the few stable positions, the memory of the initial cue would be lost, and

the network would lose its functional relevance. It is therefore unclear whether this

paradigm provides a satisfactory model for the internal representation of spatial in-

formation in the brain, when realistic levels of neural heterogeneities are taken into

account.

In this study we use a biologically plausible network model to characterize in

detail the effect of heterogeneity on the stability of persistent bump states and

show that, in the absence of ‘fine-tuning’ in the cellular properties of different cells,

the network does not support spatial working memory function. This fine-tuning

problem is a general feature of systems encoding internal representations of analog
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features (Seung 1996; Wang 2001). A possible solution to the problem is that

the network learns to tune itself through an activity-dependent mechanism. Several

homeostatic mechanisms of this kind, thought to promote stability in neural circuits,

have been uncovered (Marder 1998; Turrigiano 1999). We incorporated into our

model an activity-dependent scaling of synaptic weights (Turrigiano et al. 1998;

O’Brien et al. 1998; Desai et al. 2002) which up- or down- regulates excitatory

inputs so that the long-term average firing rate is similar for each neuron. We

found that synaptic scaling effectively homogenizes the network despite considerable

heterogeneity in single cell and synaptic properties, including parameters regulating

the scaling process itself. As a result, robust working memory function is recovered

under biologically plausible conditions.

Results

We investigated the active maintenance of spatial information in the presence of

heterogeneities using a recurrent cortical network model of spatial working memory.

The model (see Methods) consists of two reciprocally connected cell populations,

pyramidal cells (labeled by their preferred cues θ from 0 to 360 degrees on a circle)

and interneurons (see schematic Figure 1A). In most simulations, the excitatory re-

current connections were all-to-all, with a magnitude that decayed as a function of

the difference between the cells preferred cues. In some simulations (see below) the

pyramidal cells were connected probabilistically and with random synaptic efficacies.

In these simulations, the probability of connection decreased as the difference be-

tween the cells preferred cues increased. Without heterogeneity, the network model

reproduces the salient electrophysiological observations from the behaving monkey

in an oculomotor delayed-response (ODR) task (Compte et al. 2000). A transient

spatial input triggers a localized activity pattern in the network (Figure 1B). This

‘bump state’ outlasts the stimulus, resulting in a persistent activity state sustained

by excitatory synaptic reverberations (Wang 2001). The ideal memory function of

the network is realized when all cells are identical. In this case, when different stim-

uli are used in different trials, in any given trial the peak location of the persistent

firing pattern (as measured with the population vector method (Georgopoulos et al.

1982)) remains close to the stimulus location throughout the memory period, so that

the stimulus location can be accurately read out several seconds after the stimulus
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offset (Figure 1C).

[Figure 1 about here.]

Effect of Heterogeneity

This network behavior is extremely sensitive to heterogeneities. When the leak

potential VL (membrane resting potential) varies from cell to cell according to a

Gaussian distribution (mean < VL >= −70 mV and standard deviation SD(VL)

= 1 mV) the bump state elicited by a stimulus at any location systematically drifts

toward one of two privileged positions in the network (Figure 2A top left). In this

condition, after a delay period of five seconds, an estimate of the position of the

cue from the peak location of the bump would lead to the incorrect conclusion that

19 out of the 20 stimuli were shown at one of the two privileged locations. We

found that the drift speed v(θ) of a bump state is unique at each spatial location θ.

This means that knowing only the peak location θ of the bump state at any given

time is enough to know the speed v(θ) at which the bump is moving through that

location. No extra information about, for instance, the location of the stimulus at

the beginning of the trial, or the time since the trial started, is needed. Interestingly,

the drift speed is determined by the distribution of local average excitability U(θ)

(shown in Figure 2A top right) across the network. U(θ) measures the average

excitability of a local region of the network around θ with a size of the order of the

width of the localized activity profile (see Methods). Specifically, we observed that

v(θ) = k dU(θ)/dθ, where k is a constant (see Methods). We used this finding to

build a phenomenological model of the dynamics of the bump state in the presence

of heterogeneity, described by the dynamical equation

dθ/dt = k dU(θ)/dθ + η(t) , (1)

where η(t) is a white noise (see Methods). This simple model accurately describes

the time evolution of the bump state’s peak location θ(t) obtained in the simulations

of the original spiking network model (Figure 2A bottom).

This formulation allows us to draw an analogy between the drift of a bump state’s

peak location, and the motion of a particle with speed v(θ) at each location θ. The

function −U(θ) can, accordingly, be interpreted as an ‘energy function’. The drift

speed is determined by the gradient dU(θ)/dθ, and the privileged locations with high
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local excitability are given by the maxima of U(θ), at which v(θ) = 0. Intuitively,

due to the random distribution of single cell parameters across the network, some

clusters of cells become slightly more excitable than others. The regions where this

average local excitability is high constitute the privileged locations in the network,

and the difference in excitability between nearby locations determines how fast the

bump moves through them. This explains how the presence of heterogeneity results

in the systematic drift of the bump states.

One could argue that with a sufficiently large number of synaptic inputs, hetero-

geneity could be averaged out in each local network region, so that the drift speed

should decrease as the number of inputs increases. We studied the effect of increas-

ing the number of inputs by increasing the size of the network (see Methods). We

quantified the overall effect of heterogeneity by the average across the network of

the absolute value of the drift speed v̄ =< |v(θ)| >θ. In Figure 2B, we show that, for

a fixed level of heterogeneity (the same used in Figure 2A), the mean drift speed v̄

indeed decreases with the network size N as ∼ 1/
√

N (Figure 2B inset). This type

of scaling with N is a general feature of heterogeneities in single-neuron parameters

and can be obtained analytically (details of the calculation can be obtained from

the authors upon request). In these simulations connectivity was all-to-all and ho-

mogeneous across cells. In Zhang (1996), heterogeneities in the synaptic efficacies in

a fully connected network were considered and their effect on the mean drift of the

bump states was shown to decrease as ∼ 1/N . Intuitively, the extra factor 1/
√

N

comes from averaging the N independent fluctuations associated with each afferent

synaptic connection. We also considered sparse connectivity (see Methods), so that

each neuron is randomly connected to C other neurons on average. The effect of

this type of connectivity can be shown to scale as 1/
√

CN . Thus, for large sparse

networks one expects heterogeneity in synaptic properties to have a weaker influence

than cellular heterogeneities on the stability of the bump states. Since simulating

large sparse networks is computationally very costly, we have obtained most of our

results in fully connected networks with no synaptic heterogeneities. The final check

of our mechanism, however, has been performed in a sparse network with random

synaptic efficacies (see Figure 6).

Although the effect of heterogeneity decreases with increasing network size, we

found that increasing the level of heterogeneity (by increasing the variance of the

heterogeneous parameter, or by taking into account heterogeneities in other single
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cell parameters like capacitance Cm, firing threshold Vth, etc) at fixed network size

results in a dramatic increase of the mean drift speed (Figure 2B). With realistic

levels of heterogeneities, the mean drift speed is large even with N ∼ 5, 000 synaptic

inputs per cell, a number typical for a cortical pyramidal neuron (Braitenberg and

Schütz 1991). At high enough levels of heterogeneity the bump states stop being

stable and the network shows a spatially disordered pattern of neural activity (not

shown).

[Figure 2 about here.]

Figure 2C shows a typical example of a network of 4, 096 excitatory and 1, 024

inhibitory cells with a 2 mV standard deviation in VL. In this network (correspond-

ing to a particular realization (star in Figure 2B) of the distribution of heterogeneity

marked by the downward triangle in Figure 2B) the peak position of the bump state

6 sec after stimulus offset is plotted across 100 trials for each of 8 equi-spaced lo-

cations (see Methods). The spatial distribution of final peak locations is strongly

non-uniform. If the final peak location of the bump were used to guide a saccade

toward the location of the previously shown stimulus in this case, saccadic responses

for several stimuli would never be classified correctly, whereas others would always

result in successful saccades. These features are clearly inconsistent with the experi-

mental results from ODR tasks, in which behavioral performances of ∼ 90% correct

saccades are observed, regardless of the stimulus location (Funahashi et al. 1989;

Chafee and Goldman-Rakic 1998). Given this level of performance, and because

in the real biological network every single biophysical parameter is expected to be

heterogeneous, we conclude that large numbers of connections per se do not solve

the heterogeneity problem.

Homogenization by synaptic scaling

We showed that drifts of stimulus-elicited bump states are related to the differences

in excitability between nearby network regions. This observation suggests that if

some homeostatic mechanism could regulate, and approximately equalize the ex-

citability of all neurons, then the network could be effectively homogenized, and

systematic drifts of memory activity patterns would be reduced or eliminated. We

investigated the hypothesis that a homeostatic mechanism might lead to an effective

8



homogenization of the network. Among the several types of known homeostatic pro-

cesses (Marder 1998; Turrigiano 1999; Desai et al. 1999; Soto-Treviño et al. 2001),

we focused in this study on the activity-dependent scaling of synaptic strengths, a

mechanism discovered in experiments on neocortical neurons in culture slices and in

vivo. By means of this mechanism, the distribution of excitatory synaptic contacts

to a cell is up- or down-regulated multiplicatively in such a way as to control its

overall level of activity over long periods of time (Turrigiano et al. 1998; O’Brien

et al. 1998; van Rossum et al. 2000; Desai et al. 2002). We have implemented the

dynamics of the scaling process through the following equation

τgdg(θ)/dt = −g(θ)(r(θ)− rtg(θ)) , (2)

where τg is the characteristic time of the process, g(θ) is a factor that multiplies all

the excitatory synaptic conductances to a pyramidal cell with preferred cue θ, r(θ)

is the instantaneous firing rate of the cell, and rtg(θ) is the cell’s ‘target’ firing rate,

some level of long-term activity that the scaling process tries to impose on each

neuron. In our simulations rtg is drawn, for each cell, from a Gaussian distribution

with a mean equal to the average excitatory activity when the network (without

heterogeneities) is in a bump state, and a standard deviation equal to either zero

(rtg identical for all cells) or to some fixed fraction of the mean (see below).

The characteristic time of the scaling process found experimentally is long (hours

to days) (Turrigiano et al. 1998). A long characteristic time of homeostatic reg-

ulation is necessary, so that different cells can have different levels of activity to

encode information at shorter time scales. However, simulations and analysis of the

behavior of large networks became infeasible, if the system contains widely different

time scales. To bypass this difficulty, we have focused only on the estimation of the

steady state value of the scaling factor for each pyramidal cell. In order to do this,

we assume that the network is exposed to many spatial stimuli (one after another)

over a long period of time. Since what matters for the steady state of the very slow

scaling process is the integrated activity of each cell across different stimuli, we have

replaced this temporal average by a spatial average carried out over several network

simulations run in parallel. In each simulation a bump state is generated by a cue at

a given location, and the different locations for the different simulations are evenly

distributed (see Methods). By means of this procedure we have been able to use

equation (2) with r(θ) equal to the average of the instantaneous firing rate of each

cell across the different simulations run in parallel, and with a value of τg similar to
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the other time constants of the problem.

The effect of scaling on the working memory function of the network can be

assessed by studying the dynamics of the bump states when the scaling factor of

each cell is set fixed and equal to its steady state value. After scaling, i.e. when the

scaling process has reached its steady state, all excitatory synaptic conductances are

multiplied by the steady state scaling factor gss, which results in excitatory synaptic

currents of the form

Isyn = gssgsyn(Vm − Vsyn) , (3)

where the parameter gsyn is the total excitatory conductance due to all the excitatory

synaptic inputs to that neuron.

The systematic drift of the bump state after scaling is shown in Figure 3A for

the same level of heterogeneity considered in Figure 2A. In all the simulations in

Figure 3, the parameter rtg was chosen to be identical for all cells and 40 cues were

used to calculate the scaling factor of each neuron, with the location of the bump

state at (360/40)i, i = 1, 2, ..., 40. This ensures that all neurons have effectively the

same average long-term firing rate. After scaling, the systematic drift in the peak

location of the bump state is almost completely suppressed despite heterogeneity.

Figure 3B shows the reduction in drift speed when heterogeneities in different single

cell parameters are considered. Although some parameters have a larger impact than

others on the stability of the bump states, the scaling process is similarly effective

in homogenizing all sources of heterogeneity that we have studied (Figure 3B). The

homeostatic process adjusts the synaptic strength only by a few percents (Figure

3C). The steady state scaling factor of a cell depends, primarily, on the single cell

properties of the cell. Indeed, the steady state scaling factor of each neuron can

often be predicted with high accuracy from its cellular parameters (e.g. as a linear

function of its capacitance or leak potential) (Figure 3C).

The effectiveness of the scaling process lies in its ability to homogenize the input-

output relationships of different cells in response to synaptic inputs. In Figure 3D

we have plotted the firing rate as a function of the excitatory synaptic input gsyn

in equation (3) for 50 cells with different single cell parameters before (gss = 1)

and after scaling. The range of values of gsyn used in the figure corresponds to that

experienced by the cells in the network. Before scaling, the firing rate for a fixed

value of gsyn varies widely from cell to cell due to heterogeneities in VL, Cm, etc

(Figure 3D left). The synaptic scaling process uses the long-term average firing rate
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as a feedback signal to adjust g dynamically. After scaling, g reaches an optimal

value, gss, so that the firing rate as function of the synaptic drive, gsyn, within the

neuron’s operational range, becomes virtually the same for all cells, independently

of their intrinsic membrane parameters (Figure 3D right). Note that scaling does

not affect the response of the cells to an injected current; hence the experimentally

measured firing frequency as a function of the injected current intensity (i.e. the

single cell’s f-I curve) should still display a high degree of heterogeneity.

[Figure 3 about here.]

Because synaptic scaling does not exactly compensate for various kinds of hetero-

geneous single cell parameters, network homogenization is not perfect. Nonetheless,

it is remarkably efficient, as can be seen by the fact that, after scaling, the dis-

tribution of the average local excitability U(θ) becomes essentially flat across the

network (Figure 3A right). Although U(θ) is not exactly uniform, the differences

in local excitability across the network become so small that the main determinant

of the movement of the bump becomes the noisy input from external background

activity, so that, similarly to the case when the network is homogeneous, the peak

location of the bump state wanders slowly and quasi randomly, as in a diffusion

process (Compte et al. 2000).

Heterogeneity in the long-term firing rate across the network

In the homeostatic process, we assumed a uniform distribution of many (40) cues,

so that the long-term activity was roughly the same for all neurons. What happens

when there is a biased distribution of spatial stimuli? We considered this question

by using a decreasing number of cues for the calculation of the scaling factors in the

same network studied in Figures 2A and 3A. Figure 4 shows the working memory

behavior of the network after scaling using 20, 8 and 4 cues. Only when just four

cues were used the performance of the network was compromised. In this case,

during the homeostatic process, neurons with preferred locations close to the 4 used

stimuli have higher firing rates, which result in smaller scaling factors. Therefore,

after scaling, those cells have a lower excitability, and bump states tend to drift

away from them. The opposite is true for neurons whose preferred locations are in

between the cues used in the homeostatic process: with larger scaling factors they

are more excitable and tend to attract the bump states (marked by dashed lines in
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Figure 4C right). However, the scaling mechanism works well even with 8 cues. In

general, as long as the number of cues is larger than the number of non-overlapping

activity profiles that can fit into the network (approximately 4), homogenization by

scaling is efficient. Thus, wide network activity profiles (equivalent to wide tuning

curves for single cells) reduce the need for homogeneity in the distribution of spatial

stimuli encoded by the network.

[Figure 4 about here.]

Heterogeneity in the target firing rate

Our homeostatic mechanism is based on a dynamical regularization of the long-term

neural firing rate to a target rtg. However, since the biophysical parameter rtg of

the scaling process is also expected to vary from cell to cell, the scaling mechanism

is useful only if the working memory behavior is robust when the parameter rtg

itself is heterogeneous. We tested the effect of heterogeneity in the target firing

rate by assigning rtg for each cell randomly from a Gaussian distribution with a

standard deviation equal to 10% of the mean. Figure 5A shows that, although this

increases slightly the mean drift speed v̄, the increase remains constant as the level

of heterogeneity in other single cell parameters is increased. This is in contrast to

the case without homeostatic scaling, where the mean drift speed grows dramat-

ically with the amount of cellular heterogeneities. Since larger cellular variability

just results in larger cell-to-cell differences in scaling factor after scaling has taken

place, the extent to which the input-output curves of different neurons are aligned

after scaling is approximately independent of the level of heterogeneity in cellular

properties. Thus, after scaling, one expects the performance of the network to be

mainly related to the level of heterogeneity in the target rate of different neurons.

To asses the effect of heterogeneity in rtg in realistic conditions, we used a large net-

work (NE = 4, 096), with a 10% heterogeneity level in the four cellular properties

which have a significant effect on the firing rate (see caption of Figure 5). Figure

5B shows the mean drift speed as a function of the heterogeneity level in rtg, up to

50%. The deterioration in performance as rtg becomes more variable is extremely

slow. As is shown in Figure 5C for a network with 50% heterogeneity in rtg (corre-

sponding to the square in Figure 5B), once the location of the bump is selected by

a transient stimulus, no substantial systematic drift is observed. This shows that
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the network is much more tolerant to heterogeneity in rtg (which is a parameter of

the scaling process itself and is not regulated homeostatically) than to heterogeneity

in the other cellular parameters (which scaling makes largely irrelevant). To gain

some intuition about this surprising result, we assessed in Figure 5D the variability

in long-term firing rates as the level of heterogeneity in four cellular parameters is

increased. In addition, we also show the variability in long-term firing rates that

would result from scaling with comparable levels of heterogeneity in rtg. This shows

that heterogeneity in rtg leads to smaller cell-to-cell differences in long-term firing

rates than heterogeneity in any other parameter alone, and of course also smaller

than all of them combined. Due to this remarkable property, a mechanism using

long term-firing rate as a feedback signal seems ideal for the homogenization of the

spatial working memory network.

[Figure 5 about here.]

Diversity of single neuron tuning curves

We performed a final set of simulations to check that the network could accurately

encode spatial information after synaptic scaling, when all sources of heterogeneities

were present at the same time. The results are shown in Figure 6. The network is

composed of NE = 20, 000 randomly connected excitatory cells, each cell receives

C = 2, 000 synapses on average (The connection probability obeys a binomial dis-

tribution, with p = C/N = 0.1). Synaptic efficacies are also random (see Methods).

A 20% level of heterogeneity in four cellular parameters and the target firing rate

was used. In this case, the synaptic scaling factors have a standard deviation of

8% of the baseline (unity), and range from 0.6 to 1.3. Clearly, the location of the

transient cue can be read out with little error after six seconds of delay. We ex-

plicitly checked that this behavioral performance could not simply be explained by

the large network size. Without homeostatic scaling, no bump state is stable, and

the network settles into a disorganized state of high activity. Therefore, despite a

large amount of heterogeneity, the recurrent network as a whole acts as if it was

effectively homogeneous, and is able to support a (quasi)continuum of bell-shaped

persistent activity patterns.

At the same time, each individual neuron has a special combination of cellular

and synaptic parameters that varies considerably from cell to cell. Therefore, single
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neurons display a great variety of tuning curves. Ten examples are shown in (Figure

6B). For each neuron, simulation data are fitted by r(θ) = c1 + c2(exp(c3cos(2π(θ−
θpref)/360)). The amplitude is given by the peak firing rate minus the baseline,

and the tuning width is defined at 60% of the peak amplitude. In Figure 6C, the

half-width and peak amplitude of the tuning curve from single neurons are plotted

against each other (color coded dots correspond to the examples shown in Figure

6B). Also shown are their histograms. A more than twofold variability in both tuning

characteristics is evident, but the two do not appear to be strongly correlated. The

main determinant of the height of the tuning curve of each cell is its target firing

rate, whereas the correlation is weaker for the tuning curve width (Figure 6D).

In spatial working memory experiments, prefrontal neurons were found to display

a wide range of tuning curves. Some are sharply tuned, others are broadly tuned

(Funahashi et al. 1989; Chafee and Goldman-Rakic 1998). This diversity of spatial

selectivity of mnemonic neural activity is reproduced by our model.

[Figure 6 about here.]

Activity dependent synaptic scaling is therefore efficient in its homogenization of

the working memory network even in the presence of heterogeneities in the parame-

ters which regulate the scaling process itself. Thus, it provides a robust solution to

the heterogeneity problem in networks with a continuous family of localized activ-

ity patterns. We conclude that this theoretical framework represents a biologically

plausible instantiation of spatial working memory at the circuit level.

Discussion

Using a biologically plausible cortical network model of spatial working memory, we

studied the effect of heterogeneity on the active maintenance of spatial information

in the form of persistent localized activity patterns. We found that the network’s

memory behavior is extremely sensitive to even a small amount of heterogeneity.

This sensitivity results in the loss of stored information about a stimulus location

in just a few seconds of the mnemonic delay period. The effects of heterogeneities

are still unacceptably large even in networks with a realistic number of connections

per cell (N ∼ 5, 000 in fully connected networks and N ∼ 20, 000, C ∼ 2, 000

in sparse networks). This is partly due to the weak dependence of the effect of
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heterogeneities on the network size, according to a scaling law ∼ 1/
√

N (Figure

2B), a characteristic feature of disorder in single cell properties. By contrast, the

heterogeneity effect decreases much faster for sparse connectivity (∼ 1/
√

CN) and

for disorder in the synaptic coupling strength (∼ 1/N).

We found that when a homeostatic synaptic scaling mechanism was incorporated

into the model, robust short-term storage of spatial information could be achieved

in spite of biologically plausible levels of heterogeneity. Homeostatic plasticity scales

the excitatory synaptic inputs to each cell to achieve a similar level of long-term ac-

tivity for each neuron across the population, a process with a characteristic rate of

25%-50% change per 24 hours (Turrigiano et al. 1998). If the overall synaptic input

to each cell is roughly the same during this period, the fine-grained (a few percent)

adjustment of synaptic strengths by homeostatic scaling results in the alignment

of the firing frequency versus synaptic input relationship of single cells with differ-

ent biophysical properties (Figure 3D). This process renders the network effectively

homogeneous.

The homeostatic mechanism is effective even in the presence of a large amount of

heterogeneity in the scaling process itself (Figure 5). The only substantial effect of

increasing variability in the target firing rate is a progressive destabilization of the

uniform spontaneous state. For heterogeneities larger than ∼ 20%, it spontaneously

evolves into a bump state (data not shown). This raises the experimental question

of the actual variability of long-term (hours to days) firing rate across neurons in

a cortical local network. On the other hand, it remains to be seen whether, in

our model, the spontaneous state would be more robust with some adjustments of

network parameters, or when other forms of homeostatic mechanisms (see below)

are included. Finally, it is conceivable that bistability between a resting state and

bump attractors involves additional mechanisms (such as a neural population which

acts as a simple bistable switch, but with persistent activity which is not stimulus-

selective). In any event, elucidating the circuit mechanisms for a continuum of

localized persistent states represents a fundamental and difficult problem which is

the focus of this paper.

Uniform distribution of long-term activity across the network

Effective or functional homogeneity is an essential requirement for spatial work-

ing memory function achieved through a quasi-continuum of attractor states. Our
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results show that functional homogeneity can be dissociated from homogeneity in

network parameters; it can be realized by activity-dependent regulatory mechanisms

even in the presence of cellular heterogeneities. In order for such a mechanism to

be effective, the distribution of long-term activity across the network has to be un-

biased. This would be the case if the network is exposed to a uniform distribution

of spatial cues over a long period of time. This is a reasonable assumption, since

if a cortical circuit subserves spatial working memory for the animal, it should be

constantly used by the animal in its daily life, and spatial cues that occur in real

world are likely to be uniformly distributed.

One may ask whether the required functional homogeneity of long-term neural

firing rates can be altered by over-training an animal with a biased non-uniform

distribution of cues, for instance by using only eight stimuli as in a typical ODR

experiment. The answer is not obvious since it depends on the relative importance

of the eight cues used in the laboratory versus all the cues processed by the same

working memory circuit in the animal’s everyday life. Nevertheless, we tested the

robustness of the homeostatic mechanism in our model, by varying the number of

cues used to find the scaling factors (Figure 4). As expected, we found that scaling

starts to fail when the number of cues becomes smaller than the number of non-

overlapping activity profiles that fit in the network. Given the typical width of the

neuron’s tuning curves, of approximately 90 degrees, scaling ceases to be effective

when only four cues or less are used. However, in the context of the task, the use

of a very small (2-4) number of items is incompatible with the premise that the

network subserves the encoding of an analog quantity (the spatial location) in a

continuous manner. Finally, let us emphasize that our simulations with a small

number of cues were done only to assess the robustness of the proposed homeostatic

mechanism. To properly investigate the effect of a limited number of stimuli during

training, the model should take into account the main driving force for learning

during the animal’s training, namely Hebbian long-term plasticity. Synaptic scaling

in itself should not be viewed as a learning mechanism that creates the persistent

firing patterns, and determines the animal’s psychophysical performance. Instead,

in addition to Hebbian plasticity, homeostatic regulation fine-tunes the synapses (by

a few %) to homogenize the network.
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Diversity of neuronal responses

In our network, heterogeneities in cellular parameters (specially in the target firing

rate) lead to a sizable degree of diversity in stimulus selectivity characteristics, such

as tuning curve height and width (Figure 6B-D). It would be interesting to do a

quantitative analysis to estimate if this level of diversity is compatible with the

available neurophysiological data, or if additional sources of diversity are needed. A

main source of tuning diversity unrelated to random heterogeneities is likely to be the

plurality of cell populations. For example, pyramidal neurons and different subtypes

of interneurons are expected to exhibit different tuning curves (indeed, a recent

study indicates that fast-spiking putative interneurons show broader tuning curves

than regular-spiking putative pyramidal cells (Constantinidis and Goldman-Rakic

2002)). It is therefore important to emphasize that diversity of tuning properties

should not be expected to arise exclusively from heterogeneity in cellular or synaptic

properties. The same point applies to other forms of diversity of mnemonic activities,

such as ramping-up or ramping-down time courses of delay period activity (see e.g.

Chafee and Goldman-Rakic (1998)). These various neural firing patterns during the

delay period are likely to have meaningful computational roles (like time integration,

planning), and should be distinguished from heterogeneity at the cellular or circuit

level.

Experimental questions and tests

There are two main general assumptions in our implementation of the scaling pro-

cess (described by equation (2)). The first one is that the goal of this process is

to control the long-term activity of the cell, by keeping it close to some target

value. Experiments with neuronal cultures show that the down- and up-regulation

of synaptic strengths in response to pharmacologically-induced prolonged changes

in activity tend to restore the stable activity level that the neurons had before the

pharmacological agents were applied (Turrigiano et al. 1998). However, it remains

to be determined quantitatively whether firing rates are indeed conserved. Our re-

sults showing that scaling is still effective in the presence of cell-to-cell fluctuations

in target firing rate indicate that the conclusions of this study would still be valid in

the absence of a precise conservation of long-term activity. The second assumption

is that scaling takes place in each neuron on the basis of information regarding only
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this neuron, in particular its firing rate. Evidence indicates that the signal used

for the down-regulation of synaptic strength is the average level of post-synaptic

depolarization (Leslie et al. 2001), which is a property of the single neuron. Ad-

ditional experiments are needed to further test this important assumption, and to

identify underlying molecular mechanisms (Rutherford et al. 1998; Zafra et al. 1991;

Wetmore et al. 1994).

Although we have only considered one form of activity-dependent regulation,

it is conceivable that the homeostatic process involves a regulatory network with

multiple interconnected components, including those affecting intrinsic membrane

properties (ion channels) (Marder 1998; Desai et al. 1999; Stemmler and Koch

1999), pre-synaptic mechanisms (Murthy et al. 2001; Burrone et al. 2002) and

strength of inhibitory synapses (Soto-Treviño et al. 2001; Kilman et al. 2002).

Another mechanism which should be explored is the contribution of bistability at

the single cell level (Camperi and Wang 1998; Lisman et al. 1998; Koulakov et al.

2002; Stringer et al. 2002; Egorov et al. 2002) to the robustness of networks with

a continuum of localized activity profiles. Future studies are needed to explore the

differential/cooperative roles of these different processes in network homogenization

and robust memory behavior.

Robustness in continuous attractor networks

Robustness represents a major open issue for many models of brain systems involved

in the internal representation and short-term memory of analog quantities, such as

stimulus location (Funahashi et al. 1989) or frequency (Romo et al. 1999), head

direction (Sharp et al. 2001), eye position (Robinson 1989), place in the environ-

ment (McNaughton et al. 1996), and possibly numerical magnitude (Nieder and

Miller 2003). An accurate way to retain the analog nature of the encoded informa-

tion is by means of a continuum of neuronal firing patterns (continuous attractors)

(Ben-Yishai et al. 1995; Camperi and Wang 1998; Compte et al. 2000; Zhang 1996;

Samsonovich and McNaughton 1997; Seung et al. 2000). However, whether the

brain does use a continuum of internal representations has not yet been demon-

strated. In physiological experiments, discrete sets of stimuli (e.g., 8 spatial cues in

working memory experiments) are commonly used. This is partly due to the lim-

ited time a neuron could be recorded stably while the complete stimulus set could

be sampled. It would be highly desirable if the encoding scheme of analog stimuli
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could be rigorously tested in future experiments. If the brain does use continu-

ous internal representations, then regardless of the particular encoding scheme, a

fundamental trade-off exists between the accuracy of memory maintenance and the

fine-tuning of network parameters. Our results show that by using a feedback signal

based on long-term neural activity, homeostatic control mechanisms are able to relax

constraints on a large number of biophysical parameters, thereby allowing efficient

maintenance of information when fine-tuning is destroyed by biologically plausible

levels of heterogeneity. The present study suggests that the interplay between these

adaptive processes and the dynamics of recurrent cortical circuits could underlie

the robustness of delicate computational and memory operations in complex neural

networks.

Methods

The Model

The model used has been described in detail in (Compte et al. 2000). Single

neurons are described by the leaky integrate-and-fire model (Tuckwell 1988); synap-

tic currents are calibrated by the measurements of excitatory and inhibitory post-

synaptic currents in cortical neurons. We have used the same values for all single

cell and synaptic parameters as those listed in (Compte et al. 2000) except for

the value of the four recurrent synaptic conductances. There are NE and NI ex-

citatory and inhibitory cells in the network. In the fully connected simulations we

set NI = NE/4, and the values of the four unitary maximal synaptic conductances

were: NMDAR-mediated conductance to pyramidal cells GEE = 0.931/NE µS and

interneurons GEI = 0.75/NE µS, and GABAAR-mediated conductance to pyra-

midal cells GIE = 1.024/NI µS and interneurons GII = 0.825/NI µS. In some

simulations the connections within the pyramidal cell population were random and

sparse. In these simulations, the probability of connection p(θi − θj) between two

excitatory neurons i and j decreases with the difference between their preferred

cues. We used the same functional form for p(θi − θj) as the spatial connectivity

in the fully-connected network (Compte et al. 2000), but with a prefactor chosen

so that
∑

j p(θi − θj) = CE. Since the connection is all-or-none, CE is the average

number of synaptic connections per cell. In all our sparse simulations CE = 0.1NE.

If any two pyramidal cells happened to be connected, their synaptic connection had
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maximal NMDAR-mediated maximal conductance of GEE = 0.931w, where w is

a random gaussian variable (independent for each synapse) with mean 1/CE and

standard deviation 0.1/CE. In these simulations, NI = CE/4.

A mean-field version of the model (described in detail in Brunel and Wang

(2001)) was also used. The mean-field calculation we use expresses the instanta-

neous firing rate of the cell as a function of the statistical properties of its inputs,

as determined by the mean and the fluctuations in its synaptic currents mediated

by NMDA-, AMPA- and GABAA receptors.

Heterogeneity in a cellular parameter is introduced using a random distribution

across the network. When the heterogeneity is in a voltage parameter such as

the resting potential VL or spike threshold Vth, what matters is the magnitude of

heterogeneity (the standard deviation) compared to (Vth−Vreset) = −50−(−60) = 10

mV. Hence the percentage of heterogeneity is expressed relative to 10 mV, e.g. 10

% means 1 mV.

The local average excitability U(θ)

The function U(θ) represents the local average excitability around θ. To calculate

it, we first quantify the excitability E(θ) of each cell. Intuitively, we measure the

excitability of a cell as its long-term average firing rate over a long period of time

when the distribution of spatial stimuli processed by the network is assumed to be

unbiased. Specifically, for each neuron the average is performed for its firing rate

over Nc = 256 bump states, each with the same synaptic input profile as in the

homogeneous network, but with different peak locations interspaced by 360o/Nc.

Since the bump is displaced one full circle, the complete set of excitatory synaptic

inputs {Ii}, i = 1, 2, ..., Nc is the same for every neuron. The excitatory synaptic

inputs spanned by this set corresponds to the range of excitatory synaptic inputs

used in Figure 5D. According to this definition, cell θ1 is more excitable than cell θ2 if,

given the set of synaptic inputs {Ii}, the long-term firing rate of θ1 is larger than that

of θ2. Since the distribution of single cell parameters is random across the network,

E(θ) fluctuates abruptly from one cell to another. To calculate U(θ), we smooth out,

or average locally, the function E(θ). We found empirically that a good agreement

between the simple model Eq. (1) and direct network simulations was obtained by

using the excitatory synaptic activity profile, S(θ), from the homogeneous network

(normalized so that
∫ 360o

0 S(θ)dθ = 1) as a smoothing kernel. S(θ) is a bell shaped
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function with width similar to the network activity profile, and measures the mean

recurrent excitatory synaptic drive across the network when the network is in a

bump state. Thus U(θ) ≡
∫ 360o

0 S(θ′ − θ)E(θ′)dθ′. The spatial scale of variation

of U(θ), determined by the width of the localized activity profile, determines the

number of privileged locations in the network. This number is, therefore, relatively

insensitive to the number of cells in the network. In our simulations it is typically

equal to two, although significantly narrower (wider) activity profiles would result

in an increase (decrease) in the number of privileged locations.

Phenomenological model for the systematic drift speed

We found that the drift speed v(θ) of the bump’s peak location at every point of

the network θ in the presence of heterogeneity is very well approximated by a func-

tion proportional to the derivative of the average local excitability U(θ) at that

point, v(θ) = k dU(θ)/dθ. We calculated the value of the proportionality constant

k by comparing the real drift speeds obtained from 50 simulations involving differ-

ent network sizes and different types of heterogeneity, with those predicted by this

phenomenological model, and then used it throughout our study. In addition to the

systematic drift provoked by the heterogeneity, the bump’s peak location fluctuates

randomly in the simulations due to the random background activity impinging on

every neuron. To emulate this random drift, we added a fluctuating component,

η(t), to the drift velocity in the phenomenological model, v(θ) = k dU(θ)/dθ + η(t).

We model η(t) as a white-noise with a standard deviation dependent on the network

size. For each network size, N , we set this standard deviation so that, in a homoge-

neous network (when U(θ) is flat and dU(θ)/dθ = 0), the simple model reproduces

the random walk process of the original spiking network of size N (Compte et al.

2000).

Calculation of the two-dimensional saccade distributions

Although our model is one-dimensional, we show the distribution of peak locations

after 6 seconds of delay in Figure 2C in two dimensions, to ease the visual comparison

with the behavioral data on the spatial distribution of memory guided saccades (e.g.

Figure 1 in (Chafee and Goldman-Rakic 1998)). To do this, we fix the eccentricity on

the two-dimensional plane. For each of the 8 stimuli, we calculate the mean angular
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location of the bump state after 6 seconds across the 100 trials. Each particular

trial is then located at a randomly chosen position on a circle with the center at the

mean location, and a radius equal to the distance between the mean and the final

peak location of the bump in that trial.

Steady state of the scaling process

To find the steady state scaling factor for each cell we used the mean field version

of the model. For the particular realization of the network parameters under study,

we created Nrep identical replicas of this network. In each replica, a very weak,

spatially localized current, was persistently applied at some location to anchor the

corresponding bump state. The location of the anchored bump state in the ith

replica was i 360o/Nrep, where i = 1, . . . , Nrep. Thus, if each network was made of

N neurons, NNrep equations were integrated simultaneously to simulate the time

evolution of the firing rate of each neuron in each replica. N additional equations

for synaptic scaling (eq. 2) were also simultaneously integrated. The scaling process

was said to have reached steady state when all N(Nrep +1) dynamical variables had

converged numerically. Typically we used Nrep =8, 20, 40.

Fitting of single neuron tuning curves

The tuning curves in Figure 6 were calculated by fitting the 20 firing rates for each

neuron from the simulations in Figure 6A with the four parameter curve r(θ) =

c1+c2(exp(c3cos(2π(θ−θpref)/360)). We defined the height as c2(exp(c3)−exp(−c3))

and the half width at approximately 60% of the peak firing rate, by solving σ from

the equation exp(c3 cos(πσ/360))− exp(−c3) = exp(−0.5)(exp(c3)− exp(−c3)).
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trical activity of the archicortex., pp. 217–220. Budapest: Akadémiai Kiadó.
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Figure captions

Figure 1 Spatial working memory in the homogeneous network. (A) Schematic
description of the network architecture. Excitatory pyramidal cells are ar-
ranged according to their preferred cues (arrows). The excitatory-excitatory
synaptic strength decreases as a function of the difference between the pre-
ferred cues of cells. Connections to or from inhibitory interneurons are uniform.
(B) Spatio-temporal network activity in a bump state. Left. Rastergram for
the excitatory population. A dot at position (t, θ) represents a spike fired at
time t by a cell with preferred cue θ. The blue line represents the time evolu-
tion of the peak location calculated by the population vector method. Right.
Localized activity profile during the memory period calculated by counting
the number of spikes fired by each cell in the delay and dividing by the delay
duration. (C) Time evolution of the peak location of a localized firing pat-
tern (‘bump state’) in a homogeneous network of 1, 024 excitatory cells (see
Methods) during the delay period. Each line corresponds to a simulation in
which the stimulus was at a different location. The peak location of the bump
provides a good estimate of the location of the remembered cue during the
delay period.

Figure 2 Effect of heterogeneity on working memory function. (A) Top left.
Time evolution of the bump’s peak location in simulations in which stimuli at
different locations were used in different trials. The leak potential for each of
the 1, 024 excitatory cells was drawn randomly from a Gaussian distribution
with SD=1 mV, i.e. VL = −70 ± 1 mV. The memory of the cue’s location
is lost in a few seconds in the presence of heterogeneity. Top right. Spatial
distribution of local average excitability in this network. Regardless of the
initial peak location of a bump (encoding the spatial stimulus), the bump
drifts toward one of the two locations corresponding to the maxima of U(θ).
Bottom. Trajectories obtained by numerical integration of the simple model
(Eq. 1). This model reproduces the systematic drift observed in the original
spiking network model (Top left). (B) Mean drift speed v̄ versus number of
excitatory cells NE. Each point represents the mean ± SEM of 100 networks
of the same size with a given level of heterogeneity. Squares: heterogeneity as
in Figure 2A. Inset. Log-log plot of the data in squares along with a linear
fit with slope −0.5. The mean drift speed decreases as ∼ 1/

√
N . The circle,

upward triangle and diamond show the increase in v̄ each time a new source
of heterogeneity (Cm=0.5 ± 0.05 nF ; Vth=−50 ± 1 mV ; gL=2.5 ± 0.25 nS
respectively) is added, and the downward triangle corresponds to networks
with VL = −70 ± 2 mV . The mean drift speed increases fast with the level
of heterogeneity at fixed N . Star. Value of v̄ for the example shown in C,
which belongs to the distribution represented by the downward triangle. (C)
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Top. Spatial distribution of end locations calculated from equation (1) in a
typical network with VL = −70± 2 mV and a realistic number (NE = 4, 096)
of connections per cell. Each colored dot represents the peak position (see
Methods) of the bump after a delay period of 6 sec, for a trial in which the
stimulus was at the center of the square of the same color. 100 trials per
stimulus are shown. If the dot is within the large circle around the square
of the same color, the memory-guided saccade is considered as correct in that
trial. The spatially biased and non-uniform saccade distribution is inconsistent
with the behavioral data from ODR experiments. Bottom. Function U(θ) for
this network, using the same scale as in A. Vertical lines represent the 8
locations of the bump states at the beginning of the delay, the colors match
those of colored dots in the above scatter plot. Over time the dots move toward
maxima of U(θ).

Figure 3 Network homogenization by activity-dependent synaptic scaling. (A)
Left. Time evolution of the bump’s peak location in simulations in which stim-
uli at different locations were used, for the same network in Figure 2A after
scaling. The systematic drift speed is almost completely suppressed. Right.
Spatial distribution of local excitability before (dashed) and after (solid) scal-
ing. Scaling flattens out the excitability distribution, rendering the network
effectively homogeneous. (B) Mean drift speed before and after scaling in net-
works with 256 excitatory cells with a 10% heterogeneity in leak potential (1
mV; cyan), membrane capacitance (red), threshold potential (1 mV; yellow),
and leak potential plus membrane capacitance (magenta). Points with the
same color refer to different sample realizations of heterogeneity distribution.
Scaling is robust to different sources of heterogeneity. (C) Top. Scaling factor
versus membrane capacitance for each cell in a network with Cm=0.5 ± 0.05
nF after scaling. Bottom. Same for a network with VL=−70 ± 1 mV. The
scaling factor is mostly determined by the values of the heterogeneous pa-
rameters for each cell. Note that the scaling factor is only a few percent of
the baseline synaptic strength. (D) Firing rate as a function of the recurrent
synaptic drive, gsyn, for 50 neurons chosen at random from a network with a
10% heterogeneity level in VL, Cm, Vth and gL. The excitatory synaptic cur-
rent to each cell is Isyn = ggsyn(V − Vsyn), where g is the scaling factor. Left.
Before scaling (g = 1). Right. After scaling, g reaches its steady-state, gss,
when the long-term firing rates of all cells become equalized in spite of their
heterogeneous cellular properties. The shown range of the synaptic drive, gsyn,
corresponds to the one that cells experience in the recurrent network.

Figure 4 Robustness of homogenization by synaptic scaling with a decreasing
number of discrete cues. The scaling factors were computed using 20 (A), 8
(B) and 4 (C) cues. The network is the same as in Figures 2A and 3A. Left.
Temporal evolution of the bump peak location in simulations where 20 (evenly
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spaced) cues were used in different trials. Right. Local average excitability
U(θ) for this network, with the same scale as in Figures 2A and 3A. In the case
with 4 cues (bottom), the dashed lines on the right panel represent the network
subregions of higher local average excitability, which are those in between the
four cues used during the homeostatic scaling process. Homogenization by
scaling is efficient as long as the number of cues for scaling is larger than the
number of non-overlapping network activity profiles which can be fit in the
network (approximately 4).

Figure 5 Robustness of the scaling mechanism in the presence of heterogene-
ity in the target firing rate of different cells. (A) Mean drift speed versus the
level of heterogeneity before scaling (triangles), after scaling with SD(rtg)=0
(squares) and after scaling with a 10% heterogeneity in the target firing rate
of different cells (rtg=13.5 ± 1.35 Hz) (circles) for networks of 256 excitatory
cells with heterogeneity in the leak potential and the membrane capacitance.
(B) Mean drift speed versus the level of heterogeneity in rtg for networks of
4, 096 excitatory cells and a 10% heterogeneity level in the leak potential and
conductance, membrane capacitance and voltage threshold. For each hetero-
geneity level, four data points correspond to different random realizations of
the distribution of heterogeneities. Note different scales in the drift speed in
A and B. (C) Temporal evolution of the bump peak location for 20 trials
that started at different cue locations, for a network with 50% heterogeneity
in rtg (marked with a black square in B). The memory of the transient input
is maintained accurately despite the large amount of heterogeneity. (D) Rela-
tive variability in the distribution of neuronal excitability as a function of the
level of heterogeneity in several cellular properties. All refers to the combined
heterogeneity in the four cellular parameters. After scaling with heterogeneity
in rtg (bars on the right), the distribution of excitability across the network is
much more narrow that the one resulting from heterogeneity in other cellular
properties in the absence of scaling. In the simulations of this figure, we used
20 cues to calculate the scaling factors.

Figure 6 Robust encoding of spatial information by synaptic scaling and a wide
diversity of tuning curves in a highly heterogeneous network. The network is
composed of NE = 20, 000 randomly connected excitatory neurons, with an
average of C = 2, 000 synapses per cell, and with random synaptic efficacies
(see Methods). A 20% heterogeneity in VL, Cm, Vth and gL was used, and
the scaling factors were obtained using 8 cues and a 20% heterogeneity in rtg.
(A) Temporal evolution of the bump peak location in 20 trials with transient
stimuli at different locations. The memory of the initial cue is well preserved
during the 6 second delay period. (B) Examples of tuning curves from ten
neurons. The firing rate of each cell for the 20 stimuli in A are shown as empty
dots. Solid lines are obtained by fitting the data for each cell with the formula
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r(θ) = c1 + c2(exp(c3cos(2π(θ − θpref)/360)), where θpref is the preferred cue
of the cell, r is its firing rate and c1, c2 and c3 are constants characterizing
the shape of the tuning curve. (C) Tuning curve half-width versus tuning
curve height (see Methods) for the 20, 000 neurons. The ten neurons in B are
indicated by dots of the same color as the corresponding tuning curves. On
the left and top are the corresponding histograms of half-width and height.
(D) Tuning curve height (Top) is significantly, and half width (Bottom) more
weakly correlated with the target firing rate of each cell.
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