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We develop an efficient coding model to address how a population of retinal ganglion cells (RGCs) can optimally
combine signals from the retinal cone mosaic to maximize information transfer through the optic nerve. The model
takes into account the redundancies inherent in color natural images and predicts how they should be reduced in
order to make the best use of channel capacity in the optic nerve, given metabolic constraints, wiring constraints,
and input and channel noise. RGCs are modeled as a set of linear–nonlinear neurons whose instantaneous firing
rate is computed via a weighted sum of cone responses from a simulated L- and M-cone mosaic, followed by a recti-
fying nonlinearity. When adapted to a set of calibrated color natural images so as to maximize mutual information
between the retinal image and RGC outputs, the learned weights exhibit a circularly symmetric, center–surround
structure, and the population of RGCs tile visual space via ON- and OFF-mosaics, in line with previous studies that
use only luminance variations in natural scenes. Over a range of cone-to-neuron ratios, the model RGCs strategi-
cally weight cones of a particular spectral type to construct a stronger form of L–M cone-opponency than would
be obtained with purely random sampling, implying that such a specific arrangement increases information trans-
fer through the optic nerve. Additionally, we find that the degree of cone-type-specific adaptation varies with the
amount of noise in the cone activations, with less noise leading to more specific adaptation. The results of this study
point to the benefits of strategic cone weighting for maximizing information transfer for spatiochromatic natural
scenes. ©2025Optica PublishingGroup under the terms of theOpticaOpen Access Publishing Agreement

https://doi.org/10.1364/JOSAA.545141

1. INTRODUCTION

Color vision originates from cone cells with different spectral
sensitivities that are combined in an opponent manner. In
trichromatic humans and primates, long- (L) and medium-
(M) wavelength-sensitive cones are compared via midget retinal
ganglion cells (RGCs), which form the so-called L–M cone-
opponent pathway [1]. The spatial organization of cones into a
mosaic, along with the spatially antagonistic center–surround
receptive fields of midget RGCs, facilitates the generation of
L–M cone-opponency [2,3]. However, the precise connectivity
underlying these receptive fields remains unresolved, and two
primary possibilities have been proposed to explain how midget
RGCs construct cone-opponent signals [4].

One possibility is that midget RGCs construct cone-
opponent signals by forming circularly symmetric
center–surround receptive fields that are indiscriminate to
cone type. In this scenario, cone-opponent signals emerge by
chance from the random arrangement of cone types in the
mosaic [4]. Alternatively, midget RGCs may exhibit cone-type

selective receptive fields, where inputs to the center and/or
surround are biased toward specific cone types, thus ampli-
fying cone-opponent signals. While experimental evidence
supports the presence of cone-type selective biasing in some
contexts [5–7], other studies suggest that non-selective inputs
can adequately explain key features of cone-opponent responses
[4,8]. Thus, it remains an open question as to how or why RGCs
construct cone-opponent signals.

Efficient coding principles [9,10] provide a powerful frame-
work for understanding the function of sensory systems,
including the retina. This framework posits that neural systems
are adapted to the statistics of sensory input so as to maximize
the information conveyed in a neural representation subject to
energetic costs and resource constraints. In the retina, efficient
coding has led to a deeper understanding of RGC center–
surround receptive fields [11–14], preference for increments or
decrements of light (i.e., ON- and OFF-cell types) [15], mosaic
alignment [16,17], and temporal processing [18–20]. Of par-
ticular relevance to this work is the efficient coding of chromatic
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structure in natural scenes. In previous work, Ruderman et al .
[21] found that decorrelating simulated cone activations to
natural images using an orthonormal basis reveals two chro-
matic axes that have close alignment with the physiological
cone-opponent representation [3] (see also Refs. [22–24]).
In addition, Doi et al . [13] derived a whitening transform for
decorrelating simulated, spatially non-overlapping cone activa-
tions and found circularly symmetric center–surround receptive
fields, but also found no evidence for cone-type specific wiring
that strategically constructs a L–M opponent signal (see also
Ref. [25]). While the approach of computing a decorrelating
basis (via zero-phase whitening, for example) for stimulus statis-
tics provides an insightful first-order approximation to retinal
function, it has notable limitations. Specifically, it relies solely
on pairwise (second-order) statistics and thus cannot capture
higher-order structures in natural images [26,27]. Interestingly,
Doi et al . [13] applied independent component analysis to the
whitened responses, which is sensitive to higher-order structure.
The resulting receptive fields exhibit a bias toward specific cone
types but now with an oriented structure as found in the cortex,
as opposed to the circularly symmetric center–surround type as
found in the retina. Additionally, both ICA and the whitening
model assume no noise in the input stimulus or neural repre-
sentation, and their analysis was restricted to simulations with
1:1 input-to-output ratios, preventing it from including fea-
tures such as the bottleneck of the optic nerve, where there is a
convergence of cones onto retinal ganglion cells.

Here, we adopt a more general approach by adapting a model
population of noisy linear–nonlinear neurons [15] to efficiently
encode simulated non-overlapping L- and M-cone activa-
tions to spatiochromatic natural scenes. Specifically, the linear
weights and nonlinearities of each model neuron are jointly
adapted to maximize mutual information between cone inputs
and their corresponding noisy output responses—subject to a
constraint on the mean response rate (Fig. 1). By analyzing the
neurons’ optimal linear weights, we quantitatively examine the
role of adaptation to the spectral topography of the cone mosaic
in optimizing information transfer.

In line with prior work [15,17], we find that the optimized
model weights exhibit a circularly symmetric center–surround
structure and form ON- and OFF-mosaics that tile visual space.
Notably, we find that the model adapts these weights to the
cone mosaic in both the center and surround regions to pro-
duce a strong cone-opponent signal. The model achieves this
by strategically weighting cone inputs rather than relying on
spatial clumping within the cone mosaic. Moreover, by varying
the number of neurons in the simulation, we demonstrate that
adaptation to the cone mosaic is more pronounced in models
simulating retinal regions closer to the fovea. We also find that
the degree of adaptation depends on the level of noise injected
into the cone activations, with higher noise reducing the degree
of adaptation. Together, these findings indicate that cone-type
selective receptive fields provide a computationally favorable
representation of chromaticity in natural scenes.

2. MODEL

Our model extends the joint source-channel coding frame-
work described in Ref. [15] by incorporating a cone mosaic

Fig. 1. Efficient coding model of the retina. A population of
linear–nonlinear (LN) neurons is optimized to maximize an efficient
coding objective over a dataset of simulated cone activations to natural
image patches. Input LMS image patches are sampled by a simulated
non-overlapping cone mosaic, to which noise is added. Each neuron’s
response is computed by applying a weighted sum to these noisy acti-
vations, followed by a rectifying nonlinearity and additional output
noise. The linear weights and nonlinearities are adapted to maximize
information transfer, subject to a constraint on the mean firing rate.

with distinct spectral sensitivities (Fig. 1). The model consists
of a population of J linear–nonlinear neurons. The linear
component u j for neuron j is computed via

u j =wT
j (x+ nin), (1)

where w j is the unit-norm weight vector of neuron j , x ∈RD

is a vector of D cone activations, and nin ∼N (0,Cin) is input
noise mimicking randomness in cone activations (due to pho-
ton shot noise and neural noise). The response r j of neuron
j is computed by rectifying the linear component u j with
nonlinearity f j and adding output noise:

r j = f j (u j )+ n j ,out, (2)

where noise nout ∼N (0,Cout) simulates variability in
neuron spike rates. The adjustable nonlinearity f j (u j )=

θ jη(u j − τ j ) is composed of the softplus nonlinearity
η(y )= log(1+ eβ y )/β, a learnable gain θ j , and a shift
τ j (we set β = 2.5). Input and output noise are defined as
i.i.d., thus their covariances can be written as Cin = σ

2
inID and

Cout = σ
2
outIJ , where IN is the identity matrix of dimension N.

The model parameters {w j , θ j , τ j }
J
j=1 are fit to maximize

the mutual information I (X ; R) between a dataset of cone acti-
vations X and their corresponding noisy output responses R ,
subject to a constraint on the mean firing rate, resulting in the
following objective:

max
{w j ,θ j ,τ j }

J
j=1

I (X ; R)−
J∑

j=1

λ j 〈r j 〉. (3)

Linearization of f j via first-order Taylor expansion is
performed to make the calculation of mutual information
tractable (see Section 3.B for details). Lagrange multipliers
λ j are adjusted during optimization so as to constrain the
mean activation of each neuron to be equal to 1 in expectation
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(i.e., enforce that 〈r j 〉 = 1). Model parameters are optimized via
stochastic gradient descent, and after each gradient update, the
weights are normalized such that ||w j ||2 = 1 ∀ j .

3. SIMULATION METHODS

A. Dataset of Model Cone Activations

The dataset of simulated L- and M-cone activations is extracted
from a dataset of calibrated natural images [13]. A total of
102,300 randomly extracted 20× 20 pixel patches are obtained
from the images, which are then sampled by a simulated cone
mosaic of equivalent size, consisting of non-overlapping L-
and M-cones (resulting in D= 400 cones). We do not model
S-cones in order to compare with Refs. [4,7], although it is of
future interest. Cone types at each pixel location are assigned
randomly using a fair coin flip. This results in an equal distribu-
tion of 200 L-cones and 200 M-cones, which is within the large
range of observed L-to-M ratios and the spatial randomness
of cone-types reported empirically [28]. The resulting mosaic
can be seen in Fig. 4(a). No other preprocessing methods were
performed (i.e., whitening) other than shifting and scaling the
entire dataset to have a zero mean and unit variance.

B. Maximizing Mutual Information

Mutual information I (X ; R) between the input distribu-
tion X and the output distribution R can be written as
I (X ; R)= H(R)− H(R |X ). The first term H(R) is the
entropy over the responses, and the second term H(R |X )
is the entropy of the response distribution given a fixed
input. Following the conventions of Refs. [15–17,19], we
locally approximate the nonlinearity with a first-order Taylor
expansion, such that the responses r can be approximated as

r≈GWT(x+ nin)+ nr + f0, (4)

where W is a matrix containing the weights, G=
diag( f ′(WT(x+ nin))) such that the element-wise nonlin-
earity f ′(y) is d

dy f j (y ) at index j , and f0 is a constant. Similarly,
we assume a Gaussian prior over X with covariance Cx , which is
estimated from the dataset. The local linear approximation and
Gaussian prior enable local analytic Gaussian approximations to
the output response distribution and conditional distribution
(characterized by covariances Cr and Cr |x , respectively) found
in the mutual information objective:

I (X ; R)= H(R)− H(R |X ) (5)

≈
1

2
log det(Cr )−

1

2
log det(Cr |x ) (6)

=
1

2
log det

(
GWT(Cx +Cin)WG+Cout

)
−

1

2
log det

(
GWTCinWG+Cout

)
. (7)

We optimize the approximate mutual information in Eq. (7)
above in Eq. (3). Note that this form differs from the one
originating in Ref. [15] and is more similar to that of Linsker
[29,30]; however, they are mathematically equivalent due to

the dual form of mutual information I (X ; R)= H(R)−
H(R |X )= H(X )− H(X |R). In practice, the approximation
made here is more efficient to compute, as multiple matrix
inversions are not necessary.

4. EXPERIMENTS

A. Model Neurons Are Adapted to the Spectral
Topography of the Cone Mosaic

In this section, we analyze optimal models with various numbers
of neurons and investigate the degree to which they adapt to
the cone mosaic to produce a cone-opponent representation.
We do so under a noise regime (σin = 0.2 and σout = 2.0),
which has previously been shown to result in center–surround
weights [15,17] (in Section 4.C, we explore how noise effects
the models). In accordance with these studies, the optimal
weights bifurcate into ON- and OFF-types with circularly
symmetric center–surround profiles [Fig. 2(a)]. These models
spatially coordinate the two types to form mosaics that tile
space [Fig. 2(b)]. Moreover, models with fewer neurons exhibit
smaller center–surround profiles compared to those with more
neurons and transfer more information [Fig. 3(a)].

To investigate the degree of adaptation to the non-
overlapping spectral topography of the simulated L- and
M-cone mosaic, we compared the information transfer using
the original mosaic to that of other random mosaics. Specifically,
we computed the average information transfer (measured in
bits) for each input image patch in the dataset using the original
cone mosaic to which the model is adapted. We then permuted
the cone identities in the mosaic so as to scramble the spectral
topography. Cone activations to all image patches in the dataset
were recalculated for the permuted mosaics, and information
transfer was re-evaluated for each one.

We observe a slight reduction in information transfer due
to mosaic permutation [Fig. 3(a)], supporting the notion that
the models strategically adapt to the topography of the cone
mosaic. To assess the significance of this reduction, the differ-
ence between information transfer in the original and permuted
mosaics was plotted [Fig. 3(b)]. While small, this reduction is
statistically robust. Moreover, as the number of neurons in the
simulation increases, a disproportionate reduction in mutual
information is seen, indicating that smaller center–surround
profiles exhibit more adaptation to the cone topography of the
mosaic [Fig. 3(b) and see Fig. S1 for percent reduction in mutual
information as opposed to bits].

To identify where the center–surround weights’ cone-mosaic-
specific specialization occurs, we applied the analysis of Field
et al . [7]. While the full details of this method are provided in
their paper, a brief description is included here. The follow-
ing purity index [Fig. 3(c)] quantifies the degree of strategic
weighting in the model’s learned weights {w j }

J
j=1:
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(a)

(b)

Fig. 2. Learned weights bifurcate into ON- and OFF-types and tile space. (a) Top row: A subset of optimal weights for models with varying num-
bers of neurons. Bottom row: visualizing the same weights false-colored by the cone type they sample from. The luminance value is set to the weight
value, the saturation is set to the weight magnitude, and the hue is set to red and green for L- and M-cones, respectively. (b) Contours of ON and OFF
weights at their half-maximum magnitude value.

c L =
∑

i∈L−cones in
center/surround

|wi |, c M =
∑

i∈M−cones in
center/surround

|wi |,

Purity index=
cL − cM

cL + cM
.

(8)

The purity index ranges from−1 to 1, where−1 indicates exclu-
sive M-cone connections, 0 represents equal contributions from
L- and M-cones, and 1 signifies exclusive L-cone connections.
This metric is calculated separately for the center and surround
regions of the weights, providing each model neuron with a
center and surround purity index. These regions are defined
as follows: if the cell is ON-type (OFF-type), then the center
is defined to be all positive (negative) weights in the weight
vector, and the surround is all negative (positive) weights in the
weight vector. Intuitively, models with weights that strategically
organize to favor one cone type will produce purity indices
clustered near the extremes of the range. The standard deviation

calculated over the distribution of purity indices for all learned
weights in a particular model is used to characterize this shift
toward the extremes. By permuting cone identities within the
mosaic and recalculating the standard deviations, the degree
of biased sampling in the center and surround regions can be
determined.

The results [Fig. 3(d)] reveal that biased sampling occurs in
both the center and surround regions, as the standard deviations
of the purity indices are significantly higher for the original
mosaic compared to the permuted mosaics. Additionally,
increasing the number of neurons in the simulation enhances
the standard deviation of the original mosaic, again suggesting
a stronger adaptation to the cone mosaic. An exception occurs
in the J = 200 model, of which a subset of the weights departs
from center–surround motifs (Fig. S2); however, this model still
exhibits adaptation to the mosaic [Figs. 3(a) and 3(b)].

This analysis demonstrates that the model’s weights adapt
to the spectral topography of the cone mosaic to establish
connections biased toward a particular cone type (L or M).
However, the analysis does not elucidate the precise relationship
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(a) (b)

(c) (d)

(e)

Fig. 3. Optimal weights are adapted to the cone mosaic to form a strong cone-opponent signal. (a) Mutual information for the original mosaic and
the mean mutual information after permuting the cone types in the mosaic as a function of the number of neurons in the simulation. (b) Comparing
the permuted mosaic mutual information to that of the original. The shaded region indicates one standard deviation. (c) Schematic of the purity
index used in the analysis. The index ranges from −1 to 1 and is computed over the center or surround region in isolation. (d) Comparing the
observed purity index standard deviation to the permuted purity index standard deviation for the linear weight center (left) and surround (right).
Error bars indicate one standard deviation computed over 1000 permutations. (e) The black scatter plot shows the purity indices for the center and
surround regions computed over the adapted mosaic. The black line of best fit is plotted over the observed range of center purity indices. Orange lines
indicated the same but computed over a permuted cone mosaic (repeated 1000 times resulting in 1000 orange lines). Scatter plots are left out for the
permuted mosaics. The analysis is shown for model simulations with varying numbers of neurons.

between the center and surround region’s adaptation (i.e., if
they strategically organize to produce a cone-opponent signal).
By plotting the center purity index against the surround purity
index, we can determine that the model weights strategically
construct L–M cone-opponent signals via the bias observed in
the center–surround weights [Fig. 3(e)]. Specifically, stronger
L-cone inputs in the center are accompanied by stronger M-
cone inputs in the surround, and vice versa. Interestingly, not
all of the model RGC weights exhibit strong L–M opponency,

as many points lie near the origin in Fig. 3(e). However, when
comparing the overall trend of the adapted mosaic to that of
the permuted mosaics [by comparing the black line to the
orange lines in Fig. 3(e)], it is clear that the model strategically
constructs strongly cone-opponent neurons.

B. Strategic Weighting Underlies Cone-Opponency

The model could construct a cone-opponent signal from the
cone mosaic through two possible mechanisms: exploitation
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(a) (b)

(c) (d)

Fig. 4. Optimal weights adapt to the mosaic by leveraging strategic weighting from the cone mosaic over cone clumping. (a) Cone mosaic used to
sample the spatiochromatic image patches. (b) Four adapted weights for the J = 100 model shown in the blue border and their corresponding DoG
fits in the red border. (c) Mutual information for the model adapted to the original mosaic, the model with weights fit by DoG, and the mean mutual
information for the DoG model after permuting the cone types in the original mosaic. (d) Comparison of mutual information for the DoG model and
the DoG model under permutation. The shaded region indicated one standard deviation.

of cone clumping or strategic weighting. Despite the random
assignment of cone identities in the mosaic, the resulting pattern
shows spectral-type clumping [Fig. 4(a)]. One possibility is that
the model leverages this clumping while maintaining a radially
symmetric center–surround structure to produce the opponent
signal [4]. Alternatively, the model could deviate from a purely
circularly symmetric center–surround configuration by strategi-
cally adjusting weights based on spectral type, a process referred
to here as strategic weighting. To assess the extent to which each
mechanism contributes, the optimized weights were fitted with
a parametric difference of Gaussians (DoG) model. The DoG
model is a common parametrization of center–surround profiles
of RGCs [4,17,19]. It describes the spatial weight vector m over
spatial position z ∈R2 as

m(z)= a
(

e−b(z−µ)2
− c e−d(z−µ)2

)
, (9)

where adapted parameters are defined as follows: µ ∈R2 defines
the spatial mean of both Gaussians, b, d ∈R+ correspond to
the positive-only scales of the center and surround Gaussians,
respectively, and c ∈R+ sets the relative weighting between
the two. The parameter a ∈ {1,−1} is set to correspond to the
type of the learned linear weight (ON-/OFF-type, respectively).
These parameters were optimized for each learned weight vec-
tor {w j }

J
j=1 to minimize the squared error between the DoG

model weights, m, and the learned weights, w j . The resulting
fits produce spatial profiles that have a strong resemblance to the
original weights [Fig. 4(b) and Fig. S4].

The reduction of information transfer was then quantified
for two scenarios: first, the loss due to the DoG fit alone, and
second, the additional loss incurred by permuting the cone
mosaic with the DoG fit in place. A significant reduction in
mutual information is observed when comparing the DoG
model to the adapted model [Fig. 4(c)]. Furthermore, when
the mosaic is permuted with the DoG weights, the loss in
mutual information is comparatively small [Fig. 4(d)]. This
disparity suggests that the model primarily relies on strategic

weighting rather than exploiting cone clumping to generate the
cone-opponent signal. Additionally, we found that the DoG-
fit weights do not exhibit strong cone-type-specific sampling
(Fig. S4). To further validate this result, models with paramet-
ric DoG weight vectors were directly optimized for mutual
information (instead of adapting DoG fits to pre-optimized
weights). Consistent with the findings of Fig. 4(d), these mod-
els also showed minimal mutual information loss under cone
permutation (Fig. S5).

C. Mosaic Adaptation Depends on Input Noise

The sections above demonstrate that the model’s weight vectors
adapt to the cone mosaic’s topography by strategically adjusting
the weight for each input to produce a cone-opponent signal
within a specific noise regime. This section examines how the
input σin and output σout noise parameters influence the level of
adaptation to the mosaic. To do so, we optimize J = 100 neu-
ron models with varying conditions of input and output noise
and investigate the degree to which they adapt to the mosaic.

Consistent circularly symmetric center–surround weights
were observed in noise conditions where 0≤ σin ≤ 0.3 and
1.5≤ σout ≤ 3.0 (Fig. S6). Therefore, the analysis focused on
models trained within these noise ranges. As expected, models
optimized in low-noise regimes exhibited higher information
transfer compared to those trained under high-noise conditions
[Fig. 5(a)]. Interestingly, when the cone mosaic was permuted
and the mutual information was reevaluated, models trained
in low-input-noise regimes showed a greater reduction in
information transfer due to mosaic permutation [Figs. 5(b)
and 5(c)].

This result aligns with intuition: in high-input-noise condi-
tions, subtle differences between the highly correlated L- and
M-cone activations [21,25] are more likely to be masked by
noise. Consequently, the chromatic signal is smaller; thus, the
model exhibits less cone-type-specific adaptation. In contrast,
when input noise is low, the model can detect the chromatic
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(a) (b)

(c)

Fig. 5. Less adaptation to the mosaic occurs when input noise is larger. (a) Mutual information for J = 100 models adapted in different noise envi-
ronments. (b) Mean loss in mutual information (as a percentage) due to permuting the mosaic. (c) Same data as (b) but shown with error bars that
indicate one standard deviation over 1000 permutations.

signal more effectively and adjust its weight vectors to opti-
mize encoding. Interestingly, the output noise did not seem
to have a strong effect on cone-type-specific adaptation to the
mosaic; however, it did change the spatial scale of the circularly
symmetric center–surround receptive fields (Fig. S6).

5. DISCUSSION

Although it was originally thought that chromatic visual infor-
mation was encoded in the retina by excitatory connections
made exclusively to one type of cone and inhibitory connections
made to another [31], more recent investigations have revealed
a more complex and mixed representation. Furthermore, some
have proposed that completely indiscriminate center–surround
receptive fields suffice to encode chromatic information outside
the fovea, where RGCs pool inputs from multiple cones [4].
While the results of this study do not answer the empirical ques-
tion of whether or not RGCs strategically adapt to the spectral
topography of the mosaic, it does provide evidence supporting
its utility through simulation.

We find that by maximizing information transfer between
cone activations and the responses of a population of linear–
nonlinear neurons, the neurons’ spatial weights adapt to the
topography of the L- and M-cone mosaic. Specifically, the
model strategically weights inputs toward a particular cone type
in both the center and surround regions of their weight vectors,
producing a strong L–M cone-opponent signal. Moreover, this
adaptation enhances information transfer, particularly for mod-
els with more neurons (simulating areas of the retina at lower
eccentricities). Additionally, we demonstrate that adaptation to

the mosaic can be influenced by additive noise in the input cone
activations, with less noise leading to more adaptation to the
mosaic (Fig. 5). These results corroborate the benefits of biased
cone sampling, which have been observed empirically [6,7].
Moreover, our finding of cone-type specificity is in line with
prior work on information maximization applied to simulated
non-overlapping cone activations, which revealed cone-type
specificity [13,25]. This consistency reinforces the idea that
learning cone-type-specific wiring is driven by higher-order
statistics. A key distinction in our work is the explicit assump-
tion of noise in the model, which leads to the emergence of
center–surround receptive fields [15].

Although the information loss from cone permutation is
statistically robust [Fig. 3(b)], its magnitude is relatively small
[bear in mind, however, that the mutual information objective
being optimized is the approximation seen in Eq. (7)]. The
extent to which this small effect is truly beneficial remains an
open question. This minor gain could compound significantly
when considering the entirety of the retina (as opposed to the
400 cones that we simulated here) and downstream cortical
mechanisms that amplify signals via pooling. It is important to
acknowledge that the measure of mutual information used in
this study is a proxy for the ultimate objective of any organism—
survival. Our premise is that these two objectives are strongly
related to one another, and it could well be the case that slight
changes in mutual information lead to large changes in utility to
the organism, or vice versa.

An important consideration is the mechanism by which
midget RGCs could adapt to the topography of the cone mosaic.
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The center regions of these cells are constructed through bipo-
lar cell private line connectivity, which is maintained to high
eccentricities [32,33]. The strength of the bipolar cell/RGC
synapse could potentially be adjusted based on the activity of
the presynaptic cone type [25]; however, the precise learning
mechanism facilitating this weighting remains unknown.
Conversely, the surround of the midget RGC is produced via the
horizontal cell network’s diffuse inhibition [8,34,35]. How this
seemingly indiscriminate network facilitates strategic weighting
is unclear, although functional biases toward one cone type have
been observed in the surrounds of parvocellular neurons [5,6]. A
possible explanation for this observed bias could lie outside the
retinal circuitry, such as within the optics of the eye [36].

Future theoretical work includes incorporating physio-
logically accurate optics [14,37], modeling mosaics with
varying L-to-M cone ratios, incorporating short- (S)
wavelength-sensitive cones to the mosaic to model the S-
(L+M) cone-opponent pathway [1,3], and including temporal
information [19]. Investigating how the model allocates neu-
rons to code the joint domain of space, time, and color will be
particularly interesting.
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