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SUMMARY

The neural representation of information suffers from
‘‘noise’’—the trial-to-trial variability in the response
of neurons. The impact of correlated noise upon
population coding has been debated, but a direct
connection between theory and experiment remains
tenuous. Here, we substantiate this connection
and propose a refined theoretical picture. Using
simultaneous recordings from a population of direc-
tion-selective retinal ganglion cells, we demonstrate
that coding benefits from noise correlations. The ef-
fect is appreciable already in small populations, yet
it is a collective phenomenon. Furthermore, the
stimulus-dependent structure of correlation is key.
We develop simple functional models that capture
the stimulus-dependent statistics. We then use
them to quantify the performance of population cod-
ing, which depends upon interplays of feature sensi-
tivities and noise correlations in the population.
Because favorable structures of correlation emerge
robustly in circuits with noisy, nonlinear elements,
they will arise and benefit coding beyond the con-
fines of retina.

INTRODUCTION

There is a long history of studies of the representation of informa-

tion by single neurons, but the investigation of coding by popu-

lations of neurons is far less advanced. High dimensionality

makes the problem difficult: on the experimental side, because

access to the simultaneous activity of an entire population is

necessary; on the theoretical side, because the way in which in-

formation is coded in this simultaneous activity has to be eluci-

dated. The problem is high dimensional, in particular, since

different neurons can process their inputs in different ways and

since their outputs can be correlated. Coding in the face of these

two aspects—the diversity of cell types and neural response
properties, and the correlation in neural activity—is the topic of

the present paper.

Neural noise is a theme that runs through any discussion of

neural coding. In the simplest case, the noise in the output of

a neuron is independent from that in other neurons. Noise

then makes the output of each neuron less precise and thereby

harms the coding performance. In contrast to this idealized

case, many brain areas display ‘‘noise correlation,’’ i.e., corre-

lation in the variability of the output of a population of neurons

in response to a given stimulus (Hatsopoulos et al., 1998; Mas-

tronarde, 1989; Ozden et al., 2008; Perkel et al., 1967; Sasaki

et al., 1989; Zohary et al., 1994; Shlens et al., 2008; Usrey

and Reid, 1999; Vaadia et al., 1995; Bair et al., 2001; Fiser

et al., 2004; Kohn and Smith, 2005; Smith and Kohn, 2008;

Lee et al., 1998; Ecker et al., 2010; Graf et al., 2011; Goris

et al., 2014; Lin et al., 2015). The problem now becomes higher

dimensional: beyond the degree of noise in each neuron, one

has to be concerned with all the other quantities that describe

the statistical relations among neurons. In other words, when

examining the impact of noise on coding, one has to take

into account not only the magnitude of the noise, but also its

structure.

In past years, a number of theoretical proposals on the way

in which noise correlation may impact coding have been put

forth (Johnson, 1980; Vogels, 1990; Oram et al., 1998; Abbott

and Dayan, 1999; Panzeri et al., 1999; Sompolinsky et al.,

2001; Wilke and Eurich, 2002; Romo et al., 2003; Golledge

et al., 2003; Pola et al., 2003; Averbeck and Lee, 2003, 2006;

Shamir and Sompolinsky, 2004, 2006; Averbeck et al., 2006;

Josi�c et al., 2009; Ecker et al., 2011; Hu et al., 2014; da Silveira

and Berry, 2014). Many of these have argued that noise corre-

lation is detrimental to the coding performance, and this state-

ment was, for some time, taken as a rule of thumb. More

recently, some studies have demonstrated that correlation

can be beneficial to neural coding, depending upon its struc-

ture (Ecker et al., 2011; Hu et al., 2014; da Silveira and Berry,

2014; Lin et al., 2015; see also Wilke and Eurich, 2002; Mor-

eno-Bote et al., 2014). In most cases, however, a model of

the structure of correlation was assumed, and its conse-

quences were derived: there are, as yet, very few direct dem-

onstrations of the role of correlation in coding, as these require
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large volumes of simultaneous recordings of populations of

neurons over a range of stimuli or tasks. Analyses of cortical

data (Averbeck and Lee, 2004, 2006; Montani et al., 2007;

Graf et al., 2011; Lin et al., 2015) indicate that correlation can

benefit coding, and a number of earlier studies (Maynard

et al., 1999; Romo et al., 2003; Cohen and Newsome, 2008;

Poort and Roelfsema, 2009; Gutnisky and Dragoi, 2008) simi-

larly suggest, though in a less direct manner, that correlation

can enhance the coding performance in cortex. There exist

few studies along these lines in the context of retina; one

such study (Nirenberg et al., 2001) argued that correlation af-

fects coding only weakly, while others highlighted a potential

greater relevance of correlation (Schnitzer and Meister, 2003;

Schneidman et al., 2003).

Determining whether, in a given population of neurons, noise

correlation is beneficial or detrimental to coding, and quantita-

tively how important the effect is, will be essential for under-

standing neural coding beyond the single cell. Here, we address

these issues in the context of populations of retinal neurons of a

given type, direction-selective cells, and we then extend our

considerations to more general populations of broadly tuned

neurons. Since we recorded the simultaneous responses of pop-

ulations of direction-selective cells to a battery of stimuli, it was

possible to extract from our data the structure of the noise in

these populations. With this knowledge at hand, we show not

only that correlation is beneficial to coding, but also that it is its

specific structure that grants it its favorable role. We then intro-

duce simple models of correlated activity that capture the bene-

ficial structure of correlation; these models are not only simple

but also robust, as they rely on common circuit properties like

diverging synapses and non-linear neural transfer functions.

Given their generality, these models extend our results beyond

the confines of the retina.

Several broad conceptual points emerge from our analyses:

d Noise correlations can benefit sensory coding appreciably

even in small populations of four or eight cells, yet this fol-

lows from a collective phenomenon that operates beyond

individual pairs of neurons.

d The coding enhancement results from the form of stimulus-

dependent correlations observed in data. Simple models

that rely on common circuit properties show how these

structured correlations emerge in a robust manner.

d In large populations of correlated neurons, an unexpected

physiological organization can be advantageous, namely

using a set of discrete tuning preferences in the population

to code for a continuous stimulus, rather than covering the

dynamic range of the stimulus uniformly.

A few earlier studies (Panzeri et al., 1999; Pola et al., 2003;

Shamir and Sompolinsky, 2004) have considered the effect

of stimulus-dependent noise correlation upon coding. Our

approach is complementary to theirs, as it differs in the overall

information theoretic framework, themodels of noise correlation,

and especially the mechanism by which coding benefits from

correlation. Furthermore, here we present a direct demonstra-

tion that noise correlation benefits coding in an identified neural

population.
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RESULTS

Measurements of NoiseCorrelation in Retinal Direction-
Selective Neurons
We address the role of noise correlation in sensory coding using

simultaneous recordings from populations of identified cell

types, namely retinal direction-selective ganglion cells in rabbit

retina. These recordings were obtained with a high-density

microelectrode array (Frey et al., 2009), which featured an elec-

trode density comparable to the density of retinal ganglion cells.

After localizing and selecting the cells of interest, we recorded

from each of the identified direction-selective ganglion cells

with at least five electrodes, with high signal-to-noise ratio (Fis-

cella et al., 2012). From these population recordings, we derived

response and correlation properties in the population.

We presented the rabbit retina with moving bar stimuli. A di-

rection-selective cell responds most vigorously to a bar that

moves in its so-called preferred direction (Figure 1A) and with

a broad tuning curve about this preferred direction (Figures 1B

and 1C) (see Fiscella et al., 2015 for details on experimental

procedures and a thorough study of response properties of di-

rection-selective cells). We focused upon the four types of ON-

OFF retinal direction-selective cells whose preferred directions

point along the four cardinal directions (Figure 1B). While the

peak amplitude of the response could vary from cell to cell (Fig-

ure 1C), in particular as a function of the location of the stimulus

with respect to the cell’s receptive field, the shapes of the tuning

curves were comparable for different cells, as seen when

normalizing their peak amplitude (Figure 1B). Typically, a tuning

curve covered a little more than 180�, i.e., each direction-selec-

tive neuron ‘‘monitored’’ the stimulus direction in a range some-

what over 90� on each side of its preferred direction (Figure 1C).

Neural responses to repetitions of the same stimulus varied

appreciably from trial to trial (clouds of points in Figure 1D).

Thus, for any given stimulus, noise in the response was substan-

tial. This noise, furthermore, came with a specific structure

across stimuli. Because direction-selective neurons can have

one of the four cardinal directions as preferred direction, there

are three types of pairwise correlations to consider: between

two neurons with similar preferred directions, with preferred di-

rections that differ by 90�, and with preferred directions that

differ by 180� (Figure 1E). When plotted as functions of the stim-

ulus direction, these three correlation values displayed a consis-

tent modulation about their mean value (Figure 1E). Roughly, in

all three cases the pairwise correlation was large when the prod-

uct of the tuning curves was large. In other words, the correlation

between two neurons behaved similarly to the geometric mean

of their two tuning curves (Figure 1E).

We note that the correlation values we observed in pairs of

neurons sometimes exceeded by an appreciable amount values

often quoted in the literature on cortex (Hatsopoulos et al., 1998;

Mastronarde, 1989; Ozden et al., 2008; Perkel et al., 1967; Sa-

saki et al., 1989; Zohary et al., 1994; Shlens et al., 2008; Usrey

and Reid, 1999; Vaadia et al., 1995; Bair et al., 2001; Fiser

et al., 2004; Kohn and Smith, 2005; Smith and Kohn, 2008; Lee

et al., 1998; Ecker et al., 2010; Graf et al., 2011; Goris et al.,

2014). Most of the values quoted in the literature, however,

correspond to averages over cell pairs and over stimuli. If we
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Figure 1. Spiking Responses, Tuning Curves, and Noise Statistics in Retinal Direction-Selective Neurons

(A) Spike raster of a ‘‘quadruplet’’ of neurons, four direction-selective retinal ganglion cells with preferred directions aligned along the four cardinal directions

(temporal, red; superior, green; nasal, blue; inferior, yellow). For each stimilus direction (black arrows), five trials of spiking responses are displayed. The top panel

exhibits the receptive fields of this example quadruplet, as obtained from white noise stimulation and reverse correlation; the ellipses illustrate the shapes of the

receptive fields.

(B) The preferred directions of all 90 recorded direction-selective cells (gray arrows), from seven experiments, point along the four cardinal directions (S, superior;

I, inferior; T, temporal; N, nasal; same color coding as in A). One example quadruplet of neurons is indicated by arrows in colors, and their tuning curves are

represented in polar plots (solid lines in the top right panel, peaks normalized to 1, dotted lines show the mean ± SD).

(C) Same tuning curves as in (B), in a Cartesian plot and unnormalized.

(D) Spike counts from the example quadruplet in (A), (B), and (C) in the presence of moving bar stimuli: each quadrant exhibits the responses of two cells whose

preferred directions differ by 90�; one point per trial. Although stimulus directions were separated by 10� in experiments, here, for the sake of clarity, we display

every other instance (stimulus directions separated by 20�). Colors label the direction of motion of the bar in the stimulus, as illustrated in the top right quadrant:

the orange bar and red bar illustrate the stimulus and the corresponding arrow its direction; the color wheel indicates the directions of motion corresponding to

each choice of color.

(E) Schematic tuning curves and measured noise correlations in pairs of simultaneously recorded cells as a function of the direction of motion in the stimulus, for

two neurons with preferred directions that differ by 0� (left panel), 90� (middle panel), and 180� (right panel). The top panels present schematic tuning curves (in

Cartesian plots, blue and green curves) for these three configurations (illustrated in the insets), as well as the geometric means of these two quantities (thin, gray

curves). The bottom panels display the measured correlations, where the mean correlations are plotted as solid lines and the standard deviations appears as

shaded areas.
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Figure 2. Improvement of the Coding Performance by Correlations

in Populations of Retinal Direction-Selective Neurons

(A and B) The coding error (in angular degrees, A) and the percent improve-

ment in resolution due to noise correlations (B), as functions of the number of

simultaneously recorded neurons. Different colors correspond to different

experiments; each point represents an average over up to 50 distinct groups of

cells selected randomly within each experiment; error bars indicate standard

errors of the mean.
also average the correlation values that we find over pairs and

stimuli, the resulting mean correlations are comparable to those

previously reported. In a recent cortical study (Lin et al., 2015) in

which correlation values were not averaged over either tuning

preferences or stimuli, these took much larger values, ranging

from 0.2 to 0.8, with a large fraction of pairs above 0.5—values

not only comparable, but in fact larger than the ones we

observed in retina.

From Spiking Data to Coding Performance: The Impact
of Noise Correlation
Noise in the response of direction-selective cells is appreciable,

and correlation shapes it in a particular manner. Because of its

non-negligible magnitude, one expects that noise has an effect

on the coding performance in a population and that the correla-

tions it carries can modulate this effect. To begin, we quantified

the impact of noise correlation upon the coding performance

through direct data analysis.

For a quantitative assessment, we compared the experimental,

correlated populations of neurons to ‘‘equivalent’’ independent
412 Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc.
populations, in which all mean responses and variances of indi-

vidual neurons were preserved as in the data, but the correlations

were removed (see Supplemental Experimental Procedures, Sec.

1.3). As a measure of the coding performance, we used the

Cramér-Rao bound (the inverse square root of the Fisher informa-

tion). Given the level of noise in the circuit and its structure, this

provides a lower bound, dq2correlatedðqÞ, on the performance of

any estimator of motion direction: var ðq̂ÞRdq2correlatedðqÞ, where

var ðq̂Þ is the variance of the decoded direction, q̂, given a stimulus

direction, q (see Supplemental Experimental Procedures, Sec.

1.2) (Abbott and Dayan, 1999, Sompolinsky et al., 2001, Wilke

and Eurich, 2002, Josi�c et al., 2009). We compared this quantity

to its counterpart, dq2independentðqÞ, the Cramér-Rao bound ob-

tained from a version of the data in which we removed correla-

tions. Finally, we quantified the impact of noise correlation

through the ‘‘mean percent improvement’’:

DR=

 
1�

*
dq2correlated

dq2independent

+
q

!
3 100; (Equation 1)

where h,iq denotes an average over all stimulus directions.When

DR = 0%, correlations do not affect coding on average; but when

DR is larger, sayDR = 50%, this corresponds to a boost in coding

precision by a factor of two in a correlated population as

compared with an independent population.

We analyzed data obtained in several experiments (see Exper-

imental Procedures and Fiscella et al., 2015). For each experi-

ment, we randomly selected populations of direction-selective

neurons among all simultaneously recorded cells; we repeated

this sampling many times, with the same fixed number of cells

in the population. As expected, the accuracy of the coding of di-

rection, as described by dqcorrelated, improved with the size of

the population (Figure 2A). The surprise was that this enhance-

ment was stronger for the correlated neurons in the real data

than for independent populations (Figure 2B). Furthermore, this

relative enhancement grew with the size of the population, i.e.,

correlation was increasingly beneficial in larger populations

(Figure 2B). A study based on paired intracellular recordings sup-

ports a similar benefit of correlation for coding in retinal direction-

selective cells (Zylberberg et al., 2016, this issue).

An appreciable fraction of the effect of correlation was present

already in small populations of cells (Figure 2B). Owing to this

observation, and because our data afforded more reliable statis-

tics for small populations, we turned to examining populations

of four direction-selective neurons with preferred directions

aligned with the four cardinal directions (‘‘quadruplets,’’ Figure 3,

insets) and of eight direction-selective neurons with four pairs

of neurons with preferred directions aligned with the four

cardinal directions (‘‘octuplets,’’ Figure 3, insets). For quadru-

plets and octuplets, bounds to the error in direction coding

averaged at 10� and 5�, respectively. More interesting was the

behavior of the relative improvement due to correlation.

We observed a large effect: the average percent improvement

over all quadruplets was 19%, and the corresponding value for

octuplets was 23% (Figure 3A). In a number of examples, the

percent improvement reached 50%, which corresponds to a

2-fold enhancement of precision due to noise correlation (Fig-

ure 3A). Also noteworthy is the observation that correlation
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Figure 3. Improvement of the Coding Performance in Quadruplets and Octuplets, with Stimulus-Dependent versus Stimulus-Independent

Correlations

(A) Histograms of percent improvement of the coding resolution from the full data, in which correlations depend upon the stimulus, for quadruplets (left panel) and

octuplets (right panel) recorded simultaneously. Small gray triangles indicate the means of these empirical distributions, quoted above them. Different colors

correspond to different experiments.

(B) Same as (A) but with histograms derived in the case in which noise correlations in the data were replaced by their average over all stimuli and hence became

stimulus independent. The effect of the stimulus dependence of the correlations on coding can be seen by comparing (A) and (B).
was beneficial for all quadruplets and octuplets: we did not see

any for which coding accuracy was degraded by the presence

of correlation.

Given the consistent stimulus dependence in the correlation

(Figure 1E), we wondered to what extent this structure contrib-

uted to the favorable impact of correlation on coding. In order

to investigate this point, we replaced the correlations in pairs of

neurons by their average over all stimulus presentations; the tun-

ing curves of the cells and the variances in their output were kept

unchanged and depended upon the stimulus, but now correla-

tion took the same value for different stimuli: its structure was

‘‘flattened’’ (dashed lines in Figure 1E). To be explicit, we consid-

ered three cases: populations of (1) correlated neuronswith stim-

ulus-dependent correlation, as given by the data; (2) correlated

neurons with stimulus-independent correlation; and (3) indepen-

dent neurons (see also Supplemental Experimental Procedures,

Sec. 1.3). We then calculated the percent improvement (Equa-

tion 1) for 1 versus 3 and for 1 versus 2. (We refer to ‘‘favorable

correlation’’ when the coding performance is greater in case 1

or 2 than in case 3. To avoid any possible confusion, we empha-

size that we do not mean here that noise itself is favorable, but

rather, given that noise is present, that correlation can sculpt it

in a manner beneficial to coding.)

In the case of quadruplets, a generic improvement of the cod-

ing accuracy survived when the stimulus dependence in correla-

tion was removed, but it became modest in magnitude (6% on

average, Figure 3B). The average improvement in the case of

octuplets was weaker, because in an appreciable fraction of ex-

amples, correlation became detrimental (negative percent im-

provement, Figure 3B). In a study in the context of mouse retina,
Zylberberg et al. (2016) observed an improvement of the coding

performance accompanied by a similar shaping of the noise; this

indicates that the findings apply more broadly to retinal process-

ing. Furthermore, Lin et al. (2015) reported a fine structure of the

noise correlations as a function of tuning preference and stim-

ulus very similar to the one we observed in retina, as well as its

incidence upon coding, in the context of cortex. The conver-

gence of these observations indicates that the phenomenon un-

der scrutiny extends beyond retina and appliesmore generally to

information processing in neural circuits. It also suggests that the

observed structure in noise correlation, which we examine in

detail next, is key to the improvement of the coding performance.

Functional Models of Correlated Neurons Coding for
Direction
These observations—namely, that noise correlations can impact

the neural code appreciably and that their stimulus-dependence

is critical—motivated us to formulate functional models of neural

response that capture the tuning properties of direction-selec-

tive cells as well as the correlated fluctuations in the population

activity. These models can then be used (and we use them; see

below) to analyze in greater detail the effect of various response

properties, including the stimulus-dependence of noise correla-

tions, upon the coding performance.

Likely, several biological mechanisms are at play in generating

the observed correlations (Zylberberg et al., 2016). Rather than

pursuing a mechanistic model, however, we looked for simple,

phenomenologicalmodels thatmay capture themeasured popu-

lation responses. Recently, suchmodels have proven successful

in describing the correlated variability of cortical cells (Ecker et al.,
Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc. 413
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Figure 4. Functional Models of Response and Noise Statistics of Direction-Selective Neurons

(A) Illustration of the models defined in Equation 2: the variability of neural response and the correlation among the responses of neurons can originate from

additive input noise (Model I), input gain modulation (Model II), or output gain modulation (Model III).

(B) Examples of model fits of the tuning curves of two neurons (model, solid curves; data, dashed curves).

(C) Examples of model fits of the variances and covariance in the activity of the same two neurons as in (B) (model, solid curves; data, dashed curves).
2014; Goris et al., 2014; Lin et al., 2015); these models assume a

doubly stochastic process, in which the intrinsic variability of sin-

gle-cell response is combined with a secondary variability in the

outputgain.Weborrowed this frameworkandextended it to allow

for diverse sources of secondary variability.

In order to construct functional models, we assumed that

the spiking output of a neuron labeled m, in a given stimulus trial,

was governed by a rate, lm, so that its mean response was equal

to lm and the variance about this mean was l1�b
m , where b< 0,

b= 0, and b> 0 corresponded to supra-Poisson variability, Pois-

son variability, and sub-Poisson variability, respectively. This

intrinsic variability was interpreted as internal to the neuron,

rather than coming from circuit effects. In addition, we assumed

that the rate, lm, is itself a random variable, which experiences

secondary sources of variability according to

lm =
�
1+ s3h

ð3Þ
m

�
g
��

1+ s2h
ð2Þ
m

�
4mðqÞ+ s1h

ð1Þ
m

�
; (Equation 2)

where gð,Þ is the (non-linear) transfer function of the neuron,

4mðqÞ is its stimulus-dependent input, the three positive con-

stants (s1, s2, and s3) define the magnitude of each source of
414 Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc.
noise, and hð1Þm , hð2Þm , and hð3Þm are secondary random variables

with vanishing means and unit variances (Figure 4A, see also

Supplemental Experimental Procedures, Sec. 2.1). Here, the

term labeled by (3) (Model III) amounts to the output gain mod-

ulation considered previously in the context of cortex (Ecker

et al., 2014; Goris et al., 2014), which can be interpreted as

gain modulation in the spiking mechanism; the term labeled

by (1) (Model I) can be interpreted as stimulus-independent

input noise, and the term labeled by (2) (Model II) can be inter-

preted as stimulus-independent synaptic gain modulation. We

assumed that the secondary source of noise, hðiÞm , did not

depend upon stimulus but was correlated among neurons

(see Supplemental Experimental Procedures, Sec. 2, for a

detailed discussion of the models). This phenomenological

formulation of the generation of noise correlation encompasses

a specific proposal of a mechanistic model (Zylberberg et al.,

2016) (see also below).

Even though the noise terms are stimulus independent, stim-

ulus-dependent variances and covariances—and, hence, corre-

lations—emerge in the neural population because of the doubly

stochastic nature of themodel. The shape of these variances and
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Figure 5. Behavior of the Coding Error and the Coding Improvement as a Function of Correlated Noise

(A) Percent improvement in the accuracy of direction coding as a function of the magnitude of the secondary noise, in Model I (left panel), Model II (middle panel),

and Model III (right panel), for the stimulus-dependent correlations generated by the models (red curves), as compared to the mean-matched stimulus-inde-

pendent case (green curves). For independent neurons (blue curves), the percent improvement is constant and vanishing.

(B) Deterioration of the coding accuracy by the secondary sources of noise, as described by the error normalized by the error in the noiseless case with

s1 =s2 = s3 = 0. In the presence of the stimulus-dependent correlations generated by Model I (left panel), Model II (middle panel), and Model III (right panel), the

coding accuracy is largely insensitive to the secondary noise (red curves), whereas in the cases of stimulus-independent correlation (green curves) and inde-

pendent neurons (blue curves), noise is detrimental to the coding accuracy. For a sufficiently strong non-linearity, g, input-gain modulation can improve the

coding accuracy (dashed line, middle panel).
covariances depend upon the structure of the model. We exam-

ined the predictions of each of the three models, with s1s0 and

s2 = s3 = 0 (Model I), s2s0 and s1 = s3 = 0 (Model II), and s3s0

and s1 = s2 = 0 (Model III), separately. We found that, in a large

fraction of our fits, all threemodels reproduced closely the shape

of the observed tuning functions (Figure 4B) and that of the

observed variances and covariances (Figure 4C). Statistically,

the variance explained was 60% ± 17% in Models II and III and

somewhat lower, 56% ± 16%, in Model I (see also Supplemental

Experimental Procedures, Sec. 2.2).

The convergence of the various phenomenological models

suggests that, if a doubly stochastic process is at play—and,

given the many possible sources of noise in retinal pathways,

one indeed expects multi-stochastic processes—then the

form of the stimulus dependence of the correlation is robust

in that it is not expected to depend strongly upon details of

the biological mechanisms involved. Indeed, a similar, doubly

stochastic, phenomenological model (Lin et al., 2015) yielded

comparable fits to cortical data and generated noise correla-

tions with a fine structure similar to the one we observed in

retina. In the case of retina, this fine structure predicted by

phenomenological models can be explained also by a partic-

ular mechanistic instantiation of correlated noise in the circuit,

based upon intracellular recordings (Zylberberg et al., 2016).

The convergence of phenomenological models in retina and

cortex, and their mechanistic support found in retina, suggest

that they may serve as useful tools for analyzing neural

circuits.
Exploiting the Functional Models: Beneficial Effect of
Correlation and Harmful Effect of Noise
With simple phenomenological models at hand, we investigated

theways inwhich the structure of the noise and other parameters

affect the coding performance. We first asked how the coding

performance in a population of model neurons compared to its

counterpart in a population either of neurons with stimulus-inde-

pendent correlation or of independent neurons. All three models

(Models I, II, and III) led to qualitatively similar outcomes, and

these outcomes agreed with our data analyses. Specifically,

stimulus-independent correlations yielded a modest improve-

ment of the coding accuracy for a wide range of the magnitudes

of the noise, but it could also lead to a weak suppression of the

coding accuracy in a small-noise regime. By contrast, the effect

was strong and always favorable in the case of stimulus-depen-

dent correlations (Figure 5A). That is, input noise (Model I), input

gainmodulation (Model II), and output gainmodulation (Model III)

all impose a stimulus-dependent shape to the correlation that is

appreciably more beneficial to coding than a mean-matched

stimulus-independent correlation.

In general, noise in neural responses is expected to be

detrimental to coding accuracy. It is instructive to examine the

harmful effect of noise in the context of our models of

noise correlation: we compare the coding performance in the

presence of one source of secondary noise (sis0, with i = 1, 2,

or 3) and that in the absence of secondary noise

ðs1 = s2 = s3 = 0Þ. We find that, as expected, coding accuracy is

harmed by any one of the secondary sources of variability in
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the stimulus-independent case (Figure 5B). However, in the stim-

ulus-dependent case, the secondary source of variability has

only amarginal impact upon the coding accuracy, which remains

nearly as good as if there were no secondary source of noise

whatsoever (Figure 5B). The response of the population is still

fluctuating, given the presence of the intrinsic variability, but an

additional source of noise added on top of this barely affects

coding. Thus, another way to view our results can be summa-

rized as follows: stimulus dependence shapes noise in such a

way as to prevent it from harming the coding performance.

The formofModel II suggests an additional, intriguing possibil-

ity: if the function gð,Þ (see Equation 2) is sufficiently non-linear,

the coding accuracy can in fact be improved by the presence of

secondary noise (Figure 5B). This effect occurs because the

magnitude of the noise, s2, affects not only the correlation but

also the tuning curve; this increase in ‘‘signal’’ can overcompen-

sate the increase in ‘‘noise,’’ itself shaped advantageously as a

function of stimulus, to enhance coding.

Why Are Stimulus-Dependent Correlations Beneficial to
Coding?
A basic mechanism by which correlation can benefit coding has

been discussed by a number of authors (Abbott and Dayan,

1999;Wilke and Eurich, 2002; Averbeck and Lee, 2006; Averbeck

et al., 2006; Hu et al., 2014; da Silveira and Berry, 2014; Moreno-

Bote et al., 2014, Lin et al., 2015): in brief, neurons with different

preferences ought to be positively correlated. While this mecha-

nism is often illustrated in the case of pairs of neurons, it has

also been examined in larger populations (Hu et al., 2014; da Sil-

veira and Berry, 2014; Moreno-Bote et al., 2014; Lin et al., 2015)

where it can lead to a quantitatively strong effect. A more general

formulation of this mechanism stipulates that the harmful effect of

noise is minimized if it lies in a subspace of the response space

orthogonal to the ‘‘informative subspace,’’ namely, that in which

the mean response of the population varies. In the case of direc-

tion-selective neurons, the tuning curves define an informative

curve in the space of population responses, parametrized by

the stimulus value (Figure 6A). Since correlations benefit coding,

we expect that these sculpt the noise in such a way that its vari-

ations mostly lie perpendicularly to this informative curve. In the

case of the pair of cells illustrated in Figure 6B, for example, pos-

itive correlations enhance the coding performance while negative

correlations suppress it, over a range of stimulus directions. It is

tempting to terminate the argument at this stage and to claim

that this intuition on coding with pairs of neurons suffices to un-

derstand coding in populations of (direction-selective) cells. But

the argument would be incomplete: the stimulus dependence of

the correlation is a key ingredient, and a complete intuition re-

quires more than considering pairs of neurons separately.

Typically, a tuning curve spans somewhat more than 180�.
Consider for a minute the hypothetical, simpler case in which

tuning curves would span at most 180�. For a quadruplet of di-

rection-selective cells, each stimulus value, q, would then be

monitored by the two neurons whose preferences lie within 90�

of q and at roughly 90� of each other. Since these two neurons

have distinct tuning preferences, constant (stimulus-indepen-

dent) positive correlation affects coding favorably (compare the

left and middle panels in Figure 6C). Now, stimulus dependence
416 Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc.
enhances this effect because it accumulates the positive corre-

lation in the region that lies in between their preferred directions,

while it depletes it near their preferred directions (see Figure 1E).

That is, the stimulus-dependent structure boosts the positive

correlation where the two tuning curves overlap and, hence,

where it enhances the coding performance (compare the middle

and right panels in Figure 6C).

This argument breaks down when the stimulus direction is

close to the preferred direction of one of the two cells under scru-

tiny, because there the stimulus-dependent structure depletes

the correlation and, hence, suppresses the coding performance

of this pair of neurons. Here, it is necessary to consider the simul-

taneous impact of other pairs of neurons. Indeed, when we

consider the actual situation, in which a tuning curve spans

somewhat more than 180�, then each stimulus direction is moni-

tored by more than two neurons in the quadruplet. When the

stimulus direction is close to the tuning preference of a given

neuron, it is also monitored by the two other neurons flanking it

(in tuning preference) and whose preferred directions lie at

180� of each other. The stimulus-dependent structure boosts

the correlation between those two neurons (Figure 1E), so that

correlation now enhances the information in that pair of neurons.

In other words, the impact of correlation upon coding in a

given pair of neurons depends upon the stimulus direction;

when correlation has the appropriate stimulus-dependent struc-

ture, the combined effect of all pairs of neurons is favorable. The

geometrical interpretation is that the stimulus dependence in the

correlation reorients the variability so that it extends in a direction

orthogonal to the informative curve in the high-dimensional (four-

dimensional in the case of a quadruplet) space of the population

response (in analogy with the mechanism depicted in Figure 6C).

Here, correlated coding is a collective phenomenon, which

cannot be fully understood by considering a single pair of neu-

rons. This is true even if only pairwise correlations are considered

and higher-order correlations are neglected. We note in passing

that, in general, noise correlations can modify, and indeed sup-

press, the noise entropy, as compared to the independent

case; what matters for coding, however, is the magnitude of

the noise along the informative curve.

The situation is similar in the case of octuplets of direction-

selective neurons (Figure 6D): each stimulus direction is moni-

tored by many cells, and contributions from all pairs have to be

taken into account. This insight also sheds light on the different

behaviors noted for quadruplets and for octuplets (Figure 3):

when the stimulus dependence in the correlation is taken into

account (Figure 3A), all quadruplets and octuplets benefit

from the presence of noise correlation; when correlation is

stimulus independent (Figure 3B), it still benefits nearly all qua-

druplets (even though the effect is weaker), but it is harmful to

an appreciable fraction of octuplets. Because positive correla-

tions between two neurons with similar preference—there are

eight such pairs in an octuplet—are detrimental, when correla-

tions are averaged over stimuli, these can overrun the benefi-

cial effect of positive correlation between neurons with distinct

preferences.

In order to examine how the interplay between structured cor-

relation and tuning curves affects coding, we focused on a given,

arbitrary value of the stimulus, and we considered general
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Figure 6. Impact of Different Structures of Noise Correlation upon Population Coding

(A) Left panel: twomodel direction-selective neurons respond to different stimuli (dashed lines) according to tuning curves (solid gray curves), f1ðqÞ and f2ðqÞ, with

two direction preferences that differ by 90�. Right panel: the two tuning curves are represented as a solid gray line parametrized by the stimulus direction, q. In

the space of the two-cell output, this gray line forms an informative subspace: the location of the pair response along the gray line yields information about the

stimulus presented. More precisely, for each stimulus, q, the tangent vector, ðf 01ðqÞ; f 02ðqÞÞ, defines the informative direction (arrows in colors corresponding to the

stimulus values in the left panel).

(B) For eachstimuluspresented,noisecorrelationdistorts thecloudof two-cell responsesabout themeanover trials; dependingupon thegeometryof thisdistortion

with respect to the informative direction, it can either benefit or harm the coding accuracy. Positive correlation in the pair (c > 0) favors the reliability of coding with

respect to the independent case (c=0),while negativecorrelation (c<0) is detrimental. Specifically,whenc>0, the responses for nearby stimulusdirectionsoverlap

less, and, hence, coding ismore reliable. (Conversely, if the two tuning curves have similar preference, c < 0 is favorablewhereas c> 0 is detrimental; illustration not

shown.) More precisely, coding is favored if the eigenvector of the covariance matrix parallel to the tangent vector, ðf 01ðqÞ; f 02ðqÞÞ, comes with a small eigenvalue:

correlation then relegates the noise in the orthogonal, uninformative direction. Ellipses are contours of equal probability, drawn at 2.5 standard deviations.

(C) Responses of a pair of neurons with 90� difference in preferred direction; each point is a trial, colors represent different stimuli (direction of moving bar). Data

were simulated using the measured tuning functions and covariance matrices. Three different scenarios are visualized: two independent neurons (left panel), two

neurons with stimulus-independent correlations (middle panel), two neurons with the full stimulus-dependent correlation present in data (right panel); ellipses are

contours of equal probability for each stimulus, at 2 standard deviations; thick black lines illustrate eigenvectors of the covariance matrix (for one example

stimulus, in red). The ellipses are reoriented by noise correlations so that their long axis moves away from the informative direction along which stimuli are coded

(thick gray line, given by the tuning functions). Insets: arrangements of the preferred directions and sketches of the dependence of the correlation upon stimulus.

(D) Same as (C) but for two pairs of neurons, corresponding to half of an octuplet. For the sake of illustration, spike counts of neurons with similar preferred

directions were summed. The effects are similar to (C), and stronger.
variances and covariances in a population of direction-selective

neurons. We then investigated theoretically the coding perfor-

mance in the space of these parameters, by evaluating bounds

on the coding error for each choice of correlation values. We

simplified the problem by assuming that the form of the correla-

tion can be summarized by three parameters, namely, the corre-

lation coefficients among pairs of cells with preferred directions

that differ by 0�, 90�, and 180� (Figure 7A). We computed

the percent improvement in coding accuracy as a function of

these parameters (see Supplemental Experimental Procedures,

Secs. 3.1, 3.2, and 3.3, for derivations); we then used the
outcome as a benchmark for the experimentally measured

values (Figure 7B). The comparison with data is simplest in the

case of quadruplets, as there only two parameters survive,

namely the correlation between cells whose preferred directions

differ by 90� and 180�. While themeasured correlation values are

far from the limiting values allowed by mathematical constraints

on covariances, and for which very large percent improvements

of the coding accuracy occur, a fraction of measured correlation

values correspond to an appreciable improvement. An extrapo-

lation of this picture to the case of 12 and 20 neurons (i.e., pop-

ulations with groups of m = 3 or 5 neurons with preferences
Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc. 417
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Figure 7. Effect of Correlation in Small Populations of Direction-Selective Neurons

(A) Illustration of the model of direction-selective neurons, for a given stimulus, in which there are m neurons whose preferred directions point along each of the

four cardinal directions. The correlation structure is parametrized by c0, cp=2, and cp, the values of correlations in pairs of neurons whose preferred directions

differ by 0�, 90�, and 180�.
(B) Profiles of the percent improvement in coding accuracy as functions of cp=2 and cp, for different values of m; in the cases m = 2, 3, and 5, c0 was set to 0.2,

comparable to the observed values. Black dots represent the values observed in the data; the green dot represents the average over all data. The gray area

represents forbidden values of the correlations (with negative eigenvalues of the covariance matrix).
aligned with each of the four cardinal directions) suggests that

the effect of correlation values observed in data can become

appreciably stronger already in these small populations

(Figure 7B).

Beyond the Retina: Coding with Favorable Correlations
in Populations of Broadly Tuned Neurons
Themodeling approach is relevant not only to retinal direction-se-

lective neurons, but more generally to populations of correlated

neurons that respond to stimuli with broad tuning curves.

Because there are many examples of broadly tuned neurons

responsive to continuous stimuli, in several brain areas, we

decided to conclude our study by examining a more general

problem, which extends beyond the constraints imposed by

retinal data. We considered a model population with N0 neurons

(Figure 8A). Whereas retinal direction-selective neurons align

their preferences with the four cardinal directions, in the more

general model we allowed maxima of the tuning curves to take

any value of the continuous stimulus; this occurs, for example,

for cortical direction-selective cells. It is known that noise correla-

tions among broadly tuned neurons harm coding if themagnitude

of the correlation in pairs of neurons with similar preferences ex-

ceeds that in pairs of neurons with different preferences (Abbott

and Dayan, 1999; Sompolinsky et al., 2001; Wilke and Eurich,

2002). By contrast, in populations of retinal direction-selective

cells, where correlation improved the coding performance, stim-

ulus dependence sculpted the correlation such that, in a large

fraction of the examples studied and for a range of stimuli, it

was greater in pairs of neurons with different preferences than

in pairs of neurons with similar preferences (Figure 8B). We

wanted to encompass this possibility in our general model, so
418 Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc.
we allowed for forms of the correlation in which neurons with

distinct preferences could be slightly more correlated than neu-

rons with similar preferences (Figure 8C) (Wilke and Eurich,

2002); we called qmax the difference in preference for which pairs

of neurons reached the maximum value of the correlation.

We then asked how the coding performance varied with the

population size and how the arrangement of the neural prefer-

ences in thepopulation influenced it. To explore different arrange-

ments, we allowed the population to break up inN pools, with any

N < N0, while keeping the total number of neurons in the popula-

tion fixed (Figure 8A).

We found that the coding accuracy can be enhanced appre-

ciably as a function of the number of neurons in the population

(Figure 8D; see Supplemental Experimental Procedures, Sec.

3.4, for derivations). The optimal arrangement of the preferred di-

rections, which led to this coding enhancement, was interesting

(Figures 8E and 8F): initially, as we increased the number of

neurons in the population, their preferred directions were distrib-

uted uniformly over all directions; once the distance (in stimulus

space) between neighboring preferred directions became com-

parable to qmax, then neurons clumped into discrete pools as N0

was increased. In this regime, as N0 increased, the total number

of pools settled to a constant, while each pool grew in size (Fig-

ures 8E and 8F). The presence of correlation leads to a percent

improvement of the coding accuracy, DR, which can be ex-

pressed as

DR= cmax½ðN0=NÞGðN; qmaxÞ � ðN0=N� 1Þc0�3100;

(Equation 3)

where cmax is proportional to the maximum value taken by the

correlation and c0 is the correlation of two neurons with
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Figure 8. Beyond the Retina: Model of Coding with a Population of Broadly Tuned, Correlated Neurons

(A) Illustration of the model of a population ofN0 broadly tuned, correlated neurons. The population is divided intoN pools, each of which containsm neurons with

similar stimulus preference.

(B) Measured stimulus-dependent correlations in pairs of neurons. Top panel: illustration of the tuning curves. Bottom panels: three examples of measured

correlations in pairs of direction-selective cells with 0� difference in preferred direction (squares) and with 90� difference (triangles), from given groups of three

cells. Solid lines are smoothed versions of the raw correlation values. For a range of stimulus directions, the correlation between neurons whose preferred di-

rections differ by 90� exceeds the correlation between neurons with similar preferred directions; the examples were chosen from three different experiments.

(C) Shapes of the correlation function used in the model; cðqÞ is the correlation between two neurons with preferred stimuli that differ by q. Different colors

correspond to different parameter choices, as labeled in the legend.

(D) Percent improvement of the coding accuracy as a function of the number of neurons in the population, N0. Color coding as in (C).

(E) Optimal number of pools, N, as a function of the number of neurons in the population, N0. Color coding as in (C).

(F) Illustration of the optimal configurations in a correlated population of different sizes (total number of neurons, N0). For small populations, neurons cover the

stimulus range uniformly, i.e., there are as many pools as there are neurons (N = N0) and their separation decreases as N0 increases. When the separation

becomes comparable to the ‘‘correlation length’’ set by the shape of the correlation function, the number of pools, N, stops growing with increasing N0; instead,

each pool becomes more populated.
identical preference. The function GðN; qmaxÞ is controlled by

the ‘‘correlation length,’’ qmax, and becomes large when the

number of pools, N, is such that the distance (in stimulus

space) between successive pools becomes comparable to

qmax, i.e., when 2p=N � qmax (see Supplemental Experimental

Procedures, Sec. 3.4, for details). This arrangement ensures

that positive correlations are concentrated in such a way as

to maximize their favorable effect upon the coding accuracy.

These observations imply that, even for coding a continuous

stimulus, it may be advantageous for a neural population

to break up in discrete pools with distinct preferences (as

illustrated in Figure 8A), depending upon the structure of

correlation.
DISCUSSION

In this study, we have characterized the structure of noise corre-

lation in populations of direction-selective retinal ganglion cells

and shown that noise correlation benefits the accuracy of coding

appreciably, as compared with the case of independent neu-

rons. The stimulus dependence of the noise correlation was

key, and coding improvement reflected a collective phenome-

non operating beyond individual pairs. In order to examine this

phenomenon, we introduced functional models of direction-

selective cells, which captured the statistics of responses to

moving bars. We then used these models to investigate the per-

formance of population coding. The generality of the functional
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models suggests that similar phenomena may occur in other

brain areas, and we extended theoretical considerations to large

populations of broadly tuned neurons.

The effect of stimulus-dependent noise correlations has been

examined in a number of earlier studies (Panzeri et al., 1999; Pola

et al., 2003; Shamir and Sompolinsky, 2004). These, however,

differ from our work in their information theoretic framework,

the models of noise correlation they assume, or, more impor-

tantly, the conclusions they reach (but see Lin et al., 2015, which

we discuss below). Panzeri and colleagues (Panzeri et al., 1999;

Pola et al., 2003) break up the mutual information between stim-

ulus and neural output in a sum of terms that elucidate the

various contributions of noise correlations to the mutual informa-

tion. In analyses of the activity of pairs of neurons in rat S1 and of

multi-unit recordings in monkey area MT in the context of

discrimination tasks, they show that stimulus-dependent corre-

lation can (marginally) enhance the mutual information and,

hence, benefit neural coding. However, because their approach

consists of a direct data analysis without the use of an encoding

or noisemodel, it is not possible to address the question of which

aspect of the structure of noise correlations is beneficial. A more

drastic disconnect between their conclusions and ours pertains

to the mechanism by which correlation improves benefits cod-

ing. There, coding improves because information about the stim-

ulus is stored in the magnitudes of the pairwise correlations

themselves, independently of the tuning properties of the cells.

Similar remarks apply to a study by Shamir and Sompolinsky

(Shamir and Sompolinsky, 2004). In their purely theoretical inves-

tigation, they consider two alternative noise models, one of

which features stimulus-dependent correlations. However, the

form of the noise correlation is different from the one we

measured and modeled. On a conceptual level, again the mech-

anism put forth by the authors for the beneficial effect of correla-

tion amounts to storing information about stimuli in the values of

the correlations, as in Panzeri et al., 1999; Pola et al., 2003.

Our work comes to complement these earlier studies. In our

case, the coding improvement due to correlations follows from

a basic and often discussed (Abbott and Dayan, 1999; Wilke

and Eurich, 2002; Romo et al., 2003; Averbeck and Lee, 2006;

Averbeck et al., 2006; Josi�c et al., 2009; Hu et al., 2014; da Sil-

veira and Berry, 2014) mechanism: for a given stimulus, positive

correlation among neuronswith different preferences is advanta-

geous. But when a possible stimulus dependence of correlations

is taken into account, as in our case, the problem becomes

richer: this stimulus dependence can act in concert with the

basic mechanism by enhancing correlations where they are use-

ful and suppressing them where they are not. We demonstrated,

quantitatively, that the corresponding boost can be substantial

even in small populations with less than ten neurons, and grows

with population size. The increase of the performance improve-

ment as a function of the number of neurons in small populations

has also been noted, in a different context (in Jeanne et al., 2013).

Our conclusions can also be stated differently, namely, that stim-

ulus-dependent correlation shapes the noise so as to prevent its

deleterious effect on coding. This requires a specific shape of the

stimulus-dependent correlation, which was present in the data.

We also developed simple functional encoding models of

direction-selective neurons. These models are ‘‘functional’’
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because they are not based upon detailed mechanistic knowl-

edge of the circuitry and physiology, but rather summarize these

in a few mathematical features. Furthermore, a full-fledged

model would convert a spatio-temporal input into a neural

output, and one would aim for it to be valid for the broadest

possible ensemble of spatio-temporal inputs. We were con-

cerned with a more modest formulation of models, which con-

verted stimulus features into neural output. (We did not aim at

modeling the first stage of processing, from the general spatio-

temporal input into stimulus features.) Constructing a more

general model would require recordings of direction-selective

cells in response to a broader ensemble of visual stimuli. In our

models, the favorable correlation structure, matching that in

data, came about as a consequence of the presence of non-

linear transfer functions and the doubly stochastic nature of

the neural response. As such, favorable correlation structures

are expected to be insensitive to biophysical and connectivity

details: when noise trickles down a circuit, favorable stimulus-

dependent correlations emerge in a robust manner.

We examined various possible sources of noise in our

modeling approach, including additive input noise as well as

input and output gain fluctuations. Similar phenomenological

models, with both additive and multiplicative noise, were

recently fitted also to cortical data (Ecker et al., 2014; Goris

et al., 2014; Lin et al., 2015). These models can then be used

to investigate the relation between noise and its correlation

structure on the one hand, and coding of information on the other

hand. As it turns out, both the structure of noise correlation and

its impact upon coding shared a large degree of similarity be-

tween the case of retina, discussed here (see also Zylberberg

et al., 2016), and that of cortex (Ecker et al., 2014; Goris et al.,

2014; Lin et al., 2015). Our theoretical work complements and

extends the analysis of cortical coding (Lin et al., 2015); in partic-

ular, we point out that not only is the structure of correlation rele-

vant, but also the arrangement of tuning curves in the population,

and that the two interact. In models of cortex, it is customary to

assume a uniform coverage of tuning preferences in the popula-

tion; even a small modulation away from uniformity can impact

coding appreciably in the presence of correlation. Beyond

such quantitative considerations, the convergence between

findings in retina and cortex suggests that the phenomenology

reported is a general one and that functional models can serve

as a broadly useful tool for its investigation.

Both in retina and in cortex (Ecker et al., 2014; Goris et al.,

2014; Lin et al., 2015), it was necessary to assume the presence

of multiplicative noise for improved fits to the spiking data. The

requirement of multiplicative noise is interesting, because gain

fluctuation is a widespread phenomenon in neural systems and

is likely involved in many different computations. In particular,

a number of adaptation phenomena result from the variation of

some gain in the processing stream. Thus, one can expect

gain fluctuations to occur naturally in a circuit where elements

adapt dynamically as a function of stimulus history. A similar

point has been made about gain fluctuations induced by top-

down attentional signals (Lin et al., 2015). It is thus advantageous

that those correlations that emerge from common gain fluctua-

tion come with a form of stimulus dependence that prevents

the noise from impairing the coding accuracy.



The presence of different tuning curves and of stimulus-depen-

dent correlations in a population invests it with a higher degree of

heterogeneity. Other forms of heterogeneity than the ones

considered here canalso enhance the codingperformance (Wilke

and Eurich, 2002; Shamir and Sompolinsky, 2006; Ecker et al.,

2011; da Silveira and Berry, 2014). In particular, heterogeneity in

the magnitudes of the tuning curves has been shown to lead to

an enhancement of the coding performance (Ecker et al., 2011),

and this mechanism may also play a role in retina. When viewed

in the context of linear algebra, thebeneficial role of heterogeneity

is expected to be generic: greater variability in the correlations

generically results in smaller eigenvaluesof thecovariancematrix,

so that neural activity in response toagivenstimulus is confined to

a narrower region in the space of population responses.

Finally, when we turned the problem on its head and asked,

‘‘Given a correlation structure, how should the tuning curves

be arranged in a population?’’, we found that it could be advan-

tageous for a neural population to clump into pools with discrete

preferences, even when coding a continuous stimulus. Similar

forms of ‘‘discrete coding’’ were put forth by a number of authors

(Harper and McAlpine, 2004; Nikitin et al., 2009; Sharpee, 2014;

Kastner et al., 2015). In their cases, however, discreteness fol-

lowed from themaximization of an information-theoretic quantity

calculated for a population of independent neurons, whereas in

our case the discreteness is related to the correlation structure.

Our result was derived using a relatively general model of corre-

lated neurons, which extends beyond the confines of retina. If

beneficial structures of stimulus-dependent correlation emerge

generically from noise trickling down neural circuits, then corre-

lation may be the quantity informing the way in which response

properties should be arranged for high-performance coding.

EXPERIMENTAL PROCEDURES

All animal experiments and procedureswere approved by the Swiss Veterinary

Office. New Zealand female albino rabbits (females, 2.5–3 kg) were obtained

from Charles River Laboratories. The eyes were dissected under dim red

light conditions in Ames solution (Sigma, A1420) continuously equilibrated

with 5% CO2, 95% O2. The vitreous was removed, and a patch of retina

(2 3 2 mm2) was isolated between 1 mm and 4 mm eccentricity, along the

ventral direction. The retina patch was placed, ganglion cell side down, on

the high-density multielectrode array (HDMEA) (Frey et al., 2009; Fiscella

et al., 2012) featuring 11,011 platinum electrodes with diameters of 7 mm

and electrode center-to-center distances of 18 mm over an area of 2 3

1.75 mm2 (3,161 electrodes/mm2) and perfused by Ames solution (pH 7.4,

36�C), equilibrated with 5% CO2, 95% O2. The retina was optically stimulated

(projector Acer K10 with 60 Hz refreshing rate using blue [460 ± 15 nm] and

green [523 ± 23 nm] projector LEDs) with white noise and flashing square stim-

uli to map receptive fields and ON-OFF responses. Direction selectivity was

measured with moving bar stimuli (1 mm length, background irradiance

0.2 mW/cm2, bar stimulus irradiance 2.2. mW/cm2, constant velocity of

1.6 mm/s along 36 equidistant angular directions radially spaced at 10�).
Two different bar widths were used, 0.5 mm and 1 mm, respectively.

Of the 11,000 electrodes, 126 electrodes can be recorded with a sampling

frequency of 20 kHz at the same time and arbitrarily selected during the exper-

iment. To place the electrodes preferentially below direction-selective cells, we

scanned the electrode arraywith several non-overlapping electrode configura-

tions while stimulating the retina with moving bar stimuli. The data were spike-

sortedmanually using the software UltraMegaSort2000 (Hill et al., 2011) on 5–7

electrodes at a time, online during the experiment. After this initialization period,

5–7electrodeswereplacedclose toeach identifieddirection-selective cell, and

the electrode configuration was fixed for the rest of the experiment. One hun-
dred repetitions of each of the 36 moving bar stimuli were subsequently pro-

jected onto the retina in a randomized order. The resulting data were spike-

sorted in the same fashion as before, but offline, after the experiment. This

yielded 6–18 (mean 12.8 ± 4.5) well-isolated (fraction of inter-spike intervals

shorter than 1.5 ms below 2%) ON-OFF direction-selective ganglion cells per

experiment (total of 90 cells in seven experiments). Spike counts were defined

as the total number of spikes of each neuronduring the 1.6-s-long stimulus pre-

sentations. The range of the recorded outputs observed from experiment to

experiment (Figure 2) may be explained, at least in part, by the variations in

the retinal eccentricity of the patch of retina we recorded from.
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806711B, and the Swiss SystemsX interdisciplinary PhD grant No. 2009_031.

Received: October 16, 2014

Revised: August 15, 2015

Accepted: December 21, 2015

Published: January 20, 2016

REFERENCES

Abbott, L.F., andDayan, P. (1999). The effect of correlated variability on the ac-

curacy of a population code. Neural Comput. 11, 91–101.

Averbeck, B.B., and Lee, D. (2003). Neural noise andmovement-related codes

in the macaque supplementary motor area. J. Neurosci. 23, 7630–7641.

Averbeck, B.B., and Lee, D. (2004). Coding and transmission of information by

neural ensembles. Trends Neurosci. 27, 225–230.

Averbeck, B.B., and Lee, D. (2006). Effects of noise correlations on information

encoding and decoding. J. Neurophysiol. 95, 3633–3644.

Averbeck, B.B., Latham, P.E., and Pouget, A. (2006). Neural correlations, pop-

ulation coding and computation. Nat. Rev. Neurosci. 7, 358–366.

Bair, W., Zohary, E., and Newsome, W.T. (2001). Correlated firing in macaque

visual areaMT: time scales and relationship to behavior. J. Neurosci. 21, 1676–

1697.

Cohen, M.R., and Newsome, W.T. (2008). Context-dependent changes in

functional circuitry in visual area MT. Neuron 60, 162–173.

da Silveira, R.A., and Berry, M.J., 2nd (2014). High-fidelity coding with corre-

lated neurons. PLoS Comput. Biol. 10, e1003970.

Ecker, A.S., Berens, P., Keliris, G.A., Bethge, M., Logothetis, N.K., and Tolias,

A.S. (2010). Decorrelated neuronal firing in cortical microcircuits. Science 327,

584–587.

Ecker, A.S., Berens, P., Tolias, A.S., and Bethge, M. (2011). The effect of noise

correlations in populations of diversely tuned neurons. J. Neurosci. 31, 14272–

14283.

Ecker, A.S., Berens, P., Cotton, R.J., Subramaniyan, M., Denfield, G.H.,

Cadwell, C.R., Smirnakis, S.M., Bethge, M., and Tolias, A.S. (2014). State
Neuron 89, 409–422, January 20, 2016 ª2016 Elsevier Inc. 421

http://dx.doi.org/10.1016/j.neuron.2015.12.037
http://dx.doi.org/10.1016/j.neuron.2015.12.037
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref1
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref1
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref2
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref2
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref3
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref3
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref4
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref4
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref5
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref5
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref6
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref6
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref6
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref7
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref7
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref8
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref8
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref9
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref9
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref9
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref10
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref10
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref10
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref11
http://refhub.elsevier.com/S0896-6273(15)01139-3/sref11


dependence of noise correlations in macaque primary visual cortex. Neuron

82, 235–248.

Fiscella, M., Farrow, K., Jones, I.L., Jäckel, D., Müller, J., Frey, U., Bakkum,
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