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A B S T R A C T

The scientific study of the vertebrate retina has reached a remarkable degree of sophistication. We can now 
explain many aspects of early visual processing based on a relatively simple model of neural circuitry in the 
retina. The same model, with different parameters, produces a great diversity of neural computations. In this 
article I lay out what that “standard model” is and how it accounts for such a diversity of phenomena. The 
emergence of such a powerful standard model is unique in systems neuroscience, and I consider what conditions 
made it possible. The standard model now serves as a baseline from which to organize future retinal research, 
either by testing the model's assumptions directly, or by identifying phenomena that remain unexplained.

1. Introduction

Recently, I had an unusually interesting experience with peer review. 
Three reviewers commented on a new report about visual processing in 
the retina, and independently all three wrote along the lines of: “This is 
exciting, a new phenomenon of early vision, and definitely worth pub
lishing. On the other hand, everything about it can be explained based 
on the model we have for how the retina works.” Then the three re
viewers laid out essentially identical explanations, and how they predict 
not only the qualitative observations but also quantitative details in the 
new study.

This episode shows that there exists, at least in the minds of many 
scientists, a standard model of how the retina works. And that this 
standard model is sufficiently powerful to not only fit the past obser
vations, but also to explain phenomena that haven't even been reported 
yet. In this article I want to summarize what that standard model is, and 
how it manages to cover so much of retinal phenomenology. I will 
explore what were the favorable conditions that allowed the community 
to come to this state of understanding, compared to other parts of the 
brain. It is also worth considering which concepts or approaches were 
not needed to achieve this level of progress. Indeed, this article may be of 
particular interest to readers whose research focus lies outside the 
retina.

A few caveats are in order: First, I will treat the retina specifically 
from the point of view of visual processing. The research challenge is to 
understand what the retina does with visual signals from photoreceptors 
based on the structure and function of its neural circuit. There are, of 
course, other reasons to work on the retina, for example, to understand 

development of the vascular system or problems of neural degeneration, 
or to implant a visual prosthesis. Those are not the subjects of this 
article.

Second, this is not intended as an exhaustive review of primary 
research but a high-level assessment of where our understanding stands 
in this field and compared to others. I will illustrate the arguments with 
examples, and liberally cite reviews of the field by others. A great 
resource for general function and structure of the retina is the online 
book WebVision (Kolb et al., 2026); regarding visual computations in 
the retina, I recommend the book “Retinal Computation” (Schwartz, 
2021a).

Finally, I will not claim that everything is understood about the 
retina, even in this restricted domain. Open questions remain, and I will 
suggest a few at the end. Nonetheless these research questions are much 
more sophisticated than those under discussion elsewhere in brain sci
ence. As someone once said: “We used to be confused; now we are still 
confused, but at a much higher level.”

2. Premises

In college, I learned quantum mechanics from a book that took a fully 
axiomatic approach (Cohen-Tannoudji et al., 1977): The text laid out the 
five postulates of quantum mechanics, and then proceeded to derive all 
the observable phenomenology from those axioms. While this may be 
the ideal final state of a mature science, we have not quite reached it in 
neurobiology. Nevertheless, here are a few postulates that underlie 
research on the retina and form the basis of the standard model:

1. The purpose of the retina is to translate the light stimulus into the 
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universal neural language, namely action potentials. So the goal of the 
standard model should be to explain and predict the output of the retina 
– the firing of retinal ganglion cells – as a function of the input – the light 
patterns on the photoreceptors. If we can accomplish that, then we have 
captured the contribution that the retina makes to human vision.

2. In any given species, there are many types of retinal ganglion cells 
(about 40 in mouse). Each of these types is the output of a circuit that 
leads all way from the photoreceptors to the retinal ganglion cell. 
Different types of retinal ganglion cell are distinct by the details of that 
circuit. Each circuit will correspond to a set of parameters of the stan
dard model.

3. In different vertebrate species, the retina follows the same prin
ciples, but with different circuit parameters. Different species have un
dergone different types of selection for these parameters as a result of 
evolutionary pressure and ecological niches (Hahn et al., 2023).

3. Biological ingredients of the standard model

3.1. The eye

The standard model largely treats the eye as a camera that converts 
the external light field into an intensity pattern on the retina. In many 
experiments that contributed to the standard model, the eye was 
removed and images were projected directly on the retina. Of course, for 
a full account of real-world vision, the details of ocular function matter. 
This includes the deviations from the ideal camera model, like chromatic 
aberration, axial aberrations, and stochastic eye movements.

3.2. Neurons

There are about 100 types of neuron in the retina, with recent esti
mates ranging to 140 (Hahn et al., 2023; Yan et al., 2020). They are 
grouped into 5 classes by criteria of connectivity (Fig. 1C): photore
ceptors (PRs) get input from light; ganglion cells (GCs) send output 
through the optic nerve; bipolar cells (BCs) connect photoreceptors to 
ganglion cells; horizontal cells (HCs) communicate among photorecep
tors and bipolar cells; amacrine cells (ACs) communicate among bipolar 
and ganglion cells. These neurons are organized in 3 layers of cell 
bodies, separated by 2 layers of synapses (Fig. 1 A). Within each class, 
one can distinguish subtypes by their shape (Fig. 1B). For example, 
about 12 bipolar cell types (in the mouse) differ by the precise lamina
tion of their axons and dendrites in the two synaptic layers (Euler et al., 
2014; Wässle et al., 2009). Increasingly the classic morphological dis
tinctions among these subtypes are also supplemented by a molecular 
classification based on gene expression patterns (Hahn et al., 2023; 
Shekhar et al., 2016).

Importantly, this classification of cell types is not merely a subjective 
choice “in the eye of the beholder”, but supported by objective criteria 
derived from the organization of the retina. For example, neurons of the 
same type are spaced out within the plane of the retina so as to “tile” the 
space more or less uniformly. By correlating the 2-dimensional arrays of 
neurons in the retina, one can observe a type of “repulsion” among 
neurons of the same cell type (at least in some cases), but not across 
types (Kozlowski et al., 2024; Rockhill et al., 2000; Wässle et al., 1981). 
Another observation (in the mouse) is that every cone photoreceptor 
connects to 10 bipolar cells, of 10 different anatomical types (Wässle 
et al., 2009). These features of retinal organization reveal that there is 
biological ground truth to the cell types that have been identified.1

3.3. Connections

Much as the standard model of particle physics involves particles and 
their interactions, here we must specify neurons and their connections. 
The five major classes form chemical synapses, but only as allowed by 
the rules of Fig. 1C. Along the straight-through pathway, photoreceptors 
can either excite or inhibit bipolar cells, and bipolar cells excite ganglion 
cells.2

In pathways for lateral and feedback connections, photoreceptors 
excite horizontal cells, which in turn inhibit photoreceptors, and may 
excite or inhibit bipolar cells. Similarly, bipolar cells excite amacrine 
cells, which in turn inhibit bipolar cells, other amacrine cells, and 
ganglion cells.3

In addition one finds many electrical connections via gap junctions. 
These occur prominently among neurons of the same type; for example, 
horizontal cells and certain amacrine cells form meshworks by which 
signals are shared laterally (Bloomfield & Völgyi, 2009). In addition, 
there are important heterotypic junctions; for example, the pathway for 
rod signals to enter the On-pathway relies on an electrical synapse.

On a fine scale, there are precise rules that regulate which types 
connect to each other. The “inner plexiform layer” (Fig. 1 A) is a 
remarkable switchboard, about 40 μm thick (in the mouse), free of cell 
bodies, and devoted entirely to the synapses between bipolar, amacrine, 
and ganglion cells. Here, particular connections are segregated into 
sublayers. For example, the dendritic trees of certain ganglion cells 
occupy a precise lamina in the IPL only 1 μm thick (Bae et al., 2018; 
Helmstaedter et al., 2013). In that lamina they can make connections 
with only certain types of bipolar and amacrine cells (Masland, 2012; 
Seung & Sumbul, 2014; Siegert et al., 2009). The specific partner re
lationships are governed in part by the expression of cell adhesion 
molecules on the surface of pre- and post-synaptic cell (Sanes & 
Zipursky, 2020; Stevens-Sostre & Hoon, 2024).

3.4. Plasticity

The function of neurons and synapses in the retina can be modulated 
substantially by the history of their activity, the external stimuli, and 
other context, such as the time of day. Perhaps the largest effects are 
those of light adaptation in the photoreceptors, which can change the 
sensitivity of the light response by many log units. The biochemistry 
involved in retinal light adaptation is well-understood, and it can be 
captured effectively using a mathematical model (Clark et al., 2013; 
Fain et al., 2001; Lamb, 2022). Many of the chemical synapses in the 
retina are subject to short-term facilitation and depression, owing to the 
history of pre- and post-synaptic activity (Deng et al., 2024; Nikolaev 
et al., 2013). The conductance of gap junctions between like-type neu
rons is controlled by certain neuromodulators, and this can fundamen
tally alter the degree of lateral signal flow in the retina (Roy & Field, 
2019). In this way the input-output relationship of the retina is not a 
static target, but may vary considerably on time scales from tenths of a 
second to a day.

4. The response function of ganglion cells in the standard model

On the basis of these ingredients, the standard model develops the 
input-output function of the retina, by which one can predict the 
response of a retinal ganglion cell based on the visual stimulus presented 
to the eye. This consensus description emerged over the past 60 years or 

1 The retina also contains a few glial cell types: Müller cells, which are 
specific to the retina, astrocytes, and microglia. While these cells clearly play 
important roles for retinal biology, it is fair to say that they don't appear in the 
standard model.

2 Here “excite” stands for sign-preserving, and “inhibit” for sign-inverting 
synaptic transmission.

3 The occasional odd neuron type violates these rules, for example a cell with 
amacrine morphology but excitatory ribbon synapses like those of bipolar cells 
(Della Santina et al., 2016; Shekhar et al., 2016). This discovery came as a great 
surprise, underlining the remarkable reliability of the connectivity rules.
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so from experiments in many species of amphibians, fish, and mammals. 
It has survived dramatic developments in the methods available, from 
the simple tungsten electrode to parallel optical recording of genetically 
identified neurons. Here I present the core framework, which can be 
extended and embellished as described in subsequent sections.

The canonical form for the stimulus-response function of the retina is 
the “rectified subunit model” (Enroth-Cugell & Freeman, 1987; Gollisch 
& Meister, 2008a; Hochstein & Shapley, 1976; Victor & Shapley, 1979; 
Wienbar & Schwartz, 2018; Zapp et al., 2022). It postulates that the 
output of photoreceptors branches into multiple parallel pathways, 
which correspond to different bipolar cell types. The ganglion cell, in 
turn, recombines input from these parallel pathways by summing over 
bipolar cell outputs. Crucially, the output of each bipolar cell can be 
rectified, owing to the non-linearity of transfer at the bipolar cell syn
apse. Thus, each bipolar cell becomes a “rectified subunit” of the gan
glion cell's visual receptive field.

Mathematically, one can formulate the model as follows. We start 
with the visually driven input experienced by a bipolar cell of type i 
located at position x→ on the retina: 

Bi( x→, t) =
∫

x→
ʹ
,tʹ

Ki( x→ʹ
− x→, tʹ − t)S( x→ʹ

, tʹ)d2xʹdtʹ (1) 

where S( x→ʹ
, t́ ) is the intensity of the light stimulus at point x→ʹ and time 

tʹ.4

At the next stage, a ganglion cell of type j pools the outputs of many 
bipolar cells: 

Gj( x→, t) =
∑

i

∑

x→
ʹ
wji( x→ʹ

− x→)Nji(Bi( x→ʹ
, t) ) (2) 

here wji( x→ʹ
− x→) is the weight by which a BC of type i at location x→ʹ 

contributes to a GC of type j at location x→. The function Nji() represents 
the non-linearity of transmission from BC type i to GC type j. Typically 
this is modeled as a simple rectifying function or a sigmoid (Wienbar & 
Schwartz, 2018; Zapp et al., 2022).

Where do the other neuronal classes fit into this scheme? Horizontal 
and amacrine cells contribute by shaping the responses of bipolar cells. 
For example, a typical bipolar cell kernel Ki( x→ʹ

− x→, tʹ − t) includes an 
antagonistic surround region, which results from lateral signal flow in 
the horizontal and amacrine networks (Dacey et al., 2000; Werblin & 
Dowling, 1969). Owing to the additional synapses in this surround 
pathway, the time course of the kernel in the surround is delayed rela
tive to the center (Baccus et al., 2008; Thoreson & Mangel, 2012). 
Similarly, the transient kinetics of the typical bipolar cell kernel are 
shaped in part by negative feedback from amacrine cells onto the bipolar 
cell terminal (Molnar & Werblin, 2007). Many applications of the 
rectified subunit model leave it at that (Eq. 2), without an explicit 
modeling of amacrine or horizontal cells.

In other cases, it is necessary to include inhibition from amacrine 
cells directly (Baccus et al., 2008; Geffen et al., 2007; Manookin et al., 
2018; Vaney et al., 2012). Because amacrines also pool over bipolar 
cell inputs, one can model their response like that of ganglion cells, 

Ak( x→, t) =
∑

i

∑

x→
ʹ
uki( x→ʹ

− x→)Lki(Bi( x→ʹ
, t) ) (3) 

and then add their output to the ganglion cell signal 

Gj( x→, t) =
∑

i

∑

x→
ʹ
wji( x→ʹ

− x→)Nji(Bi( x→ʹ
, t) )

+
∑

k

∑

x→
ʹ́
vjk( x→ʹ́

− x→)Mji(Ak( x→ʹ́
, t) )

(4) 

Here uki and Lki() are the weights and nonlinearities of synapses from 
BCs to ACs, and likewise vki and Mki() for synapses from ACs to GCs.

Modeling using this full generality (Eq. 4) is rare. For example, many 
applications assume a simple common form for all the rectifying non
linearities (e.g. Nji() in Eq. 2), but there are known occasions where a 
finer distinction is needed. For example the synaptic output of ON bi
polar cells tends to be more linear than for OFF bipolars (Demb et al., 
2001; Turner & Rieke, 2016).

5. Core features and extensions of the standard model

The response function of Eq. 2 is essentially a multi-channel linear- 
nonlinear (LN) cascade model (Gollisch & Meister, 2008a; Hunter & 
Korenberg, 1986; Schwartz et al., 2006) (Fig. 1D). The common visual 
stimulus S gets processed in parallel channels, each of which applies a 
linear spatio-temporal filter K. The output of each channel gets passed 
through a static nonlinear function N. The results get combined in a 
weighted sum to form the GC signal G. Optionally there is another dy
namic nonlinearity that converts this signal into spikes.

This general framework is constrained in a number of ways that 
reflect important aspects of retinal processing. Here I discuss how the 
main features of the “plain vanilla” model (Eq. 2) can be elaborated for 
special purposes.

5.1. Translation-invariance

The kernels Ki and weighting functions wji are at the heart of the 
model, because they specify the projection from light stimuli to BCs and 
from BCs to GCs. In the standard model, these weights depend on the 
position of inputs and outputs only through the difference vector, x→ʹ

−

x→. As a result, the transformation from visual stimulus to spikes of a 
certain GC type follows the same rules at every point on the retina.

In reality, the retina is translation-invariant only to a first approxi
mation. For example, in the primate retina, both the size and density of 
GC receptive fields vary substantially from the fovea to the periphery 
(Grünert & Martin, 2020). Similar systematic gradients in response 
properties of a given cell type also exist in other species (Bleckert et al., 
2014; Yin et al., 2009; Zhang et al., 2012). In practice, many functional 
experiments on retinal responses are performed over small regions of 
retina where the gradients don't come into play. In other cases, of course, 
one can expand on the standard model by adding some regional varia
tion to the kernels.

On a more microscopic scale, translation invariance breaks down 
because the image is sampled by discrete photoreceptors, and each 
ganglion cell collects from a different spatial arrangement of receptors. 
Under special conditions – bypassing the blurring optics of the eye – one 
can reveal this granularity of ganglion cell receptive fields (Freeman 
et al., 2015).

5.2. Linear filters

The bipolar cell signal is commonly taken to be a linear function of 
the light stimulus, obtained by a simple convolution in space and time 
(Eq. 1). This may seem surprising, given the strong nonlinearities that 
are apparent in the photoreceptor response, in particular the huge 
modulation of receptor gain depending on recent light exposure. In 
practice, many experiments are conducted under conditions that drive 
those nonlinearities only weakly, for example by modulating the light 

4 In studies of color vision, the spectrum of the light matters as well. In that 
case Eqn 1 becomes 

Bi( x→, t)=
∫

x→
ʹ
,tʹ

Ki( x→ʹ
− x→, tʹ − t,λ)S( x→ʹ

, tʹ,λ)d2xʹdtʹdλ 

where S(…, λ) specifies the spectrum of the light, and Ki(…, λ) the spectral 
sensitivity of the bipolar cell at wavelength λ.
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intensity over a limited range. However, natural vision includes stimuli 
with high local intensity fluctuations. In modeling retinal function under 
those conditions, it can be useful to include a nonlinear gain control 
leading to the bipolar cell signal (Karamanlis et al., 2022; Yu et al., 
2022).

5.3. Dynamics

As formulated above (Eq. 4), the standard model places all the dy
namics into the response kernel of the bipolar cell. None of the other 
elements introduces a time-dependence. This simplification reflects the 
fact that the photoreceptor is by far the slowest neuron in the retina and 
sets the basic time scale for retinal signals. By comparison, neurons 
downstream of the bipolar cell are relatively fast.

For some purposes, however, it may be important to include addi
tional dynamic components. For example, the input that the ganglion 
cell receives from ACs will be slightly delayed relative to the input from 
BCs, due to the additional synapse involved. As a result, this negative 
feed-forward loop can implement a high-pass filter that makes the 
ganglion cell exquisitely sensitive to change (Cafaro & Rieke, 2013; 
Diamond, 2017; Nirenberg & Meister, 1997).

Another important dynamic feature is short-term depression at the 
synapses of bipolar or amacrine cells, along with the dynamics of spike 
generation in the ganglion cell. Such processes of short-term plasticity 
have been invoked for phenomena of adaptation and gain control that 

modulate the retinal code depending on recent stimulus history (Baccus 
& Meister, 2002; Ebert et al., 2024; Hosoya et al., 2005; Jarsky et al., 
2011; Lankheet et al., 1989; Schwartz, 2021b; Victor, 1987; Wan & 
Heidelberger, 2011).

5.4. Nonlinearity

The standard model locates all the nonlinearity in the synaptic 
transfer from bipolar (or amacrine) to ganglion cell (Eq. 4). Without that 
nonlinear transmission, the ganglion cell response becomes a simple 
linear function of the stimulus. All the pooling over bipolar cell of 
different types and locations just leads to a simple average of their 
response kernels. Not much visual computation can be accomplished 
this way, beyond some spatial or temporal filtering.

By contrast, a system of parallel pathways, each followed by a 
rectifying nonlinearity, has very rich computational power. In fact, such 
a model serves as a universal approximator: With the proper choice of 
kernel K in each pathway one can in principle compute any desired 
function of space and time (Cybenko, 1989; Hornik et al., 1989). This 
universality theorem underlies the power of artificial neural networks in 
modern machine learning. Apparently, nature has been using the prin
ciple for some hundreds of millions of years. Of course, only a select 
range of functions are actually implemented in the retina, and under
standing why nature made those choices is a major topic of current 
interest.

Fig. 1. Retinal circuitry at different levels of abstraction. (A) A vertical section of chicken retina stained with fluorescent labels, revealing the layered structure: outer 
nuclear layer (ONL) with photoreceptor cells (PRs); outer plexiform layer (OPL) with synapses between PRs, horizontal cells (HCs), and bipolar cells (BCs); inner 
nuclear layer housing HCs, BCs, and amacrine cells (ACs); inner plexiform layer with synapses between BCs, ACs, and ganglion cells (GCs); ganglion cell layer (GCL) 
housing the GCs. Photo credit: Andy Fisher (Fisher, 2008). (B) The five classes of retinal neurons, illustrating the range of shapes (schematized) within each class. 
From (Masland, 2012). (C) Synaptic connections among the five cell classes. Closed vs open circles: sign-preserving vs sign-inverting synapses. Zig-zag symbol: 
electrical synapses. (D) Schematic representation of the standard model (Eq. 2 and 4). The light stimulus S( x→, t) gets distributed into many parallel bipolar cell 
channels B( x→, t), whose outputs get pooled into the ganglion cell response G( x→, t). Right hand side includes explicit amacrine cell signals (Eq. 4). Inset defines each 
element as a cascade of a linear spatiotemporal filter K( x→, t) and a nonlinearity N().
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5.5. Point neurons

In the plain vanilla model, each of the interneurons (bipolar or 
amacrine cells) sums all its synaptic inputs and produces a single output 
signal, communicated through a nonlinear synapse. In other words, the 
cells are treated as “point neurons”, which greatly simplifies the math
ematical treatment of the circuit.

However, there are known cases where different parts of the neuron 
carry different signals. For example the starburst amacrine cell – a 
central element in the circuit for direction-selectivity – seems to carry 
out different motion computations in each segment of its dendritic arbor 
(Euler et al., 2002; Vaney et al., 2012). From a modeling perspective, 
one can assign each of these dendrites to be another LN subunit, con
verting bipolar cell inputs to GABA-ergic output onto the ganglion cell.

Another example occurs at the synaptic terminals of bipolar cells, 
which often receive inhibitory input from amacrine cells directly adja
cent to the bipolar cell's synaptic release site. These local interactions do 
not spread to the other terminals, and thus each terminal may compute 
its own function of the visual stimulus (Asari & Meister, 2012; 
Matsumoto et al., 2021). Again, for modeling purposes, one could treat 
each bipolar terminal as another LN subunit that combines input from 
bipolar and amacrine cell signals.

5.6. Spiking

As formulated above, neuronal responses are continuous functions of 
time. In fact, most neurons in the retina do not produce action poten
tials, except for the GCs themselves and some types of ACs.5 For the GCs, 
one can interpret the continuous time series G(t) as an instantaneous 
firing rate, and compare it to the measured spike rate of a neuron, for 
example averaged over identical stimulus trials. Or one may interpret 
G(t) as a membrane current and feed it through a spike-generating 
model to predict a ganglion cell spike train (Keat et al., 2001; Pillow 
et al., 2008). On occasion, the details of this spike-generating mecha
nism play an important role in determining what the GC encodes (Liu 
et al., 2023; Wienbar & Schwartz, 2022).

6. Why is the standard model a useful abstraction?

As hinted above, the standard model (Eq. 4) can be seen as one point 
along a continuum of models for retinal function: ranging from the 
simplest, in which each ganglion cell just reports the amount of light in a 
circular receptive field6, to a detailed compartmental model of mem
branes, receptors, channels, and vesicle release sites. Along that con
tinuum, the standard model is a uniquely powerful abstraction of 
biological reality, because (1) it can explain a remarkable range of 
phenomena, compared to the limited complexity of its ingredients; (2) it 
is mathematically simple enough that one can reason about its behavior 
even without explicit calculation; and (3) theorems have been proven 
about the expressivity of this model that hint at an evolutionary theory 
for the structure of the retina (Cybenko, 1989; Hornik et al., 1989).

What does a retinal response model need to explain? Ideally, one 
would like to predict the spike train of a ganglion cell in response to any 
visual stimulus on the retina. Of course, the stimulus S( x→, t) has infinite 
dimensionality, so one can only probe that space sparsely, and choices 
need to be made. Early on, those choices were motivated by technical 
feasibility and mathematical convenience (e.g. flashing spots, or trav
eling gratings). More recently there has been a turn towards stimuli that 
actually happen ecologically (natural images and movies, eye move
ments) (Brackbill et al., 2020; Karamanlis et al., 2025; 
Maheswaranathan et al., 2023; Qiu et al., 2021). In the process, a host of 

interesting visual computations have been identified across the dozens 
of ganglion cell types (Grünert & Martin, 2020; Sanes & Masland, 2015). 
Many of these aspects of retinal responses seemed puzzling at first, but 
eventually were seen to follow from the same standard model, if one 
merely adjusts the parameters (Gollisch, 2013; Gollisch & Meister, 2010; 
Kastner & Baccus, 2014; Kerschensteiner, 2022; Schwartz, 2021a). A 
non-exhaustive list of these phenomena includes:

Center-surround antagonism: A generic feature of responses in 
many ganglion cell types is the antagonism between the center of the 
receptive field and the surround region. For example, an ON cell is 
excited by light falling on the center but suppressed by light on the 
surround, leading to the classic “mexican hat” sensitivity profile. In the 
standard model, the bipolar cell subunits already have an antagonistic 
surround, and further surround inhibition comes from amacrine cell 
subunits. The combination can account for any receptive field profile via 
the weighting functions w and u (Enroth-Cugell & Freeman, 1987; 
Turner et al., 2018).

Non-linear spatial summation: The proposal for a non-linear sub
units model first emerged from a puzzling observation about GCs in the 
cat. So-called X-cells act as though they linearly sum the light in the 
receptive field, but Y-cells don't. They fire every time one redistributes 
the light within the receptive field, even while leaving the total un
changed (Enroth-Cugell & Robson, 1966; Hochstein & Shapley, 1976; 
Krieger et al., 2017; Victor & Shapley, 1979). In the standard model, this 
can be explained by making the bipolar cell output functions (N in Eq. 2) 
more linear (X-type) or more rectifying (Y-type). In the Y-cell, any 
change in light pattern excites some subunits but inhibits others. Owing 
to the output rectification, only the excitation gets passed on to the 
ganglion cell and produces a burst of spikes. The nonlinear subunits in 
the model have since been identified as bipolar cells (Demb et al., 2001; 
Turner & Rieke, 2016).

Texture sensitivity: Ganglion cells often respond strongly to texture 
patterns that are much finer than the size of the receptive field. By 
localizing bipolar cells and mapping their non-linear output function, 
one can explain such texture responses in detail (Gollisch, 2013; 
Schwartz et al., 2012).

Direction selectivity: Some ganglion cells respond strongly when 
an object moves through the receptive field in one direction, but not in 
the opposite direction. In part, this is explained by a spatial offset be
tween excitatory (BC) and delayed inhibitory (starburst AC) inputs to 
the ganglion cell (Barlow & Levick, 1965; Helmstaedter et al., 2013), 
This can be captured by the synaptic weights w and u in (Eq. 4). As 
mentioned above, another component of direction-selectivity relies on 
dendritic processing within the starburst cell (Vaney et al., 2012).

Object motion sensitivity: Some ganglion cells fire when a textured 
object within the receptive field moves differently than its background. 
If the entire scene moves across the retina in concert – as happens during 
eye movements – these GCs remain silent. A version of the standard 
model with the proper choice of nonlinearity and amacrine cell contri
bution (Eq. 4) was shown to match these response properties in detail 
(Baccus et al., 2008; Jacoby & Schwartz, 2017; Ölveczky et al., 2003).

Sensitivity to approaching motion: Many retinal ganglion cells 
respond more strongly when a patterned surface approaches than when 
it recedes from the eye (Appleby & Manookin, 2020; Münch et al., 
2009). This unexpected bias emerges naturally from the standard 
model, through the interplay between non-linear subunits in the center 
and the surround of the GC's receptive field (Appleby & Manookin, 
2020). The output nonlinearity for both types of subunits is an essen
tial feature of this mechanism.

Motion anticipation: Certain ganglion cells seem to “anticipate” the 
trajectory of a moving object. These neurons fire near the leading edge 
of the object on the retina, rather than behind the object, as one might 
expect based on slow photoreceptors and synaptic delays (Berry et al., 
1999; Leonardo & Meister, 2013). There is no precognition involved. 
Rather one can explain the effects based on nonlinear inputs from BCs 
and ACs, and some simple assumptions about their spatial distribution 

5 …and possibly BCs under certain conditions
6 Remarkably, this pixel detector view of the retina is still en vogue in many 

discussions of higher level vision.
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on the GC dendritic field (Johnston & Lagnado, 2015).
Spike-latency coding: Some ganglion cells fire a short burst of 

spikes following both a brightening or a dimming within the receptive 
field. But the response latency is shorter to a dimming. In this way, the 
timing of the first spike following an image change on the retina can 
convey the content of the image (Gollisch & Meister, 2008b). This 
behavior results naturally because the GC sums over both on-type and 
off-type bipolar cells, and the kinetics (K(t)) of the On BCs are slightly 
slower (Gollisch & Meister, 2008a), presumably because of delays in the 
metabotropic glutamate receptor pathway.

Responses to natural movies: The traditional approach in vision 
science has been reductionist: simplify the visual stimulus as much as 
possible so as to isolate the essence of a particular computation; for 
example, flashed spots and annuli will reveal center-surround interac
tion. However, it is now worth asking: “How well do our models of 
retinal processing account for responses to real-world natural scenes?” 
For a long time the answer was “not very well”, but this is changing 
rapidly. A recent study (Maheswaranathan et al., 2023) modeled the 
retina as a 3-layer convolutional neural network (roughly corresponding 
to BCs, ACs, and GCs in the standard model), and trained the weights of 
the network to optimally predict GC responses to natural movies. The 
prediction was accurate to within the noise level of the measurements. 
Subsequently the network was probed with simple stimuli, and found to 
replicate most of the retinal computations described above. This 
approach enhances the power of modern deep learning methods with 
the interpretability that comes from long experience with the standard 
model.

7. Lessons from the standard model

Why is it that we understand the retina so well compared to just 
about any other part of the central nervous system? As a neural circuit 
with over 100 recognized cell types, and employing most of the known 
neurotransmitters and modulators, the retina certainly does not lack in 
complexity. A number of fortuitous conditions helped enable the 
dissection of this system.

At the conceptual level, the retina is self-contained, and it has clearly 
defined input and output populations, such that the explanations of 
function can be found entirely within the retina. An important technical 
advantage is that one can isolate the retina in a dish while maintaining 
most of its function, which makes its innards accessible to electrodes, 
pharmacology, and other tools. Furthermore, one can stimulate the 
entire input layer at single-cell resolution simply by shining patterned 
light on the circuit. This latter advantage can be ported to other systems 
through the advent of optogenetics. For example one can now stimulate 
the input neurons to the olfactory bulb with light patterns, which should 
assist in developing a quantitative model of neural processing in that 
circuit (Chong et al., 2020).

As a complement to the list of fortuitous conditions favoring retinal 
neuroscience, it is useful to consider what concepts and approaches were 
not needed for success in this domain.

7.1. Oscillations?

When I started my first job, a senior professor from a rival university 
explained at the whiteboard that the retina is just an array of coupled 
oscillators. And if you only analyze it that way, you will understand how 
it performs Fourier transforms of the visual image. Shortly thereafter a 
physicist came to my office to explain how the major problem holding 
neuroscience back is that people don't know how to compute power 
spectra properly. For a young scientist entering a new discipline this felt 
disconcerting. Is it really all about oscillations? By now, 30 years later, 
we can be fairly sure about two things: There is no sense in which the 
retina performs a Fourier transform on the image. And second, there is 
no evidence that oscillations and coupled oscillators are a useful way to 
think about retinal processing.

Sometime in the 1990s, a number of articles in high-profile journals 
claimed that in fact, spontaneous oscillations were an important part of 
visual encoding of moving objects. In the visual cortex of the cat, neu
rons representing the same object would oscillate at the same frequency, 
and those for another object at a different frequency. This was touted as 
a neural mechanism to solve the “binding problem” (Engel et al., 1991). 
Subsequent articles traced the root of those oscillations ultimately all the 
way back to the retina (Neuenschwander & Singer, 1996). This raised 
some consternation in the retinal research community7 because there 
had been hundreds of reports on retinal responses to moving objects, and 
very few of those mentioned any oscillations. Eventually these oscilla
tions were found to be a side effect of anesthesia (Neuenschwander 
et al., 2023). They don't occur in awake animals, and have nothing to 
do with the binding problem.

All in all, the retina seems designed biologically to avoid ringing – 
despite the combination of high gain and feedback loops that might 
present risk factors for runaway oscillation. As a result, there really is no 
role for oscillations in the standard model of the retina.

7.2. Fine-grained causality?

Much of neuroscience is concerned with explaining psychological 
functions based on neural mechanisms. A predominant concern in this 
effort is the localization of function, such as “Brodmann area 17 is for 
low-level processing of visual images”. With the advent of modern cell 
typing, one now reads fine-grained claims like “Cell type X in brain area 
Y implements behavioral function Z". There is little support for any such 
“microphrenology” in the retina.

For example, in the psychology of vision, “spatial contrast” and 
“color” are two very different stimulus attributes. But their processing 
within retinal circuitry is entirely intertwined. Horizontal cells carry 
signals for lateral inhibition, which sharpens spatial contrast. But the 
same neurons are also essential in the processing of color (Diamond, 
2017; Joesch & Meister, 2016; Martin, 1998).

On a local level within the circuit, the direction of causality isn't even 
well-defined. For example, the A2 amacrine cell drives cone ON-bipolar 
cells under dim light conditions, but gets driven by those neurons under 
bright conditions (Oesch et al., 2011). The prominence of feedback loops 
throughout the retina further complicates any assessment of which 
neurons lie upstream vs downstream.

In summary, the retinal circuit simply functions as a whole, and one 
cannot usefully assign sub-functions to specific cell types. This may 
prove difficult in other brain regions as well.

7.3. Detailed compartmental modeling?

There is some enthusiasm in current neuroscience for treating the 
single neuron as a powerful processor in its own right, whose functions 
can only be understood through detailed models with hundreds of 
compartments harboring local nonlinearities (London & Häusser, 2005). 
The standard model largely treats retinal cells as single-compartment 
point neurons, meaning that a single activity variable is sufficient to 
describe the neuron's dynamics. This is not to say that all retinal neurons 
are electrotonically compact, in fact there is much evidence for local 
signaling within the axonal trees of bipolar cells, or the dendritic trees of 
amacrine and ganglion cells that is not shared with other parts of the 
neuron (Hartveit et al., 2022; Matsumoto et al., 2021; Vaney et al., 
2012).

Nonetheless, the point-neuron approximation made in the standard 
model accounts for most phenomena of interest. Take, for example, the 
most intensely debated example of retinal computation: direction- 
selectivity. Yes, there is evidence for spikes in the dendrites of 

7 …though not among the reviewers working for the high-impact 
magazines…
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direction-selective ganglion cells. Also, there may be a contribution from 
spatially ordered excitation and inhibition in the dendrites. Nonetheless, 
a large contributor to direction-selectivity is that the ganglion cell gets 
inhibition from starburst amacrines located on one side of its dendritic 
tree but not on the other (Vaney et al., 2012). In practice one can un
derstand the phenomenon as arising from a spatially asymmetric circuit 
between point neurons, much as envisioned 60 years ago by the dis
coverers (Barlow & Levick, 1965). The lesson here is that, while single 
neurons may harbor prodigious computational capacity, that may not 
always be the way nature uses them. When faced with brain circuits 
whose function remains mysterious it may still pay off to start with 
simple point-neuron models.

7.4. Low-dimensional neural dynamics?

Another popular meme in current neuroscience is that underlying the 
responses of millions of neurons are just a few latent variables. After 
recording thousands of signals, one should therefore look to project 
them onto some low-dimensional manifold in which the truly important 
neural variables are represented (Cunningham & Yu, 2014). Typically 
there are just two or three of these, which is fortuitously convenient, 
because we can then draw those manifolds on paper.

In the case of the retina, this approach is obviously wrong. The 
human retina has a million neurons as outputs, and retinal circuitry is 
organized so that those million outputs report different things. For 
example, the receptive fields of neurons of the same type overlap only 
minimally, so they avoid redundant signaling. At every point in space 
there exist just 1–3 neurons of any given cell type. So there is no low- 
dimensional latent manifold hidden inside the million dimensions of 
the retinal output. The same argument holds for the early stages of visual 
cortex, where the retinotopic map alone ensures that different neurons 
encode different things.

The lesson for other areas of the brain is that we may simply be 
ignorant about all the items represented there. It seems somehow 
implausible that the primary visual cortex employs a billion neurons to 
process the 1-million-dimensional optic nerve input, whereas the pre- 
frontal cortex uses a billion neurons to represent the dynamics of just 
a handful of variables. Obviously, any single behavioral experiment that 
only involves a few variables cannot bring out the richness of the neural 
representation. We would not have arrived at the present understanding 
of retinal coding by using exclusively low-dimensional stimuli.

8. Theories of the retina

A major remaining challenge is to understand where the standard 
model comes from. By analogy to particle physics, we now know what 
all the particles are, namely the cell types. We also know about the forces 
between particles: the synaptic interactions. Also we believe that all 
phenomenology of retinal function ultimately traces back to those cell 
types and their interactions. But we don't have a theory of why the cell 
types are what they are.

In the case of particle physics, there may be no ultimate explanation: 
The present pantheon of particles may just boil down to a random 
parameter setting in the initial Big Bang. In the case of retinal structure 
and function, we expect that there is a deeper explanation related to 
evolution, with natural selection favoring one type of structure over 
others.

8.1. Efficient coding vs selective computation

Today, the dominant normative framework for the retina is efficient 
coding theory (Atick & Redlich, 1992; Barlow, 1961; Manookin & Rieke, 
2023; Simoncelli, 2003). It postulates that the optic nerve is a bottleneck 
for visual information, and the retina reformats the raw image from 
photoreceptors so it can pass through the bottleneck. This involves 
removing redundancy in the visual signal that results from the 

dominance of low frequencies (both spatial and temporal) within nat
ural scenes.

This theory has been very successful at explaining some qualitative 
features of retinal processing: lateral inhibition in space, temporal band- 
pass filtering, and the split into On and Off pathways. But it fails to 
account for the large diversity of cell types among retinal ganglion cells. 
Redundancy reduction really recommends just two GC types – one On 
one Off – with a spatio-temporal receptive field adapted to the natural 
scene statistics (Karklin & Simoncelli, 2011). Instead, the mouse retina 
has about 40 GC types. Perhaps this discrepancy can get resolved if one 
tried to systematically optimize all the parameters of the standard model 
for the efficient encoding of natural movies (Jun et al., 2022; Virgili & 
Marre, 2026).

On a larger scale, one might say that the visual system is more 
concerned with discarding information than preserving it. Our percep
tual system ultimately extracts only about 10 bits per second from the 
visual image, whereas the capacity of the cone photoreceptors is about 
109 bits/s (Zheng & Meister, 2025). Whittling the information down by 
8 log units is a massive challenge, and it seems likely that the retina takes 
a first cut in discarding information that will not ultimately be used. 
Thus it may be more useful to treat retinal processing as selective 
computation with loss of information, rather than focusing on efficient 
coding.

8.2. Why so many ganglion cell types?

One attractive hypothesis here is that each ganglion cell type pre
computes a certain visual feature that can be used directly for a specific 
behavioral need (Dhande et al., 2015; Kerschensteiner, 2022; Lettvin 
et al., 1959; Levick, 1967). For example, a genetically identified type 
of ganglion cell in the mouse responds to slow image motion on the 
retina. These neurons project specifically to the accessory optic system, a 
set of nuclei implicated in measuring retinal slip of the visual image and 
controlling eye movements to compensate (Yonehara et al., 2009). This 
neuron type appears to compute a special function of the stimulus to 
support active vision.

In other cases, however, the connection between visual behaviors 
and retinal function is more complicated. For example, the looming 
reaction of the mouse is a very robust visual behavior, by which the 
animal escapes from an approaching aerial predator (Yilmaz & Meister, 
2013). Certain ganglion cells in the mouse retina are indeed sensitive to 
dark expanding objects (Kim et al., 2020; Münch et al., 2009; Wang 
et al., 2021). But those neurons also respond to many other stimuli, 
like flashed objects, unlike the behavioral looming reaction (Krieger 
et al., 2017). Furthermore, signals from different GC types hardly 
remain separate, but get combined already via synaptic convergence in 
the thalamus and superior colliculus (Reinhard et al., 2019). Thus, the 
observed precision and selectivity of the looming reaction and other 
visual behaviors likely relies on the downstream combination of multi
ple retinal channels (Hoy et al., 2019; Virgili & Marre, 2026).

In summary, a useful theory of the retina will need to explain the 
great diversity of the many output channels and also the specific stim
ulus features that they represent. If successful, this will illuminate the 
principles of neural processing in downstream visual areas as well.
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