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S U M M A RY

Understanding natural vision is one of the fundamental goals of sensory
neuroscience. To achieve such an understanding, we need to uncover how
natural scenes are represented in early visual areas. What are the computa-
tions that lead to such neural representations? What cellular and molecular
mechanisms are required to implement these computations? And what goals
do these computations achieve in the context of a behaving animal? The only
part of the visual system that may currently be amenable to such a complete
understanding is the vertebrate retina, where there is increasing convergence
of physiological and anatomical evidence that explain the transformation
from visual stimulus to neural response.

Early theoretical work postulated that the main goal of the retina is to
most efficiently represent natural scenes with the least amount of resources
(e.g. action potentials). This perspective relied on the assumption that the
retina acts as a parallel stream of linear filters, interfacing between the
photoreceptors and the axons of retinal ganglion cells, which form the optic
nerve. However, a linear picture may be inconsistent with the rich diversity
of the—more than hundred—neuronal cell types in the retina, and the retinal
circuit’s ability to perform complex computations, such as distinguishing
local from global motion. Perhaps most importantly, computational models
based on linear filtering only partially capture the retinal output under
naturalistic stimulation.

The shortcomings of this linear picture of the retina come as no surprise
in the light of the multiple examples of nonlinear processing within the
retinal circuit. The prime example is associated with signal transduction
between bipolar and ganglion cells, which can be highly nonlinear. However,
these nonlinearities are mostly studied in isolation with targeted artificial
visual stimuli, and their significance for natural stimuli is still unclear. Nat-
ural scenes have different statistics from typically applied artificial stimuli
and drive multiple retinal mechanisms in unison. Thus, it is still an open
question how nonlinear spatial processing shows up in the retinal output
under naturalistic stimulation. In this thesis I address this problem by asking
two main questions: Is nonlinear processing necessary for explaining ob-
served retinal responses to natural stimuli? And are computational models
that include nonlinear processing sufficient to capture retinal responses to
natural stimuli?

In Chapter 1, I introduce fundamental concepts about natural visual
scenes and sensory encoding in the retina. I then examine different aspects
of nonlinear spatial processing—the focus of this thesis—and review existing
evidence about the role of retinal nonlinearities in the encoding of natural
scenes.

In Chapter 2, I distinguish and summarize three perspectives under
which vision researchers study the retinal encoding of natural scenes. The
normative perspective asks about features of the retinal circuit that optimally
represent natural scene statistics. The coding perspective seeks to understand
which features of the natural visual world are conveyed by the spike trains of



ganglion cells. Finally, the circuit perspective is concerned with determining
retinal mechanisms driven under naturalistic stimulation.

In Chapter 3, following the lines of the circuit perspective, I investigate
the necessity of nonlinear spatial integration for natural image encoding in
the mouse retina. I find differential sensitivity of ganglion cells to natural
spatial structure. I then show that this sensitivity is a property of nonlin-
earities acting over the receptive field center, and I establish that different
nonlinearity types can be found among different types of retinal ganglion
cells.

In Chapter 4, to test the sufficiency of nonlinear integration, I develop
models that can leverage nonlinear properties of the retinal circuit, and test
their predictions with natural scene stimuli. I provide complete nonlinear
receptive field descriptions of major cell types in the mouse retina, and I link
my results to findings from the previous chapter. I then generate mouse-
specific natural movies, and show that nonlinear models can capture the
retinal output under stimuli with naturalistic temporal dynamics. Finally,
using ideas from the normative perspective, I show that nonlinear processing
alone is insufficient to explain pairwise response correlations between gan-
glion cells of the same type, and that retinal inhibition may be additionally
required.

I summarize and discuss my findings in Chapter 5. Together, I show that
nonlinear retinal processing is both necessary and sufficient for the encoding
of natural scenes, extends functional descriptions of neuronal types beyond
linear receptive fields, and can reduce the gap in predicting the retinal output
to natural visual inputs.



1G E N E R A L I N T R O D U C T I O N

Vision may be the most intuitive sense to humans. It is also through vi-
sion that we primarily communicate science: we use figures, diagrams and
equations. It comes as no surprise that vision is the sensory modality that
has been studied the most (Hutmacher 2019), from multiple angles and at
different scales, ranging from Gestalt psychology to molecular biology. De- Gestalt psycholo-

gists believe that
perception may be
irreducible, and
that “the whole is
more than the sum
of parts”

tailed neurophysiological studies using artificial light patterns have allowed
researchers to discover a number of principles underlying visual processing
and have led to celebrated results, such as the first receptive field descrip-
tions in the retina (Hartline 1938) or in the primary visual cortex (Hubel and
Wiesel 1959). While these results form the conceptual backbone of modern
computer vision (LeCun et al. 2010), they have yet to drive reliable biological
applications, as exemplified by the limited visual restoration that current
retinal prostheses achieve (Erickson-Davis and Korzybska 2021). Thus, de-
spite the decades of research with a focus on precisely designed artificial
visual stimuli, we may still be missing big parts of understanding vision in
its natural settings (Felsen and Dan 2005).

In a behaving animal, natural vision drives many mechanisms in unison,
and these mechanisms give rise to complex patterns of neural activity. Such
complexity is particularly evident in the neocortex, where sensory encoding
is multimodal (Ghazanfar and Schroeder 2006): for example, visual neurons
may respond to animal behavior generated in response to auditory stimula-
tion (Bimbard et al. 2021). The only part of the visual system that may be
spared of such multimodal activity is the retina, whose output we are now
comprehensibly cataloging in terms of anatomy (Bae et al. 2018), physiology
(Baden et al. 2016), and transcriptomics (Rheaume et al. 2018). These detailed
characterizations allow for a systematic treatment of questions that concern
the visual system as a whole. How is information in the retinal output used
in downstream visual areas such as the visual thalamus (Liang et al. 2018;
Rompani et al. 2017) or the superior colliculus (Reinhard et al. 2019)? And
is this information used in the same way under different behavioral states
(Franke et al. 2021; Liang et al. 2020; Schröder et al. 2020)?

To completely address such questions we also need to understand the
neural code of the retina under complex naturalistic stimulation. A way to
do this is by building stimulus encoding models, that can predict the spiking
output of the retina under arbitrary visual stimuli (Chichilnisky 2001). While
somewhat successful general-purpose models of the retina exist (Keat et al.
2001; Pillow et al. 2008), they may fail to capture retinal responses under
natural stimuli (Heitman et al. 2016), which drive many retinal mechanisms
in parallel. A reason for this failure is that classical models may overlook
that the retinal output is the result of elaborate interactions between neurons
of the retinal circuit and that these interactions can be highly nonlinear
(Gollisch 2013; Schwartz and Rieke 2011). And although we can capture
nonlinear retinal processing under targeted artificial stimulation (Liu et al.
2017; Maheswaranathan et al. 2018a; Shah et al. 2020), it is still an open
question whether nonlinear encoding models generalize under naturalistic
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general introduction

stimulation.
Understanding nonlinear retinal computation under naturalistic stimula-

tion holds a great promise for understanding natural vision for the entirety
of the visual system. In this chapter, we will first introduce the notion of
natural vision from a statistical and a behavioral perspective. We will then
review how scientists brought natural vision in the laboratory with simple
artificial stimuli to systematically explore retinal function. These experi-
ments generated major insights for the retina, which we will briefly discuss
and then focus on nonlinear retinal processing. Finally, we will return to
natural vision, and describe how we can link it with nonlinear processing,
highlighting the topic of this thesis.

1 .1 natural vision

Vision utilizes the differences in light reflected from object surfaces and
may have evolved to help animals navigate and rapidly react to changing
environments. Thus, the statistics of the natural visual environment may
have led to specific retinal adaptations, or guided the design of the visual
system as a whole. Below we discuss commonly studied aspects of those
statistics and how they may change when an animal moves its eyes through
space.

1 .1 .1 Statistics of natural scenes

In terms of spatial structure, natural scenes can be seen as a two-dimensional
collection of brightness values, whose most characteristic property is their
power spectrum. In particular, the power of spatial frequencies ( f ) in natural
images scales with f−2 (Field 1987). Firstly, this power-law property endows
images with self-similarity, i.e. the relationships between spatial scales are
the same at any viewing distance. Thus, the same visual system can be used
for objects that are close by or far away. Secondly, lower spatial frequencies
dominate in natural images, and neighboring image pixels have correlated
light intensities. The redundancy of such spatial correlations is exploited by
image compression algorithms to reduce the size of saved files. It has beenA popular algo-

rithm (JPEG
compression)

discards high-
frequency compo-

nents that are rare
in natural images

proposed that the early visual system specifically evolved to perform such a
compression (Barlow 1961). This principle, called efficient coding (discussed
in Chapter 2.3), argues that the retinal (or any early sensory) encoding should
discard redundant information. The center-surround structure of retinal
receptive fields can be directly derived from this principle (Atick and Redlich
1992). Instead of signaling every single pixel with a separate receptive field,
the same information can be conveyed by using fewer receptive fields whose
surrounding pixels are subtracted from the center ones.

Natural scenes show significant correlations also in the temporal domain
(Dong and Atick 1995). A scene captured by a static camera shows very
little change, except for when it’s pointed at rapidly moving organisms.
Even with object movement, the power spectrum of temporal frequencies
follows a power-law (Dong and Atick 1995; Salisbury and Palmer 2016). The
compression argument for temporal processing in the retina is similar to
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1 .1 natural vision

the case of spatial structure: just encoding differences between successive
frames, essentially visual contrast, can greatly improve the efficiency of
retinal processing. Indeed, a lot of temporally-redundant information is
discarded through visual adaptation in the very first layer of the visual
system, i.e. by the rapid adaptation of the phototransduction cascade.

Although spatial and temporal correlations have been historically studied
in relation to the retinal circuit, retinal encoding may be affected by other
properties of natural scenes. In the spatial domain, natural images may also
show textures, edges and gradients (Turiel and Parga 2000), which may
require the reevaluation of the center-surround receptive field (Schwartz
and Rieke 2011). In the temporal domain, light intensities may differ up to
thousand-fold within the same scene (Frazor and Geisler 2006). The visual
system is robust to such alterations of light intensity (Rieke and Rudd 2009),
and nonlinear mechanisms may be required to support such a purpose
(Grimaldi et al. 2019; Yedutenko et al. 2021).

1 .1 .2 Viewing natural scenes

In a behaving animal, it may be possible that the retinal encoding of a
visual scene depends on the animal’s inner state. Recent in vivo studies
show systemic effects on the retinal output, such as the ones stemming
from circadian rhythms (Hong et al. 2018) or arousal (Liang et al. 2020;
Schröder et al. 2020). These effects are possibly mediated by the small
number of retinopetal axons in the optic nerve, mainly carrying modulatory
histaminergic and serotonergic projections (Gastinger et al. 2006). However,
these phenomena may be rather slow compared to the scene changes caused
by rapid gaze shifts.

The eyes are essentially motorized sensors, and gaze can be directed
not only through the action of extraocular muscles, but also head move-
ment (Land 2015). Freely-viewing primates show stereotyped gaze patterns
comprised of a series of short fixations, separated by fast saccades. During fix-
ations, the eyes stay mostly fixed, but still perform lower amplitude fixational
eye movements, which can be further separated into few components (Rucci
and Poletti 2015). Thus, the temporal dynamics of the scenes impinging on
the retina are governed by the timescales relevant to the aforementioned
eye movements. For the visual system overall, the exact timescales of eye
movements may be of such significance that they are be compensated by
head movements in the presence of extraocular muscle deficits (Gilchrist
et al. 1997).

What is the purpose of eye movements? In the case of primate fovea, it
may be clear that saccades happen for re-positioning attention and better
resource allocation. However, the existence of saccadic eye movements seems
to be a general pattern in vertebrates (Land 2019), as they are observed in
other mammals (Collewijn 1970; Meyer et al. 2020) and even in fish (Easter
1975), and saccades may thus provide benefits independent from the exis-
tence of a fovea. For example, saccades can whiten the spatially correlated
natural scenes in time, especially in the case low spatial frequencies (Mostofi
et al. 2020), and thus provide the visual system with an independent mech-
anism for the decorrelation of the retinal output. Multiple roles have been
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general introduction

suggested for fixational eye movements (Martinez-Conde et al. 2004; Rucci
and Poletti 2015), such as the prevention of visual fading, but their role in
natural vision remains an open question. It is now becoming commonplace
to include saccadic and fixational eye movements in the design of naturalistic
visual stimuli for the retina (Heitman et al. 2016; Turner and Rieke 2016),
and movement effects are already noticeable at the level of the retinal output
(Roska and Werblin 2003; Segal et al. 2015).

1 .2 visual encoding and the retinal circuit

The retina is a part of the central nervous system in the back of the eye.
Cajal (1893) was the first to describe the cellular components of the retinal
structure (Figure 1.1A), which is highly conserved among all vertebrates
(Baden et al. 2019). Light is captured by the photoreceptors, which transduce
it into electrical activity and subsequently, synaptic release of glutamate. The
neurotransmitter signal is then relayed to bipolar cells, which split the visual
signal into parallel streams, and in turn excite ganglion cells. In between, two
classes of interneurons, horizontal and amacrine cells modulate the signals.
Horizontal cells are driven by and inhibit photoreceptors, and potentially
bipolar cells (Behrens et al. 2021). While horizontal cell processing is limited
in the outer plexiform layer, the results of this processing can be detected in
the retinal output (Drinnenberg et al. 2018). Amacrine cells are driven mainly
by bipolar cells, and in turn affect bipolar cell terminals, ganglion cells or
other amacrine cells. While systematic physiological characterizations of
ganglion and bipolar cells exist (Baden et al. 2016; Franke et al. 2017; Goetz
et al. 2021), amacrine cells still remain a mystery (Masland 2012b). Because
of their diverse morphology, connections, and functional roles (Yan et al.
2020), amacrine cells are thought to be the computational powerhouses of
the retina.

How does the interplay of all these neuron types come together in
the retinal output? The functional characterization of the retinal output
can be achieved by probing the retina with structured visual stimuli and
recording the responses of retinal ganglion cells. These experiments were
first performed in either ex vivo preparations of the retina, or by direct
recordings in anesthetized animals. Simple light flashes gave rise to the
core concept of response polarity (Hartline 1938; Kuffler 1953), essentially
the distinction of ganglion cells into ON- and OFF-types based on their
sensitivity to light increments or decrements, respectively. This distinction
arises from different glutamate receptors expressed in ON- and OFF-type
bipolar cells (Nakajima et al. 1993), which either invert or retain the polarity
of photoreceptor responses.

When presented within a limited spatial extent, light flashes led to an-
other core concept of visual processing: the receptive field. The receptive field
describes the region in visual space where a neuron responds to changes in
light (Figure 1.1B), and was first coined for retinal ganglion cells (Hartline
1938; Kuffler 1953), following its original description in somatosensation
(Sherrington 1906). Spots of light presented inside the receptive field can
drive spiking responses, while the same spots presented further away will
have no effect. The receptive field can be further subdivided into two con-
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1 .2 visual encoding and the retinal circuit
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A
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G2G2

Retinal space

Type 1 Type 2 Type 3

Figure 1.1: The vertebrate retina splits visual information into multiple parallel
outputs. (A) Schematic structure of the vertebrate retina. Light from a natural scene
is captured by the photoreceptors (P), which transduce the visual stimulus to an
electrical signal. The signal is then passed on to the bipolar cells (B), which in turn
excite different types of retinal ganglion cells (G1-3). Horizontal cells (H) modulate
photoreceptor signals at the outer plexiform layer, while amacrine cells (A) receive
bipolar cell inputs and modulate bipolar, ganglion and even other amacrine cells.
The retinal output is sent to the brain in the form of spiking responses of different
types of ganglion cells. (B) Receptive fields of neurons of the same type tile the
visual scene, and different ganglion cell types send signals to the brain in parallel.
The tiling of receptive fields in visual space matches the titling of ganglion cell
dendritic fields in retinal space.

centric regions: center and surround (Barlow 1953; Kuffler 1953). Spots of
the same size as the receptive field center drive strong responses, but larger
spots will drive weaker responses, or none at all (Jacoby and Schwartz 2017;
Zhang et al. 2012). The region where responses become weaker is the re-
ceptive field surround. ON-type ganglion cells have an OFF-type surround, A common model

of center-surround
structure is the
difference-of-
Gaussians, which
is also a feature
enhancement algo-
rithm

and vice-versa. This means that an ON cell can either be driven by light
increments in its center, or light decrements in its surround. Ganglion cell
surround is mediated by lateral inhibition at two levels: through horizontal
cells at the outer (Mangel 1991; McMahon et al. 2004) and through amacrine
cells at the inner plexiform layer (Cook and McReynolds 1998; Johnson et al.
2018).

Computational models can summarize the core concepts of retinal pro-
cessing and can generate response predictions under arbitrary visual stimuli.
Perhaps the most successful encoding model in terms of its simplicity and
component interpretability is the linear-nonlinear (LN) model (Figure 1.2A).
The first part of this model consists of linear spatial filtering, which pools
stimulus pixels with a set of weights corresponding to the spatial receptive
field of the cell. The output of this pooling is typically followed by linear
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general introduction

temporal filtering, which captures the response kinetics of the receptive
field center. In the nonlinear stage of the model, a static nonlinearity is typi-
cally included: this nonlinearity transforms the filter’s output into a firing
rate, which can directly be compared to neural responses. The nonlinearity
can capture nonlinear effects in the ganglion cell such as the existence of
a spiking threshold or firing rate saturation. The components of this LN
model can be fit directly to retinal responses, a process typically done under
stimulation with dense white noise (Chichilnisky 2001; Meister et al. 1994),
however this is also possible under other stimuli, including natural movies
(Heitman et al. 2016). Linear filters and nonlinearities are routinely used to
characterize ganglion cells (Baden et al. 2016), as they offer a comprehensive
summary of the cells’ light responses. LN models and their variations have
been quite successful in predicting the retinal output under simplified ar-
tificial stimuli, with no or coarse spatial structure (Keat et al. 2001; Pillow
et al. 2008). However, it is an active research question whether these models
suffice to capture ganglion cell responses under natural stimuli (Heitman
et al. 2016; Turner and Rieke 2016).

1 .2 .1 Retinal ganglion cell types

The discussion about retinal coding of natural stimuli is complicated by
the existence of multiple types of retinal ganglion cells. While bipolar and
amacrine cells also show significant diversity, we focus on ganglion cells
since they are the output channels of the retina. The estimate of retinal
ganglion cell types in the mouse is now converging to more than 40 (Bae
et al. 2018; Yan et al. 2020). Retinal ganglion cells of the same type tile
visual space (Figure 1.1B). Each type is connected to particular regions in the
brain (Martersteck et al. 2017; Morin and Studholme 2014), and is thought to
convey a different picture of the visual world (Masland 2012a). A main target
of ganglion cells is the lateral geniculate nucleus (LGN) of the thalamus,
which leads retinal information to the visual cortex. However, the messages
conveyed by the ganglion cells are not limited to image-forming functions.
For example, ON direction-selective cells are connected to the accessory
optic system and drive the optokinetic reflex (Krause et al. 2014), while
intrinsically-photosensitive ganglion cells innervate the suprachiasmatic
nucleus to entrain circadian rhythms (Berson et al. 2002), or the habenula
for regulating mood (Fernandez et al. 2018).

The primate retina has a distinct composition of ganglion cell types.
There are two major cell classes that constitute 50-80% of all ganglion cells,
midget and parasol cells, both with corresponding ON and OFF types.
Midget and parasol cells have been linked to the ventral and dorsal image-
forming visual pathways, respectively, responsible for categorical and motionVentral and dor-

sal pathways are
sometimes called

the ’what’ and
’where’ systems

vision. Besides the two main classes, the so-called wide-field ganglion cells
constitute the remaining types, and appear mainly in the retinal periphery.
The function of many of those wide-field cells is still unknown. The total
number of ganglion-cell types is around 18-20 (Masri et al. 2017; Peng et al.
2019), which is approximately half of the estimates for the mouse. This
reduction of types in the primate from mammalian ancestors may reflect an
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1 .2 visual encoding and the retinal circuit
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Figure 1.2: Studying ganglion cell types in the retina with multi-electrode array
recordings. (A) The linear-nonlinear model generates a firing rate prediction for
a single retinal ganglion cell under an arbitrary spatio-temporal visual stimulus.
The stimulus is first convolved with a spatial and then a temporal filter, both of
which linearly process the scene. The result of this operation is then transformed
to spiking activity through the output nonlinearity. (B) Half of the mouse retina
flat on top of a 252-electrode multi-electrode array (MEA). (C) Schematic setup of
an MEA recording. Various visual stimuli are presented on the ex-vivo retina. The
retina is continuously superfused with Ames medium, while extracellular voltage
signals are captured from the array. (D) Different types of retinal ganglion cells can
be distinguished in an MEA recording. Each type is typically summarized by the
receptive field outlines of its members and their temporal filters, both components
of the linear-nonlinear model. Note that all of the four types shown exhibit receptive
field tiling.

increased need for access to detailed light intensity information from the
highly developed ventral visual stream (Lindsey et al. 2019).

What roles do all of these types play in the context of the natural visual
environment? A useful distinction here is the one of feature detectors and
pixel encoders (Roska and Meister 2014). Under this picture, some cell
types have developed to provide raw light intensity information to the
brain for further processing, with the prime example of the midgets cells
in the primate fovea, or similar types in the mouse (Johnson et al. 2018).
Conversely, feature detectors or “bug-perceivers”, first described in the frog
retina (Lettvin et al. 1959), perform computations and provide an easy (e.g.
linear) readout to downstream areas in order to efficiently guide behavior
(Gollisch and Meister 2010). For example, different types of salamander
ganglion cells can track small moving objects (Leonardo and Meister 2013)
or represent global motion (Kühn and Gollisch 2019).

Ganglion cells of the same type are not always exact copies of one another.
Continuous variation within cells of the same type can appear in different
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general introduction

parts of the nervous system (Cembrowski and Menon 2018; Cembrowski
and Spruston 2019). Such inhomogeneity also exists in the retina, with
the most illustrative example being the midget circuit in the fovea, which
completely differs from its peripheral counterpart. Midget cells in the fovea
receive input from as few as a single bipolar cell, which itself is connectedThe “private-line”

midget circuit to a single cone. Besides different convergence, midget cells in the fovea
show slower light responses, and receive little inhibition compared to the
periphery (Sinha et al. 2017). Regional specializations are also becoming
apparent in the mouse retina (Heukamp et al. 2020; Sabbah et al. 2017) and
are thought of as adaptations to the mouse’s natural visual environment
(Qiu et al. 2021).

1 .2 .2 Capturing the retinal output with multi-electrode arrays

To characterize stimulus-response relationships in the retina, the spiking
responses of retinal ganglion cells are routinely recorded with extracellular
electrodes. While nowadays brain studies can use high-density electrode
arrays, such as the Neuropixels probe (Jun et al. 2017), the technology was
already available for the retina two decades ago (Meister et al. 1994). The flat
structure of the retinal tissue makes it perfect for a planar multi-electrode
array (MEA; Figure 1.2B). Compared to single-electrode recordings, MEAs
offer two main advantages. Firstly, their parallel throughput allows for the
simultaneous characterization of light response properties in hundreds of
ganglion cells—but also polyaxonal amacrine cells (Greschner et al. 2014;
Kling et al. 2020). The mapping of receptive fields, for example, is typically
parallelized though white noise stimulation (Wienbar and Schwartz 2018)
which efficiently estimates the spatial filters of each ganglion cell. This is in
stark contrast with single-cell recordings, which instead use flashed spots
in the vicinity of the recording electrode. Secondly, MEAs allow for many-
hour-long recordings because they are non-invasive to ganglion cells and
compatible with high flow rates of extracellular medium (Figure 1.2B); thus
MEA recordings offer a unique opportunity for fitting statistical models of
retinal encoding that may require large amounts of data.

MEA recordings also come with a handful of challenges. The first chal-
lenge is technical, and involves the extraction of spiking events from extra-
cellular voltage traces, and the attribution of those events to single neurons.
This process is called spike-sorting and it involves the automated clustering
of spiking events in different units, based on the electrical signature of those
events on multiple electrodes. Despite a recent boom in the available algo-
rithms (Lee et al. 2020; Pachitariu et al. 2016; Yger et al. 2018), automated
spike-sorting may still sometimes fail to resolve all cells in the recording,
which leads to spurious units that combine spikes from multiple neurons.
To overcome this issue, manual curation of the identified units is typically
required. The sorted units are used to study light response properties over
the whole population of recorded ganglion cells (Carcieri et al. 2003; Rein-
hard and Münch 2021), but it is often illustrative to perform such analyses
in a cell-type-specific manner (Field et al. 2007; Ravi et al. 2018; Rhoades
et al. 2019). Another challenge associated with MEA recordings involves the
identifiability of particular types of retinal ganglion cells. Ganglion cells with

10



1 .2 visual encoding and the retinal circuit

small somata produce low-amplitude spikes that cannot be spike-sorted,
and some cells may be completely silent for full-field stimuli (Jacoby and
Schwartz 2017; Zhang et al. 2012), typically used in an MEA recording. Fi-
nally, understanding the mechanistic origin of stimulus encoding is limited
compared to e.g. whole-cell patch clamp, where inhibitory and excitatory
inputs to a ganglion cell can be readily distinguished.

Informed analysis methods can now overcome some of the shortcomings
of MEA recordings. Starting from the example of the primate retina (Field
et al. 2007; Rhoades et al. 2019), it is possible to group cell into multiple
consistent types, as also exemplified in the rat (Ravi et al. 2018) retina. This
can be achieved through clever light stimulation techniques in conjunction
with modern clustering algorithms (Drinnenberg et al. 2018; Jouty et al. 2018).
Although MEAs may fail to capture spiking responses of some cell types,
receptive field mosaics of major cell types can be readily identified (Figure
1.2D). Non-overlapping mosaics are tell-tale signs of ganglion cell types,
and populations of same-type ganglion cells can be used for both stimulus
encoding and decoding studies (Brackbill et al. 2020; Roy et al. 2021). Finally,
the growing availability of functional response datasets ranging from single-
cell patch-clamp (Goetz et al. 2021) to calcium imaging (Baden et al. 2016),
allows the matching of units to previously identified cell types based on
responses to a standard set of visual stimuli (Román Rosón et al. 2019).

1 .2 .3 The mouse retina as a model system

The mouse (Mus musculus) retina is emerging as a model system (Huberman
and Niell 2011) for studying the retinal output in a cell-type-specific manner.
The anatomical (Bae et al. 2018) and functional (Baden et al. 2016; Goetz et al.
2021) catalogs of ganglion cell types, paired with genetic access to many
of those types, allow the specific tracing of central projections of ganglion
cell types (Martersteck et al. 2017), or assessing the effects of deactivating
particular cell types in mouse behavior (Kim et al. 2020; Wang et al. 2021).
Compared to primates, mice may rely less on their vision for navigating
their environment. However, the organization of their visual system may
be similar to primates, with candidate ventral and dorsal streams (Smith
et al. 2017; Wang et al. 2011). There is also ample evidence (Seabrook et al.
2017) for various visually-guided behaviors in mice (Figure 1.3A). Examples
include the avoidance of overhead predators (Yilmaz and Meister 2013),
which may correspond to distinct behaviors (freezing or escaping) based
on the exact parameters of the overhead visual stimulus (De Franceschi
et al. 2016). Capturing moving prey also requires vision in multiple stages,
starting from the initial approach to making the final capture (Hoy et al.
2016; Johnson et al. 2021; Michaiel et al. 2020). Finally, mice can innately
discriminate depth, an ability usually tested with the “visual cliff” (Boone
et al. 2021; Fox 1965).

Despite its lack of fovea, the mouse retina has its own interesting inho-
mogeneities (Figure 1.3B) that may ultimately affect the response properties
of retinal ganglion cells. The most prominent one concerns the spectral
sensitivity of cones: UV-sensitive S-cones dominate the ventral and green-
sensitive M-cones the dorsal retina (Applebury et al. 2000; Szél et al. 1992), a

11



general introduction

A BPrey capture

Predator avoidance

CVisual cliff

Left eye
Right eye

Shift

Stabilization

Horizontal gaze
(head + eye) 1 s +50°

-50°

Retinal specializations

D

N

sONα RGC
density

Cone opsin
expression

tOFFα RGC
transiency

Saccade-and-fixate gaze pattern

low highS-opsin M-opsin

V

T

Figure 1.3: The mouse as an animal model for vision science. (A) Mice show con-
sistent visual behaviors. Mice use vision to track, approach and capture moving prey
(top), usually tested with moving crickets. In response to an expanding dark disk
which emulates a predator, mice show stereotypical avoidance behavior (middle):
they either escape, or freeze. When placed on a patterned cliff with a glass-covered
deep side (visual cliff; bottom), mice prefer the shallow side, presumably due to
height avoidance. (B) The expression of UV-sensitive S-opsin and green-sensitive
M-opsin is inhomogeneously distributed across the surface of the mouse retina.
Such inhomogeneities also show up in the retinal ganglion cell (RGC) layer: ON
alpha RGCs show smaller dendritic trees and higher density in the dorsotemporal
retina (middle), and OFF alpha transient RGCs become more sustained in the dorsal
retina (right). (C) In the horizontal plane, mice show conjugate eye movements
reminiscent of primate saccades, interleaved with stabilization periods of similar
duration to fixations. Panel (C) is adapted from Meyer et al. (2020), licensed under
CC BY 4.0.

distribution that may be linked to differences observed in the chromatic light
response properties of ganglion cells (Szatko et al. 2020). Other gradients
also exist in the light response properties of ganglion cells: sustained ON
alpha cells have higher density and smaller receptive fields in the dorsotem-
poral retina (Bleckert et al. 2014), while transient OFF alpha ganglion cells
become more sustained in the dorsal retina (Warwick et al. 2018). The exact
arrangement of dorsal and ventral specializations is thought to be of particu-
lar importance, as mice show non-conjugate eye movements that align their
gaze relative to the horizon (Meyer et al. 2020), thus keeping the ventral part
of the retina facing overhead.

Mice also show conjugate eye movements in the horizontal plane (Meyer
et al. 2020), which are similar to human saccades and can determine the
temporal dynamics of the retinal image. These saccade-and-fixate patterns
may allow mice to precisely track and capture prey (Michaiel et al. 2020).
While mice have no fovea, a recent study suggested that a retinal area of
increased ganglion cell coverage may serve prey capture (Holmgren et al.
2021). Both sustained ON and OFF alpha types show increased ganglion cell
coverage in the same area (Bleckert et al. 2014), and it would be intriguing
to compare whether the functional properties of cells in this area differ

12



1 .3 nonlinear processing in the retina

compared to other areas, as is the case for midget cells in the primate fovea
(Sinha et al. 2017).

1 .3 nonlinear processing in the retina

In the retina, the extraction of complex visual features from natural scenes
is thought to rely on nonlinear interactions between neurons upstream
of retinal ganglion cells (Gollisch and Meister 2010). In general, nonlinear
operations form the computational core of biological and artificial neural
networks. The significance of stacking nonlinear operations stems from
the theory of artificial neural networks (Hornik et al. 1989), because the The universal

approximation
theorem states
that nonlinear
neural networks
of arbitrary depth
can approximate
any continuous
function

application of consecutive nonlinearities to an input signal allows for non-
trivial computations, such as the separation of points lying on two sides of a
complex surface. Including such multi-stage nonlinearities in toy models of
the retinal circuit can explain complex computations, from detecting dim
light (Field and Rieke 2002) to separating local from global motion (Baccus
et al. 2008; Ölveczky et al. 2003).

Because of their likely relevance for the encoding of natural stimuli, we
will focus here on retinal nonlinearities that manifest over visual space. Such
nonlinearities were first identified in the cat retina with experiments that
introduced spatial structure within the receptive field center of ganglion
cells (Enroth-Cugell and Robson 1966). A subset of ganglion cells, termed
Y-cells, responded to the presentation of a visual grating that stimulated
the receptive field with equal amounts of brightening and darkening: a
net zero activation. Although cells that were silent were also found (X-
cells), the existence of Y-cells contradicts the notion of the linear receptive
field, which is included in LN-type models of retina. The Y-cell response is
typically termed nonlinear spatial integration and is usually investigated
with contrast-reversing gratings (Figure 1.4A). Y-cells have been reported
in multiple species, such as salamanders (Bölinger and Gollisch 2012), mice
(Borghuis et al. 2013; Carcieri et al. 2003) and primates (Crook et al. 2008a;
Crook et al. 2008b; Freeman et al. 2015), including humans (Kling et al.
2020). Multiple ganglion cell types of the same species may behave as Y-
cells (Crook et al. 2008a; Crook et al. 2008b; Krieger et al. 2017; Mani and
Schwartz 2017), and this characterization also extends beyond the retina
(Kaplan and Shapley 1982; Yeh et al. 2003). Nonlinear spatial integration
persists for grating reversals of multiple scales, but disappears when bar
widths become too narrow (Enroth-Cugell and Freeman 1987). This minimal
scale of nonlinear spatial integration is much smaller than the receptive field
centers of ganglion cells, indicating the phenomenon may originate in the
ganglion cell inputs.

1 .3 .1 Mechanisms underlying nonlinear spatial integration

Where exactly do spatial nonlinearities upstream of the optic nerve origi-
nate from? All spiking neurons are essentially nonlinear, because of their
spiking threshold stemming from voltage-gated sodium channels at the
axon hillock. However, the inner network of the retina operates mostly on
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graded potentials, which may be efficient over short distances (Sterling and
Laughlin 2015). Demb et al. (2001) showed that nonlinear spatial integra-
tion comes about at the bipolar-to-ganglion cell interface and is probably
related to nonlinear transformation between bipolar cell voltage and the
consequent glutamate release (Borghuis et al. 2013). This explains why the
spatial scale of nonlinear spatial integration typically matches the receptive
field sizes of bipolar cells (Jacoby and Schwartz 2017; Mani and Schwartz
2017; Schwartz et al. 2012). For nonlinear spatial integration to manifest in
the retinal output, the spatial distribution of the bipolar cell inputs must
be relatively wide: overlapping bipolar cell receptive fields will encode the
similar light intensities, making the nonlinearity effectively obsolete. This
phenomenon is taken to the extreme in the primate fovea, where midget
ganglion cells typically collect the output of a single bipolar cell. Nonlinear
spatial integration depends also on the exact nonlinear transformation, as
the synaptic release of glutamate may differ between different bipolar cell
types: OFF cells show a more rectified glutamate response compared to ON
cells (Borghuis et al. 2013). Besides ganglion cells, amacrine cells also receive
bipolar cell inputs and thus may show nonlinear spatial integration (Kim
et al. 2015; Murphy-Baum and Taylor 2015).

Other mechanisms have also been implicated in nonlinear spatial inte-
gration, and the nonlinearities upstream of retinal ganglion cells may be
multi-stage. In the primate retina, smooth monostratified cells show an en-
larged scale of nonlinear spatial integration which has been hypothesized
to originate from active dendritic conductances (Rhoades et al. 2019). Corti-
cal neurons also show active conductances upstream of their axon hillock,
located at the dendrites. Nonlinear dendrites are being actively studied (Uj-
falussy et al. 2015, 2018), and they are thought to increase the computational
repertoire of the nervous system in general (Bicknell and Häusser 2021), as
they add more nonlinear layers within each neuron. Another retinal mecha-
nism for nonlinear spatial integration is located at the outer plexiform layer:
some salamander bipolar cell types may be spatially nonlinear themselves
(Schreyer and Gollisch 2021). Such a mechanism may grant ganglion cells
sensitivity to scales below bipolar cell receptive fields, as is also observed in
the mouse retina (Mani and Schwartz 2017).

The nonlinear transformation between bipolar and ganglion cells may
be affected by the interaction of multiple mechanisms. A typical way to
determine the nonlinearity in ganglion cell inputs is to measure the contrast-
response function of the incoming excitation. Bipolar cell excitation can
become more rectified in higher light intensities (Grimes et al. 2014), or
when multiple adjacent bipolar cells are activated at the same time (Kuo
et al. 2016). Inhibition can shift bipolar cell excitation to a more linear regime
both through surround signals that depolarize the bipolar cell (Turner et al.
2018), or via crossover (from the ON to the OFF pathway and vice-versa)
signals carried by narrow-field amacrine cells (Münch et al. 2009; Werblin
2010; Yu et al. 2021). It becomes thus evident that different spatial and
temporal contexts, such as those provided by actively exploring a natural
visual scene, may complicate the relevance of nonlinear spatial processing
under naturalistic stimulation.
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1 .3 nonlinear processing in the retina

1 .3 .2 Nonlinear subunit models capture nonlinear spatial integration

How to capture nonlinear spatial integration in stimulus encoding models?
Because linear receptive field models cannot capture nonlinear spatial in-
tegration, Victor and Shapley (1979) introduced nonlinear subunit models
to explain the spatial sensitivity of cat Y-cells to contrast-reversing gratings
(Enroth-Cugell and Freeman 1987). In subunit models (Figure 1.4B), the
spatial receptive field of a ganglion cell is separated into functional subunits
whose outputs are first nonlinearly combined, and then summed (Figure
1.4B). In the original descriptions, this nonlinearity was rectification: for an
ON-type subunit, any darkening will cause a zero activation (Enroth-Cugell
and Freeman 1987; Victor and Shapley 1979). In the retinal circuit, subunit
receptive fields are thought to correspond to the receptive fields of bipolar
cells providing input to the ganglion cell (Liu et al. 2017).

Variations of nonlinear subunit models have been used to explain vari-
ous retinal responses to artificial stimuli. For example, nonlinear subunits
are required to compute object-motion sensitivity (Baccus et al. 2008) and
approach sensitivity (Münch et al. 2009), both elicited with complex motion
stimuli. However, it has been challenging to fit general-purpose nonlinear
models to ganglion cell responses. Compared to LN-type models that have
a single spatial filter for the receptive field, subunit models require multiple
filters equal to the number of subunits, and this number is not a priori known.
Other parameters that need to be fit should describe the functional form of
the subunit nonlinearities, and the weights under which subunits are pooled
by the ganglion cell, which can be highly non-Gaussian (Schwartz et al. 2012).
Recent advances in computational methods allow the estimation of some
of the required subunit model parameters from neural responses (Liu et al.
2017; Maheswaranathan et al. 2018a; Shah et al. 2020). All of these methods
are based on fitting ganglion cell responses under white-noise stimulation
and focus on extracting the correct subunit layout by determining the correct
number of subunits and their filters.

Because subunit models have filters that are localized in space, they may
resemble computations across the whole hierarchy of the visual system. For
example, the proposed circuit of orientation selectivity in the cat primary
visual cortex includes nonlinear subunits located in the visual thalamus
(Hubel and Wiesel 1962). To simplify parameter estimation, nonlinear sub-
unit models in higher visual areas have been fit under the convolutional
architecture, where subunits share the same filters which are applied over The first convo-

lutional neural
network, the
“neocognitron”,
was inspired by the
work of Hubel and
Wiesel (Fukushima
1980)

different locations in visual space (Vintch et al. 2015). A general-purpose
nonlinear subunit model for retinal ganglion cells may greatly benefit by
the convolutional architecture, as it resembles the structure of the retinal
circuit. Many ganglion cells receive input just from a single bipolar cell type
(Schwartz et al. 2012; Yu et al. 2018), and bipolar cell receptive fields also
tile visual space. Thus, assuming that all subunit filters are the same—at
least locally—for each ganglion cell may be a valid assumption that can aid
model fitting. This approach has successfully been used to fit convolutional
neural networks to retinal responses under natural stimuli (Goldin et al.
2021; Maheswaranathan et al. 2018b; McIntosh et al. 2016).
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Figure 1.4: Nonlinear spatial integration in retinal ganglion cells. (A) A contrast-
reversing grating will not drive responses in linear X-cells, because dark and bright
regions inside the receptive field (orange) cancel each other out. Instead, Y-cells will
respond to the grating because they integrate space nonlinearly. (B) The nonlinear
subunit model can explain the Y-cell response. In a subunit model, the receptive field
is partitioned into multiple functional subunits, whose outputs are first rectified
and the summed (bottom). For a linear cell (middle), the subunit outputs are linear.
(C) For an artificial spatial pattern with high frequency components (top), both the
subunit layout and nonlinearity are expected to matter in shaping the response of
the ganglion cell. For a natural scene (middle), where low frequency components
dominate, nonlinearities in spatial integration are expected to matter the most,
because any subunit layout that covers the receptive field would produce similar
distributions of subunit outputs. Thus, it may be possible to study nonlinear spatial
integration in natural scenes, just by identifying nonlinearities in integration of two
contrast values (S1 and S2) inside the receptive field center.
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1 .4 nonlinear spatial integration and natural vision

Is nonlinear spatial processing even relevant for the retinal encoding of
natural stimuli? Usually spatial integration is assessed with reversing grat-
ings of high spatial frequency that isolate the contributions of nonlinear
excitation to the ganglion cell response (Figure 1.4A). However, lower spatial
frequencies in natural scenes are more pronounced: spatial correlations
dominate, with occasional sharp edges, gradients and textures (Turiel and
Parga 2000). Furthermore, the timescales of natural vision are determined
by saccade-and-fixate dynamics, which may strongly deviate from both
reversing-gratings and white-noise stimulation. Thus, it may be the case that
nonlinear processing is not at all driven under naturalistic stimulation or that
nonlinear contributions to ganglion cell responses are actively suppressed
(Yu et al. 2021).

Model-based approaches allow the study of nonlinear spatial integration
with natural stimuli. If a given ganglion cell has a linear receptive field, it
should respond the same way to both a natural image and a spot of light with
same average light intensity. This approach was used to distinguish parasol
cells in the macaque retina into linear ON cells and nonlinear OFF cells
(Turner and Rieke 2016). Surprisingly, ON parasol cells showed nonlinear
responses to classical reversing gratings, revealing an asymmetry between
natural and artificial stimulus characterizations (Turner and Rieke 2016; Yu et
al. 2021). Together, these initial results suggest that to understand nonlinear
retinal processing, we need to study how different cell types respond to the
spatial and temporal structure that the retina is exposed to when viewing
natural scenes.

Do general-purpose nonlinear subunit models capture responses to nat-
uralistic stimuli? Initial results suggest that, relative to classical LN models,
nonlinear subunit models can indeed improve responses to natural stimuli
(Liu et al. 2017; Shah et al. 2020). However, these studies used small numbers
of retinal ganglion cells, and it is still unclear how to generalize response
predictions over arbitrary cell types, that may differ substantially in how they
integrate spatial contrast (Turner and Rieke 2016), even between spatially
nonlinear types (Bölinger and Gollisch 2012). We hypothesize that the non-
linearity under which subunits are integrated largely determines responses
to natural scenes: while the exact subunit layout might matter for detailed
stimuli with high spatial frequencies (Schwartz et al. 2012), natural stimuli
only have rough features and the spatial structure that they will most likely
include is an edge, or a steep gradient, leading to a roughly homogeneous
activation of subunits on one side of the receptive field (Figure 1.4C).

What are the functional consequences of a spatially nonlinear receptive
field for the efficient coding of natural movies? Although center-surround
receptive fields and biphasic temporal filters aid in the reduction of re-
dundancies in the neural code of the retina, nonlinearities in the retinal
output may be the major driver of retinal decorrelation (Pitkow and Meister
2012). It is thus intriguing to consider whether subunit nonlinearities, such
as those existing in subunit models, may be the main contributor to such
decorrelation, as it has been suggested through ganglion cell simulations
(Maheswaranathan et al. 2018a).
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1 .5 thesis outline

In this thesis, I investigate whether and how nonlinear spatial processing af-
fects natural stimulus encoding in the retina. I first introduce the approaches
under which retinal encoding of natural scenes is currently been studied
(Chapter 2). Historically, the first approach was the normative, which seeks
to understand which anatomical and physiological features of the retinal
circuit can be predicted by natural scene statistics and first principles alone.
Instead, the more modern circuit perspective aims at understanding retinal
mechanisms relevant under naturalistic stimulation. Under the framework
of the circuit perspective, I proceed to show that nonlinear spatial integra-
tion of ganglion cell inputs is relevant for natural images (Chapter 3). I
also show that nonlinearities may differ between ganglion cells, and affect
cell sensitivity to the spatial structure of natural scenes. To explain this
differential sensitivity to spatial structure, I develop computational models
of retinal ganglion cells and fit them to spiking responses from the mouse
retina (Chapter 4). In particular, I extend currently existing nonlinear subunit
models, by implementing the convolutional architecture under a stimulus
that can strongly drive the subunit layout of retinal ganglion cells. These
models explain the different types of spatial structure sensitivity I previ-
ously observed, identify key differences in the nonlinear receptive fields of
common cell types, and can well capture responses to natural images and
movies. Finally, I attempt to connect the circuit and normative perspectives,
by investigating the functional consequences of a nonlinear receptive field
for retinal decorrelation.
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ABSTRACT 

An ultimate goal in retina science is to understand how the neural circuit of the retina processes natural 

visual scenes. Yet, the vast majority of studies in laboratories have long been performed with simple, 

artificial visual stimuli, such as full-field illumination, spots of light, or gratings. The underlying 

assumption is that the features of the retina thus identified carry over to the more complex scenario of 

natural scenes. As the application of corresponding natural settings is becoming more commonplace in 

experimental investigations, this assumption is being put to the test and opportunities arise to discover 

processing features that are triggered by specific aspects of natural scenes. Here, we review how natural 

stimuli have been used to probe, refine, and complement knowledge accumulated under simplified 

stimuli, and we discuss challenges and opportunities along the way towards a comprehensive 

understanding of the encoding of natural scenes.   



   
 

   
 

INTRODUCTION 

The sense of vision has evolved to solve the challenges encountered by animals in the visual environment. 

Thus, natural visual scenes provide the most essential stimulus context under which the neurons and 

neural circuits of the visual system operate. And it is this mode of operation and the processes required to 

solve natural visual tasks that are of primary interest to vision researchers. The challenge is, of course, 

that natural scenes are complex with intricate structure on a wide range of spatial and temporal scales. 

Light levels and spatial contrast can vary drastically in different regions of the same image, object 

boundaries create sharp transitions in brightness and color information, whereas surface textures and 

illumination gradients provide smoothly varying components. Temporal dynamics add further 

complications in the form of moving objects and self-motion, including eye movements, as well as 

alterations in illumination conditions. 

In the vertebrate visual system, the first neural stage that has to deal with the complex, multi-faceted 

structure of natural scenes is the retina, a thin sheet of neural tissue at the back of the eyeball. It is among 

the most investigated parts of the nervous system, and a great deal of anatomical and physiological detail 

has been revealed about its sensory transduction mechanisms, its immense diversity of neuron types, and 

their responses to light. This vast background knowledge and the immediacy with which the visual 

stimulus acts on this neural system make it a great target for studying the encoding of natural scenes and 

for evaluating how the visual system copes with different aspects of the natural environment. 

Yet, even for the retina, taking the full complexity of natural scenes into account seems daunting. It is 

thus no surprise that much of vision research has been guided by a reductionist strategy of separating 

visual processing into smaller, manageable chunks. The separation may be into specific tasks (e.g., to 

detect a luminance change or a motion signal, to efficiently transmit information) or into specific stimulus 

features (temporal contrast, periodic spatial structure, uniform motion, color, etc.). This divide-and-

conquer strategy has had undeniable success, from general characteristics of receptive fields to specific 

computations ascribed to individual ganglion cell types. 

The hope is, of course, that the understanding of the stimulus encoding, of the visual tasks that are solved, 

and of the circuit mechanisms hold up also for natural stimuli. To turn hope into certainty, there is a 

growing interest in the retina field to re-evaluate classical concepts – originally derived with simple, 

artificial stimuli – under natural stimulation. Moreover, one may expect that challenging the retina with 

natural scenes may reveal response patterns or mechanisms beyond those that are observed with 

traditional artificial stimuli. 

Here, we consider three ways in which natural stimuli have been used to analyze signal processing in the 

vertebrate retina and discuss the insights and challenges that have emerged in recent years (Figure 1a). 

Perhaps most famously, the normative perspective seeks to determine what retinal features are needed to 

best solve a specific visual task in the context of natural stimuli. From the coding perspective, natural 

stimuli are used to inspect the structure and information content of activity patterns in individual or 

populations of retinal neurons. Finally, the circuit perspective employs natural stimuli to ask which circuit 

mechanisms shape the neuronal responses under natural conditions. All three perspectives rely on 

appropriately designed computational models and selected natural stimuli, which brings us to the question 

of what choices there are to make when exploring how the retina encodes visual scenes.  

  



   
 

   
 

 

Figure 1. Three perspectives on retinal encoding of natural scenes. (a) Center: Schematic, simplified circuit of 

the retina with photoreceptors (P) and the excitatory bipolar (B) and ganglion (G) cells. Inhibition is provided by the 

horizontal (H) and amacrine (A) cells. Around: Schematic representation of the three perspectives under which 

natural stimuli are used in retinal research. (b) LN model components for three mouse ganglion cells of different 

types. (c) Spike raster (center) and corresponding firing rate (bottom) of the second cell in b to a naturalistic movie, 

constructed by shifting natural images on the retinal surface (top, red lines mark image switches). The LN model 

prediction is shown in orange. 

 

FROM RECEPTIVE FIELDS TO COMPUTATIONAL MODELS OF RETINAL ENCODING 

The retina’s neural network is among the most intensely studied parts of the nervous system, and the basic 

layout and processing pathways are comparatively well understood (Cajal 1893; Masland 2001; Wässle 

2004). Incoming light signals are captured by the photoreceptors, which pass on their signals via 

excitatory bipolar cells to the output neurons of the retina, the retinal ganglion cells (Figure 1a). In 

between, two classes of interneurons, horizontal cells and amacrine cells, provide feedforward, feedback, 

and lateral inhibition to gate and shape the signal transmission. Finally, the action potentials (“spikes”) 

generated by the ganglion cells, travel down the cells’ axons in the optic nerve to inform a multitude of 

brain regions about the natural visual world (Martersteck et al. 2017; Morin & Studholme 2014). Despite 

the long history of intense research, the retina has not ceased to surprise researchers with new insights 

about its complexity and signal processing capabilities. Recent years have seen a steady increase in the 



   
 

   
 

number of identified cell types, which may now be converging to well above a hundred neuron types for 

the mouse retina (Yan et al. 2020). These include roughly 40 type of ganglion cells (Baden et al. 2016; 

Bae et al. 2018; Tran et al. 2019), each providing a separate information channel over the entire visual 

field, and a staggering diversity of more than 60 types of amacrine cells (Yan et al. 2020). The functional 

role of most of these individual cell types as well as of the diversity as a whole has remained unclear and 

is arguably among the most fundamental riddles of early-vision research. Investigating retinal processing 

in the context of complex, natural stimuli will likely be needed to reveal the full functional potential 

embedded in this diverse and interconnected circuit. 

Early investigations of stimulus encoding by the retina were unimpeded by this daunting hidden 

complexity and made good headway with simple stimuli, such as light spots that were flashed onto 

different retinal locations (Barlow et al. 1957; Hartline 1938; Kuffler 1953). This led to the distinction of 

ON and OFF cells and the fundamental description of the center-surround receptive field, which still 

dominates the functional picture of the retina today. Ideas of more complex stimulus encoding then arose 

with the observation of ganglion cell sensitivity to specific visual patterns, such as small dark, moving 

spots for the “bug perceivers” described by Lettvin et al. (1959), and of nonlinear spatial integration, as 

revealed by frequency doubling in response to contrast-reversing gratings (Enroth-Cugell & Robson 

1966; Victor & Shapley 1979). 

These early findings were cast into computational models of retinal processing, which still form the 

backbone of current analyses of the encoding of natural scenes. The most fundamental concept here is to 

regard the receptive field of a ganglion cell as a spatial filter through which the cell processes the scene to 

determine the level of its activity (Rodieck 1965). Higher similarity between filter and visual stimulus 

corresponds to stronger activation. By supplementing the filter with a time course, one obtains a 

spatiotemporal filter (Figure 1b), which can be applied to dynamic stimuli. This basic filtering operation 

underlies the perhaps most widely used model of neural stimulus-response relationships, not only in the 

retina, the linear-nonlinear (LN) model. After the linear filtering (the “L” in the LN model), a nonlinear 

transformation (the “N”) connects the neuron’s activation to its spiking output, typically the firing rate or 

spike probability for a given image or brief time period in the case of spatiotemporal input, such as a 

natural movie (Figure 1c). In this way, the nonlinearity can capture effects of spiking threshold, response 

gain, and firing-rate saturation (Chichilnisky 2001). The LN model, together with its many extensions that 

are obtained, for example, by incorporating multiple parallel filters or feedback modules (McFarland et al. 

2013; Pillow et al. 2008; Real et al. 2017) forms a powerful data analysis framework with a good 

compromise of biological interpretability and computational simplicity. Analyzing the encoding of natural 

scenes by the retina has relied heavily on this model framework by finding optimal model parameters 

(normative perspective), deciphering the messages that different response components carry about certain 

visual features (coding perspective), or identifying crucial model components and their biological 

counterparts (circuit perspective). 

 

  



   
 

   
 

NORMATIVE PERSPECTIVE 

An early focus for studying the encoding of natural scenes was the question in what sense the retina might 

be specifically adapted to handle natural stimuli. By assuming that evolution shaped the retina to 

optimally cope with the visual structure of the environment, one can investigate how the retina should 

operate to achieve this optimality. This normative perspective thereby seeks to answer why certain 

features of the retina are the way they are, i.e., what functional role they play in the encoding of natural 

stimuli. The typical working agenda has been to identify a plausible optimality criterion (or “objective 

function”), formalize retinal signal processing in a modeling framework, optimize the model parameters 

to maximize the objective function in the context of natural input signals, and compare the identified 

optimal parameters to the anatomical and physiological features of the retina. What makes the retina so 

amenable to this approach are the immediacy of stimulus encoding with no prior neural stage of 

preprocessing and the fairly good knowledge that we have about its basic circuitry, which allows for 

specific comparisons of theory and experiment (Balasubramanian & Sterling 2009). 

A typical starting point for the normative approach is the idea of efficient coding, which posits that a 

sensory system should maximize the information contained in its output signals (Attneave 1954; Barlow 

1961). For retinal encoding of natural scenes, this means that retinal ganglion cells should not simply 

encode raw light intensity in their receptive fields because neighboring locations in visual space tend to 

have similar intensities (Field 1987) and neighboring cells would thus spend their action potentials largely 

on redundant information. A maximally efficient code, on the other hand, should let different ganglion 

cells encode independent bits of information, leading to uncorrelated retinal activity. This redundancy 

reduction (Attneave 1954; Barlow 1961) from correlated natural scenes to uncorrelated neural activity 

was formalized in a spatial filter model of retinal processing (Atick & Redlich 1990, 1992) and found to 

yield filters with center-surround structure (Figure 2a), whose surround strength depends on the level of 

noise in the system (Figure 2b). The filters display a striking resemblance with recorded receptive fields, 

and the filtering matches psychophysical measurements of human contrast sensitivity under different light 

levels (Atick & Redlich 1992). An alternative, though closely related view of center-surround receptive 

fields comes from the idea of predictive coding (Srinivasan et al. 1982). Here, the surround is viewed as 

using the light-intensity correlations of natural images to predict the illumination in the center, so that the 

ganglion cell encodes only deviations from this prediction and thereby optimally uses its dynamic range.  

The established connection between center-surround receptive fields and the statistics of natural stimuli is 

arguably one of the highlights in the convergence zone of theoretical and experimental neuroscience and 

continues to shape investigations of natural stimulus encoding. Many follow-up studies have confirmed, 

extended, and refined this view, with different model frameworks and optimization strategies (Jun et al. 

2021; Karklin & Simoncelli 2011; Lindsey et al. 2019; Ocko et al. 2018; Roy et al. 2021). The retinal 

mechanisms of redundancy reduction, however, might go beyond center-surround filtering, as nonlinear 

thresholding of filtered signals provided the larger contribution to the decorrelation of salamander retinal 

ganglion cells (Pitkow & Meister 2012).  



   
 

   
 

 

Figure 2. Normative perspective: Retinal features explained through efficient coding of natural scenes. 

(a) Schematic depiction of a center-surround receptive field. (b) Efficient-coding predictions of contrast sensitivity 

curves for different relative noise levels, corresponding to different background light levels (lighter shades denote 

lower noise/brighter light), following the calculations of Atick & Redlich (1992). The stronger bandpass filtering at 

brighter light results from a relatively stronger surround component. (c) Efficient coding can predict two types of 

pathway splitting: ON/OFF, and large/small, as depicted here by schematic receptive fields. (d) Top: Coordination 

of the receptive-field mosaic of a single ganglion cell type, illustrating receptive-field overlap. Bottom: Schematic 

depiction of anti-aligned ON and OFF-ganglion cell receptive-field mosaics, with receptive field overlap reduced for 

clarity. (e) Schematic response curves under steps from low (L) to high (H) mean luminance (left) and under steps 

between low and high contrast of flickering light (right). Different coding strategies predict transient or sustained 

response types for luminance steps and adapting or sensitizing response types for contrast steps, and arrows mark 

the response differences after returning to low contrast. 

 

The principle of efficient coding in the context of natural scenes has also been used to explain the 

emergence of parallel pathways in the retina, such as the splitting of the neuronal population into ON and 

OFF cells (Gjorgjieva et al. 2014; Karklin & Simoncelli 2011) as well as into cells with small and large 

receptive fields (Ocko et al. 2018), matching, for example, the midget and parasol pathways of the 

primate retina (Figure 2c). Furthermore, OFF cells are often smaller and more densely packed than 



   
 

   
 

corresponding types of ON cells, as observed in rat, macaque, and human retinas (Chichilnisky & Kalmar 

2002; Kling et al. 2020; Ravi et al. 2018; Soto et al. 2020), which may reflect the predominance of OFF-

type contrast in natural scenes (Ratliff et al. 2010). Populations of both ON and OFF receptive fields 

tightly tile visual space (Figure 2d, top), with an overlap that is found to be optimal for encoding natural 

images (Borghuis et al. 2008). Additionally, the receptive field midpoints of ON cells tend to show up in 

between those of OFF cells (Figure 2d, bottom), and the anti-alignment of the two mosaics contributes to 

optimal information transmission for natural images (Roy et al. 2021), though the optimality of this anti-

aligned configuration appears to depend on the noise level in the system (Jun et al. 2021). 

Natural stimuli contain correlations not only over space, but also over time, and the often bandpass 

temporal filtering of retinal ganglion cells, analogous to their center-surround receptive fields, can serve 

to reduce temporal redundancy (Dan et al. 1996; Pitkow & Meister 2012). Moreover, the natural visual 

environment is highly dynamic and entails large shifts in mean illumination and contrast (Rieke & Rudd 

2009), for example, when saccades shift the gaze direction between regions of direct illumination and 

shade or between textures and object boundaries. The retina adapts to new light and contrast levels, and 

efficient coding theory can explain some of the observed phenomena of adaptation (Młynarski & 

Hermundstad 2021; Yedutenko et al. 2020). A model-based investigation of the decoding of dynamic 

natural stimuli (Młynarski & Hermundstad 2021) proposes that transient and sustained responses to step 

increases in luminance reflect optimal solutions to different decoding tasks (Figure 2e, left) and also 

captures the dependence of adaptation time scales on stimulus switching periods (Wark et al. 2009). In the 

same fashion, the model also suggests a similar task-specific optimality of cells that display either 

increased or decreased sensitivity after a switch to lower-contrast stimulation (Figure 2e, right), known as 

sensitization and adaptation, respectively (Appleby & Manookin 2019; Kastner & Baccus 2011). 

Including not only luminance information but also chromatic statistics of natural images furthermore 

allows the derivation of color-opponent receptive fields (Atick et al. 1992; Doi et al. 2003), as observed in 

the midget pathway of the primate retina. For the mouse retina, on the other hand, it has been argued that 

chromatic encoding may require considerations beyond an efficient coding framework (Abballe & Asari 

2021). The two cone types of the mouse retina, S-cones and M-cones, which are most sensitive to UV and 

green light, respectively, are inhomogeneously distributed across the retina, with S-cones dominating the 

ventral and M-cones the dorsal retina (Applebury et al. 2000; Szél et al. 1992). Though originally thought 

to be an adaptation to the prevalence of UV light coming from the sky and green light from the ground 

(Gouras & Ekesten 2004), it seems that the nonlinear responses of S-cones and their larger gain compared 

to M-cones make this configuration a near optimal detector for the natural distribution of achromatic 

contrast (Baden et al. 2013). Additionally, the spectral statistics of UV and green in a mouse’s upper 

visual field (Qiu et al. 2021) may explain why green-UV color opponency is more pronounced in the 

ventral retina (Szatko et al. 2020). Similar task- and environment-specific adaptations of photoreceptor 

distributions and signals have been found for the zebrafish retina where UV-sensitive cones in a fovea-

like spot on the retina support prey detection (Yoshimatsu et al. 2020) and signals from red- and green-

sensitive cones already separate the chromatic content of natural daylight into achromatic and spectrally 

opponent components (Yoshimatsu et al. 2021).  

Despite their undeniable successes, normative approaches often resemble post hoc explanations, deriving 

known features of the retinal circuitry under plausible, yet particular assumptions, such as the modeling 

framework, the objective function, and the metabolic cost or channel capacity (Sterling & Laughlin 

2015). It is not always clear to what degree the derived optimal features remain robust to alterations in 



   
 

   
 

these assumptions. The level of assumed noise, for example, can lead to fundamentally different optimal 

retinal architectures (Jun et al. 2021). Some experimental evidence may also question the redundancy 

reduction assumption of efficient coding, as retinal responses retain considerable redundancy under 

natural stimuli (Pitkow & Meister 2012; Puchalla et al. 2005). 

CODING PERSPECTIVE 

Studying the retina under the normative perspective typically starts with specific assumptions about what 

visual information is encoded, such as the spatial distribution of light levels across a scene, as well as 

about how this information is represented, e.g., by the firing rates of individual ganglion cells. Yet, what 

visual features retinal ganglion cells encode is also an empirical question, which needs to be viewed in the 

context of natural stimuli, giving rise to the coding perspective. 

Before we dive into the topic of how the neural code of the retina is experimentally studied with natural 

scenes, let us note that the concept of a neural code (or relatedly of neural representation of sensory 

information) is riddled with difficulties of what it means to encode or represent certain information. For 

the neural activity X to encode or represent some visual feature Y, should we just expect X to correlate 

with Y? Or to somehow allow the (nonlinear) extraction of information about Y? Or to be causally related 

to behavioral responses to Y? Here, however, we put these important considerations aside and loosely 

speak of encoding when relevant information about Y is “readily available” and could “easily” (e.g., 

linearly) be read out from X by downstream circuitry, in line with the typical and practical use of 

“encoding” in the retina literature. In any case, we need to ask whether the encoding of a specific visual 

feature depends on the context of visual stimuli and whether findings obtained under simplified artificial 

stimuli need to be revised when considering natural scenes. 

Direction-selective retinal ganglion cells, for example, are considered to encode the direction of visual 

motion because the cells respond strongly to spots of light or visual gratings that move in a particular 

direction (the preferred direction), but not for motion in the opposite (null-) direction (Barlow & Hill 

1963). So a cell’s activity apparently encodes motion direction, as the motion component along the 

preferred/null-axis can be fairly well determined from the evoked activity – at least in the context of the 

moving spots or gratings (Figure 3a). Natural stimuli, on the other hand, display much more complex 

combinations of spatial contrast and motion and may also activate direction-selective ganglion cells 

through light intensity changes that occur independently of motion or even through motion in the null-

direction. This problem is partly mitigated by inhibition from the receptive field surround, which reduces 

light-intensity-related activity under natural stimulation (Im & Fried 2016). Nonetheless, despite the clear 

response properties of a direction-selective ganglion cell under simple motion stimuli, its encoding under 

natural scenes can be ambiguous. The relative activity of multiple direction-selective ganglion cells, 

however, can still robustly and unambiguously encode motion direction (Figure 3b; Kühn & Gollisch 

2019). This suggests that a population code may help extract complex information from natural scenes, 

such as translatory and rotatory self-motion (Sabbah et al. 2017). 



   
 

   
 

 

Figure 3. Coding perspective: The retina’s messages about natural stimuli. (a) Comparing direction selectivity 

under drifting gratings (left) and textures moving similarly to fixational eye movements (right). The preferred 

direction under texture motion is obtained from the spike-triggered average of the motion steps in x and y direction 

(bottom right; data from a salamander direction-selective cell) and matches the preferred direction under drifting 

gratings for the sample cell (bottom left). (b) Ambiguity of direction encoding by single cells and resolution by a 

population code. Single direction-selective cells (blue) show elevated activity for motion along the preferred 

(positive stimulus projection) as well as the null direction (negative stimulus projection). The response difference 

(orange), on the other hand, depends monotonically on motion direction. Panels a-b adapted from Kühn & Gollisch 

(2019), licensed under CC BY 4.0. (c) Reconstruction of a natural image (top left) from responses of populations of 

ON and OFF parasol ganglion cells (top center and right; ellipses are receptive fields and saturation of color 

indicates elicited activity). Bottom row shows (left to right) reconstructions using both populations, using only ON, 

and using only OFF cells. (d) Optimal spatial reconstruction filters for a parasol ganglion cell taken in isolation (top) 

and from a joint decoding by a complete population (bottom). Panels c-d adapted from Brackbill et al. (2020), 

licensed under CC BY 4.0.  

 

Even the simple notion that a ganglion cell encodes spatial contrast within its receptive field is worth 

scrutinizing, as the spatial correlations of natural stimuli lead to correlations of a cell’s activity with light 

levels far outside the receptive field. Here, again, considering populations of neurons help clarify the 

matter, as reconstructions of natural images from spike counts of entire populations of primate ON and 

OFF parasol cells (Figure 3c,d) works best when the contributions of individual cells actually reflects the 

cells’ center-surround receptive field structure (Brackbill et al. 2020). Interestingly, decoding finer spatial 

details of natural images is possible by going beyond a linear decoder that considers individual filter-like 

contributions from each cell and incorporating nonlinear decoding techniques (Kim et al. 2021; 

Parthasarathy et al. 2017), suggesting that the temporal structure of ganglion cell spike patterns contains 



   
 

   
 

information about natural images beyond what is available through the cells’ trial-averaged firing rates 

(Kim et al. 2021). 

An aspect of natural stimuli that may be particularly suited to reveal new aspects of stimulus encoding is 

the frequent occurrence of rapid shifts in gaze direction, either through saccadic eye movements or 

movements of the head or body (Land 2015). The rapid succession of fixated images, interspersed by fast, 

global motion signals might trigger modes of signal processing that remain untapped during artificial 

stimuli such as white noise or temporally isolated flashes. Indeed, simulated saccades can provoke strong 

ganglion cell activity or suppress it (Amthor et al. 2005; Idrees et al. 2020; Noda & Adey 1974; Roska & 

Werblin 2003). Yet, which aspects of the combination of pre- and post-saccadic image are encoded by 

ganglion cell activity across a saccade remains an open question for most ganglion cell types and is 

difficult to predict from response properties derived with isolated image presentations. For example, 

specific cells in the mouse retina displayed an unexpected sensitivity to recurring images across saccades 

(Krishnamoorthy et al. 2017). 

Another important context for the encoding of a visual stimulus is given by the background on which it is 

presented. Different natural scenes provide different background, and a recent study found that the spatial 

sensitivity profile of salamander and mouse ganglion cells indeed depends on the background image 

(Goldin et al. 2021). ON-OFF ganglion cells may even invert their relative sensitivity to positive and 

negative contrast depending on the context-defining image. This context dependence of the preference for 

brightening or darkening can be viewed as an encoding of absolute contrast relative to the background 

image (Goldin et al. 2021). 

Apart from asking what visual features are encoded by specific retinal ganglion cells, natural stimuli have 

also been used to study the structure of ganglion cell population activity in near-natural conditions. A 

particular focus has been to assess the prevalence and importance of correlated firing within ganglion cell 

populations (Nirenberg et al. 2001) and the statistical structure of multi-neuronal activity patterns 

(Ganmor et al. 2015; Schneidman et al. 2006). Relating multi-neuronal activity patterns to specific 

aspects of natural stimuli, however, has remained an open question, though certain stimulus features, 

which are part of natural viewing, may trigger synchronous activity, such as fixational eye movements 

(Greschner et al. 2002; Masquelier et al. 2016) and motion reversal (Schwartz et al. 2007).  



   
 

   
 

CIRCUIT PERSPECTIVE  

While the normative and coding perspectives aim at answering why the retina is designed the way it is and 

what is actually encoded by different patterns of ganglion cell activity, we also strive to understand how 

the retina actually implements the signal processing that underlies its coding schemes. Which elements of 

the neural circuitry are involved in a given encoding, which connections, which cellular properties and 

synaptic dynamics? These questions address the retina from a circuit perspective and have traditionally 

been targeted with simple, custom-made stimuli, aimed at isolating a particular phenomenon of interest. 

For example, flashed or flickering light spots can be used to investigate response kinetics, surround 

inhibition, as well as light and contrast adaptation. Focusing on these simple stimuli, however, leaves 

open two important questions: 1) Do the identified mechanisms act in the same way under natural stimuli, 

when stimulus statistics are different and when different types of mechanisms act simultaneously? 2) Do 

we miss specific mechanisms because they are not triggered under the commonly used artificial stimuli? 

To cope with the complexity of naturalistic stimulation and still relate elicited responses to specific circuit 

features, the circuit perspective heavily relies on computational modeling and inference about the 

circuitry through parameter fitting. Typically, this involves cascade-type models, composed of 

mathematical primitives, such as filters, nonlinear transformations, and additive or multiplicative 

feedforward and feedback interactions. These components have been used to encapsulate various 

concepts from retinal physiology, such as the spatial receptive field (Brown et al. 2000; Chichilnisky 

2001), adaptation to luminance and contrast (Jarsky et al. 2011; Ozuysal & Baccus 2012), spike 

generation (Weber & Pillow 2017), specific inhibitory interactions (Baccus et al. 2008; Geffen et al. 

2007; Roska & Werblin 2003), or neuronal couplings (Meytlis et al. 2012; Pillow et al. 2008), and serve 

as an expedient tool to bridge artificial and natural stimulus scenarios. The models reside in a sweet spot 

of computational simplicity for fitting to experimental data combined with sufficient complexity to allow 

for biological interpretations. Enlarging this sweet spot through computational and experimental advances 

remains a hot and important topic for studying retinal function. 

Spatial integration 

A retinal mechanism that has recently received much attention because of its importance for the 

sensitivity to spatial contrast under natural stimuli is the pooling of bipolar cell inputs by ganglion cells. 

Simple models, such as the LN model, often consider the spatial integration over the excitatory bipolar 

cell inputs in the receptive field center to be linear, as reflected by the linear spatial filtering that forms the 

first model stage. Yet, many ganglion cells throughout various retinal model systems display nonlinear 

spatial integration under contrast-reversing spatial gratings (Bölinger & Gollisch 2012; Carcieri et al. 

2003; Demb et al. 1999; Enroth-Cugell & Robson 1966; Petrusca et al. 2007), the stimulus that is 

classically used to investigate spatial stimulus integration (Figure 4a). 

The lack of nonlinear spatial integration in common filter-based models has been hypothesized to 

contribute to the often unsatisfactory performance of these models under natural stimuli (Gollisch 2013; 

Heitman et al. 2016; Schwartz & Rieke 2011). It is not per se clear, however, that nonlinear signal 

transmission from bipolar to ganglion cells is actually relevant under natural stimuli. First, the gratings 

typically applied to identify these nonlinearities have high contrast and lack concomitant low spatial 

frequencies, thus making ganglion cell responses sensitive to even tiny nonlinear contributions. Second, 

due to the spatial correlations of natural images, the receptive field center may only rarely be filled with 



   
 

   
 

patches of high spatial contrast, for which the nonlinearities matter most. And third, the typically periodic 

presentation of reversing gratings might drive adaptive mechanisms into a non-natural regime. 

To test for the relevance of nonlinearities, several studies compare model predictions to ganglion cell 

responses under natural stimuli. Depending on cell type, accurate as well as inaccurate response 

predictions are observed (Cao et al. 2011; Heitman et al. 2016; Karamanlis & Gollisch 2021; Liu et al. 

2017; Nirenberg & Pandarinath 2012; Turner & Rieke 2016). Additionally, subunit models with rectified 

input nonlinearities, representing the nonlinear signal transmission of bipolar cells as seen under artificial 

stimuli (Borghuis et al. 2013; Demb et al. 2001), can improve the prediction accuracy for many cells, 

highlighting the importance of nonlinear spatial integration also under natural stimuli (Liu et al. 2017; 

Shah et al. 2020; Turner & Rieke 2016). The cell-type specificity of nonlinear spatial integration under 

natural stimuli was also demonstrated by comparing ganglion cell responses under natural images and 

under homogenous spots of the same mean luminance (Turner & Rieke 2016) and by comparing 

responses under luminance-matched pairs of natural images (Karamanlis & Gollisch 2021; Liu & 

Gollisch 2021). Turner & Rieke (2016), for example, observed that OFF parasol cells were sensitive to 

spatial structure under natural stimuli, and their nonlinear spatial integration stems directly from their 

rectified excitatory inputs. ON parasol cells, on the other hand, were found to integrate inputs linearly 

under natural stimuli, despite their nonlinear spatial integration under reversing gratings (Figure 4b). This 

finding exemplifies that – at least for some cell types – insights from artificial stimuli may not easily 

generalize to natural stimuli. 

Nonlinearities upstream of the bipolar-to-ganglion cell synapse may also contribute to natural scene 

encoding. Bipolar cell membrane potentials in the salamander retina show nonlinear contrast encoding 

and even nonlinear integration of photoreceptor signals under both artificial and natural stimuli (Schreyer 

& Gollisch 2021). And photoreceptors themselves can display pronounced nonlinear contrast encoding, 

especially when challenged with the broad range of light levels occurring in natural stimuli (Endeman & 

Kamermans 2010; Howlett et al. 2017), which effectively drives the phototransduction mechanism into its 

nonlinear regime (Clark et al. 2013; van Hateren 2005) and triggers adaptation mechanisms that 

contribute to photoreceptor nonlinearities (Angueyra et al. 2021; Howlett et al. 2017). In the mouse retina, 

nonlinear encoding of contrast in photoreceptors is particularly pronounced in S-cones, which may be a 

specific adaptation to the naturally occurring distribution of contrasts in the upper visual field (Baden et 

al. 2013). For the retinal encoding of natural scenes, the observed photoreceptor and bipolar cell 

nonlinearities may lead to sensitivity to spatial structure even below the scale of bipolar cell receptive 

fields. 



   
 

   
 

Figure 4. Circuit perspective: Neural circuitry involved in processing natural stimuli. (a) Responses of X and 

Y mouse retinal ganglion cells to reversing gratings (left) and corresponding circuit models (right) with linear and 

rectified transmission, respectively, from bipolar cells (B) to the ganglion cell (G). Adapted from Karamanlis & 

Gollisch (2021), licensed under CC BY 4.0. (b) Left: Responses of macaque ON and OFF parasol cells to reversing 

grating, showing frequency doubling indicative of nonlinear integration. Right: Responses to natural images and to 

homogenous spots of the same mean luminance (linear equivalent), indicating nonlinear spatial integration for OFF, 

but not ON cells. Adapted from Turner & Rieke (2016), Copyright (2016), with permission from Elsevier. 

(c) Responses of a mouse ganglion cell sensitive to image recurrence under saccade-like shifts of natural images. 

Left: Image with receptive field outlines for four fixation positions. Right: The cell’s firing rate profiles for all 

transitions. The starting and target positions are the fixation positions before and the after the shift. The shaded 

regions mark the transition. For equal starting and target position, the image shifted to the central position and then 

returned. Red arrows mark firing rate peaks under recurring image position. (d) Circuit mechanism explaining 

image-recurrence sensitivity. The ganglion cell receives excitation from OFF bipolar cells and inhibition from ON 

amacrine cells. The ON amacrine cells are themselves inhibited by OFF amacrine cells, leading to disinhibition of 

the ganglion cell. Panels c-d adapted from Krishnamoorthy et al. (2017), licensed under CC BY 4.0. 

 

Adaptation 

The wide ranges of luminance and contrast levels encountered in natural scenes (Frazor & Geisler 2006) 

challenge the retina to continuously adjust its limited dynamic range (Rieke & Rudd 2009). Adaptation to 

mean luminance is thought to arise primarily from calcium-dependent feedback in the phototransduction 



   
 

   
 

process (Matthews et al. 1988; Nakatani & Yau 1988) and is classically studied by presenting probe 

flashes on a steady illumination background. Contrast adaptation, on the other hand, is thought to first 

occur in bipolar cells or in the transmitter release at their synaptic terminals (Baccus & Meister 2002; 

Manookin & Demb 2006) and is often investigated under noise-like flicker of light intensity with sudden 

changes in variance. The distinct sites of luminance and contrast adaptation appear to fit the idea that the 

two should occur independently, as luminance and contrast levels in natural scenes were also found to be 

independent of each other (Mante et al. 2005). Yet, some components of luminance adaptation appear to 

arise downstream of photoreceptors at the bipolar cell output (Dunn et al. 2007; Jarsky et al. 2011), 

creating a mechanistic overlap of the two adaptation processes. Furthermore, under stimulation with the 

wide range and skewed distribution of natural light intensities (Endeman & Kamermans 2010; van 

Hateren et al. 2002), a contrast-adaptation-like mechanism can also be observed in goldfish 

photoreceptors, triggered by voltage-dependent hyperpolarization-activated ion channels (Howlett et al. 

2017). In primate photoreceptors, using naturalistic light intensity sequences with saccade-fixation 

dynamics, Angueyra et al. (2021) observed adaptation components fast enough to adjust responses during 

fixation periods of few hundred milliseconds. This rapid adaptation has also important consequences for 

the balance of excitatory and inhibitory inputs to ganglion cells under natural stimuli (Yu et al. 2021), 

which appears to contribute to the discrepancy in spatial stimulus integration between natural stimuli and 

contrast-reversing gratings in ON parasol cells discussed above (Turner & Rieke 2016). 

Inhibition  

The perhaps least understood and most mysterious aspect of the retinal circuitry is the multitude and 

diversity of inhibitory interneurons, especially the more than 60 types of amacrine cells (Yan et al. 2020), 

which provide inhibition to ganglion cells, to bipolar cells, and to each other. These interactions likely 

play particular roles for natural scene encoding, which may therefore hold a key to solving the mystery of 

retinal inhibition. Inhibitory pathways are important, for example, in the context of gaze shifts, which 

provide global, coherent stimulation to the entire retina. Indeed, global saccade-like shifts of natural 

scenes activate retinal inhibition (Roska & Werblin 2003; Sivyer et al. 2019), which may contribute to 

saccadic suppression of visual perception. Furthermore, inhibition triggered by saccade-like shifts may 

not only suppress responses, but also shape post-saccadic activity through disinhibitory interactions 

(Geffen et al. 2007; Krishnamoorthy et al. 2017). For certain cells in the mouse retina (Krishnamoorthy et 

al. 2017), such disinhibition through serial connections of glycinergic and GABAergic amacrine cells 

leads to a particular sensitivity for the recurrence of spatial patterns across a saccade (Figure 4c,d), which 

may be relevant for correcting fixational drift through microsaccades. 

Other inhibitory circuit features were identified via motion stimuli derived from natural scenarios, though 

the actual stimuli were simplified and schematized. The so-called object-motion-sensitive ganglion cells, 

for example, may help detect moving objects in the presence of eye-movement-induced background 

motion, owing to their specific sensitivity to relative motion (Ölveczky et al. 2003), whereas global 

motion signals are suppressed by inhibitory signals from polyaxonal amacrine cells in the surround 

(Baccus et al. 2008). Similarly, looming-sensitive ganglion cells in mouse were found to strongly respond 

to approaching, but not lateral motion (Münch et al. 2009). This stimulus selectivity has given rise to a 

circuit model with local cross-over inhibition, potentially from AII amacrine cells (Münch et al. 2009), 

but looming-sensitive excitatory input from glutamate-releasing amacrine cells has also been implicated 

as a circuit mechanism (Kim et al. 2020). Targeted ablation of these amacrine cell specifically diminishes 



   
 

   
 

the defensive response of mice to overhead looming (Kim et al. 2020), thus suggesting a direct role of 

amacrine cell processing in visual behavior. 

Activation of the receptive field surround is typically thought to provide response suppression. Yet, 

Turner et al. (2018) showed that the surround can also modulate the spatial integration properties of the 

receptive field center under natural stimuli. This is caused by a shift from nonlinear to more linear 

transmitter release at the bipolar cell synapse when surround signals depolarize the bipolar cell. To 

account for such surround effects that occur before input integration in the ganglion cell, circuit models 

with subunits that have their own antagonistic surrounds could help improve predictions of ganglion cell 

responses to natural stimuli (Enroth-Cugell & Freeman 1987; Turner et al. 2018). 

Towards a complete model – Lego versus Michelangelo 

Being able to predict ganglion cell responses to any natural stimulus by a model that represents the 

retina’s neural circuitry and properties of its elements would be an ultimate goal of the circuit perspective. 

Achieving this goal will require an elaborate model containing the components discussed here and 

potentially more: integration over multiple bipolar cells, adaptation to light and contrast at the local and 

global scale, and inhibitory interactions that suppress or gate different information channels. Which road 

should we pursue towards such a complete model? Can we investigate the individual building blocks in 

isolation by custom-made stimuli and put them together like a set of Lego bricks? The potential of such 

an approach for predicting responses to natural stimuli has yet to be tested. An obvious challenge, 

however, comes from potential interactions between these building blocks. If, for example, the 

nonlinearity of spatial integration in the receptive field center depends on mean luminance (Grimes et al. 

2014) or on activation of the surround (Turner et al. 2018) or if adaptation depends on the organization of 

a receptive field into subunits (Brown & Masland 2001; Garvert & Gollisch 2013; Khani & Gollisch 

2017), studying these building blocks in unison is called for. 

As an alternative, one may hope to set up a modeling framework that contains all the potential 

components and interactions and then extract the relevant elements and their parameters en bloc, like 

Michelangelo uncovering his David hidden in a single slab of marble. However, the challenge of 

optimizing the many parameters of such an intricate, nonlinear model seems daunting. While complex fits 

of cascade models designed to match retinal circuits are feasible (Maheswaranathan et al. 2018a; Real et 

al. 2017), they have yet to be attempted under natural stimuli. More abstract models in the style of 

artificial neural networks, on the other hand, have already been used to capture ganglion cell responses to 

natural scenes (Goldin et al. 2021; Maheswaranathan et al. 2018b; McIntosh et al. 2016). As an approach 

for studying retinal mechanisms in the context of natural stimuli, artificial neural networks may include 

circuit motifs that represent actual retinal elements (Turner et al. 2019), and it is possible to extract such 

motifs from networks trained on retinal responses to natural scenes (Tanaka et al. 2019). 

  



   
 

   
 

CONCLUDING REMARKS 

The topic of retinal encoding of natural scenes comprises many facets, including the questions why retinal 

signal processing is structured the way it is, what aspects of natural scenes are encoded by different retinal 

information channels, and how the retinal circuitry extracts and processes this information. Early insights 

about the relationship between ganglion cell receptive fields and natural scene statistics (Atick & Redlich 

1992) still relied on findings from the retina made with simple, artificial stimuli. As technical limitations 

are overcome, probing the retina with actual naturalistic stimuli has turned from possible to routine over 

recent years. These experimental measurements are needed to sample the circuit in regimes that may have 

previously been unexplored and to test whether concepts derived under artificial stimulation still hold for 

naturalistic settings.  

Analyzing retinal responses under natural stimuli will continue to heavily rely on computational models 

to cope with the complexity of the stimulus-response relationship. It will be necessary to explore model 

structures that can encompass the growing knowledge about relevant circuit mechanisms and remain 

computational tractable. Incorporating nonlinear input from bipolar cells, for example, is typically 

approached with subunit models, but may need to be extended to incorporate input from different types of 

bipolar cells, adaptive properties of bipolar cells, or surround and substructure of bipolar cell receptive 

fields. The inhibitory surround may require its own subunits (Takeshita & Gollisch 2014) and be 

supplemented with inhibitory effects beyond the classical receptive field surround, acting on large spatial 

scales (Baccus et al. 2008; Jadzinsky & Baccus 2015; Manookin et al. 2015) or locally shaping signal 

transmission in the receptive field center (Szatko et al. 2020). And considering chromatic image content 

brings in an additional stimulus dimensions with its own intricate interactions (Joesch & Meister 2016; 

Khani & Gollisch 2021; Szatko et al. 2020). The appropriate model structure is not only important for 

parameter fitting under the coding or circuit perspective, but also for defining the space of potential 

operations in which to search for optimal designs under the normative perspective. For example, rather 

than a single nonlinearity, normative approaches may profit by modeling retinal nonlinearities at multiple 

stages, which have been shown to display an information-boosting effect (Gutierrez et al. 2021). 

Besides shaping the modeling framework, attention should be given to selecting the set of natural stimuli 

to be used in the investigations. For focusing on the encoding of spatial structure, flashing photographed 

images is often the approach of choice, and databases of calibrated and versatile natural images are 

readily available (Olmos & Kingdom 2004; Tkačik et al. 2011; van Hateren & van der Schaaf 1998). But 

flashed photographs, of course, lack natural temporal dynamics. Instead, movies of natural scenes can be 

used. Their temporal dynamics may, for example, be governed by the camera or environmental movement 

(Betsch et al. 2004; Salisbury & Palmer 2016) or emulate self-motion trajectories from saccades and 

fixational eye movements (Heitman et al. 2016; Roska & Werblin 2003; Segal et al. 2015; Turner & 

Rieke 2016). 

Paying justice to all dynamics is a tremendous challenge, however, and it is unlikely that a one-size-fits-

all natural stimulus exists. It seems likely that some retinal neurons, ganglion cells as well as amacrine 

cells, are triggered best by rare, but important visual features, which may not be frequent enough to 

substantially impact responses under generic natural scenarios. In the original characterization of the W3 

ganglion cell in the mouse, for example, a striking feature was the cell’s lack of spiking to what could be 

considered a generic natural stimulus, and the cell only revealed its functional characteristics when 

probed with specifically chosen isolated motion objects (Zhang et al. 2012). Other neurons may require 



   
 

   
 

certain types of saccade-like shifts (Krishnamoorthy et al. 2017), combinations of object motion and 

fixational eye movements (Ölveczky et al. 2003), or small moving objects (Jacoby & Schwartz 2017) to 

reveal their full processing potential. Thus, a useful set of natural stimuli should strive to not only match 

the overall statistics of natural scenes, but also cover specific features and feature combinations that could 

be of particular importance. 

Insight about the importance of visual stimulus features and the structure of natural visual stimuli in 

behaviorally important circumstances is now increasingly generated by studies of naturalistic behavior 

and concomitant sensory processing (Holmgren et al. 2021; Kim et al. 2020; Wallace et al. 2013). 

Fortunately, sharing data from such behavioral experiments, such as eye-movement traces appears to be 

common practice among vision science labs. An even greater benefit might be obtained if the use of 

natural stimuli could be more standardized by jointly casting available insight about natural scenes and 

visual behavior into a unified set of natural stimuli, covering different aspects of visual dynamics and 

visual tasks. This would allow different labs to probe different parts of the retinal circuitry – and perhaps 

also other visual areas of the brain – with the same natural stimuli for easier comparability and 

generalizability. This could be analogous to the versatile “chirp stimulus” (Baden et al. 2016), which is 

emerging as a standard artificial stimulus to characterize temporal response properties of visual neurons. 

Let us finally also note that natural stimuli will not replace the application of custom-made simple, 

artificial stimuli. These still hold tremendous potential when teasing out specific aspects of signal 

processing while minimizing confounding effects from other dynamics in the system (Rust & Movshon 

2005). Studying signal processing under constant mean light intensity or contrast, for example, has been a 

standard to minimize adaptation effects. In particular, hybrid stimuli that retain some aspects of natural 

stimuli while simplifying others have turned out very useful for identifying candidate retinal functions 

and related mechanisms. Examples also discussed in this text include natural time courses of light 

intensity and chromatic components with no spatial structure (Angueyra et al. 2021; Endeman & 

Kamermans 2010; Howlett et al. 2017; van Hateren et al. 2002), static presentations of natural 

photographic images (Brackbill et al. 2020; Cao et al. 2011; Karamanlis & Gollisch 2021; Turner & 

Rieke 2016; Turner et al. 2018), and eye-movement dynamics with simplified spatial patterns (Idrees et 

al. 2020; Krishnamoorthy et al. 2017; Kühn & Gollisch 2019; Ölveczky et al. 2003). Finding a good 

balance of naturalistic stimulus patterns and artificial simplifications and subsequently identifying the 

right natural stimuli for testing whether the hybrid-stimulus results generalize to truly natural scenarios 

will be among the critical steps towards a comprehensive understanding of retinal encoding of natural 

scenes.   



   
 

   
 

SUMMARY POINTS 

1. Investigating retinal processing with natural stimuli is becoming more commonplace to test 

findings from artificial stimulation and to search for new functional properties specific to certain 

natural scenarios. 

2. Computational models of the retinal circuit provide important tools for handling the complexity 

of natural stimuli when studying retinal stimulus encoding. 

3. Retinal encoding of natural scenes can be viewed from the normative perspective, asking why 

retinal features are the way they are, the coding perspective, asking what is encoded by activity 

patterns of different retinal ganglion cells, and the circuit perspective, asking how retinal 

processing shapes responses under natural scenes. 

4. The normative perspective combines a traditional focus on explaining receptive field structure 

and new successes regarding cell-type diversity, adaptation, and arrangement of retinal mosaics. 

5. Under the coding perspective, natural and hybrid stimuli are used to study the messages contained 

in the spiking output of the retina. Here, population codes may help establish robustness of 

coding concepts derived from simple stimuli against the additional variability and complexity 

under natural stimuli. 

6. The circuit perspective focuses on investigating the mechanisms that shape retinal responses 

under natural scenes, re-evaluating the role of known circuit features and providing opportunities 

to discover new mechanisms, triggered by specific components of natural stimuli. 

FUTURE ISSUES 

1. How does the efficient coding hypothesis relate to complex signal processing beyond the single-

filter models, including, for example, nonlinear integration, adaptation, or inhibition? 

2. How can we probe and refine our understanding of the retina’s neural code with natural stimuli? 

How do findings derived with artificial stimuli about the encoding of specific visual features, like 

object motion or looming, generalize to natural scenes? 

3. How can we study inhibitory interactions with natural stimuli? How can we incorporate inhibition 

beyond surround suppression into computational models? 

4. How can we combine different computational models of specific operations (adaptation, 

nonlinear signal pooling, inhibitory interactions) into a single, holistic model for processing of 

natural stimuli? 

5. Is it feasible to set up and fit a holistic model of retinal processing to responses under natural 

scenes and retain biological interpretability? 

6. Which natural or hybrid stimuli could serve as a standard stimulus set to probe diverse retinal 

functions and circuit operations in order to boost generalizability and comparability across 

laboratories and investigated cell types?  
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Nonlinear Spatial Integration Underlies the Diversity of
Retinal Ganglion Cell Responses to Natural Images

Dimokratis Karamanlis1,2,3 and Tim Gollisch1,2
1Department of Ophthalmology, University Medical Center Göttingen, Göttingen, 37073, Germany, 2Bernstein Center for Computational
Neuroscience Göttingen, Göttingen, 37073, Germany, and 3International Max Planck Research School for Neurosciences, Göttingen, 37077, Germany

How neurons encode natural stimuli is a fundamental question for sensory neuroscience. In the early visual system, standard
encoding models assume that neurons linearly filter incoming stimuli through their receptive fields, but artificial stimuli,
such as contrast-reversing gratings, often reveal nonlinear spatial processing. We investigated to what extent such nonlinear
processing is relevant for the encoding of natural images in retinal ganglion cells in mice of either sex. We found that stand-
ard linear receptive field models yielded good predictions of responses to flashed natural images for a subset of cells but
failed to capture the spiking activity for many others. Cells with poor model performance displayed pronounced sensitivity to
fine spatial contrast and local signal rectification as the dominant nonlinearity. By contrast, sensitivity to high-frequency con-
trast-reversing gratings, a classical test for nonlinear spatial integration, was not a good predictor of model performance and
thus did not capture the variability of nonlinear spatial integration under natural images. In addition, we also observed a
class of nonlinear ganglion cells with inverse tuning for spatial contrast, responding more strongly to spatially homogeneous
than to spatially structured stimuli. These findings highlight the diversity of receptive field nonlinearities as a crucial compo-
nent for understanding early sensory encoding in the context of natural stimuli.

Key words: natural visual stimuli; nonlinear spatial integration; receptive field; retinal ganglion cell

Significance Statement

Experiments with artificial visual stimuli have revealed that many types of retinal ganglion cells pool spatial input signals non-
linearly. However, it is still unclear how relevant this nonlinear spatial integration is when the input signals are natural
images. Here we analyze retinal responses to natural scenes in large populations of mouse ganglion cells. We show that non-
linear spatial integration strongly influences responses to natural images for some ganglion cells, but not for others. Cells
with nonlinear spatial integration were sensitive to spatial structure inside their receptive fields, and a small group of cells dis-
played a surprising sensitivity to spatially homogeneous stimuli. Traditional analyses with contrast-reversing gratings did not
predict this variability of nonlinear spatial integration under natural images.

Introduction
The natural visual world is communicated to the brain
through an array of functionally distinct parallel channels
that originate in the retina (Roska and Meister, 2014; Baden

et al., 2016). A classical view of retinal function advocates
that the retinal output channels, represented by types of reti-
nal ganglion cells (RGCs), serve as linear filters for natural
visual inputs (Atick and Redlich, 1990; Shapley, 2009).
Recordings under artificial visual stimuli, such as contrast-
reversing gratings (Enroth-Cugell and Robson, 1966; Demb
et al., 1999; Petrusca et al., 2007; Krieger et al., 2017) or finely
structured white noise (Freeman et al., 2015; Liu et al., 2017),
however, have shown that several ganglion cell types have
spatially nonlinear receptive fields (RFs). The nonlinearities
arise in the RF center from the nonlinear integration of exci-
tatory signals, which originate from presynaptic bipolar cells
(Demb et al., 2001; Borghuis et al., 2013; Turner and Rieke,
2016). Furthermore, nonlinear RFs are proposed in circuit
models of retinal computations that are thought to occur
during natural vision (Gollisch and Meister, 2010), such as
the distinction of object from background motion (Ölveczky
et al., 2003; Baccus et al., 2008; Zhang et al., 2012).
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Together, these findings raise the question to what extent
nonlinear RFs of different ganglion cell types play a role in natu-
ral vision. On the one hand, the spatial structure of natural stim-
uli is not as pronounced and rich in high spatial frequencies as in
typical artificial stimuli used to detect nonlinear RFs because the
light intensities of nearby regions in natural images are corre-
lated (Burton and Moorhead, 1987). This leads to extensive areas
of nearly homogeneous illumination, for which RF nonlinearities
may play no role. On the other hand, object boundaries can
induce pronounced changes of stimulus intensity over short dis-
tances (Turiel and Parga, 2000), and textures or illumination gra-
dients may provide further structure within individual RFs.
Despite the importance of evaluating stimulus encoding models
under natural stimuli (Carandini et al., 2005; Felsen and Dan,
2005), only few studies have focused on whether the linear RF
provides a good abstraction of RGCs for stimuli with natural spa-
tial structure, and reported findings are mixed. Some studies sup-
port that linear RFs suffice to describe natural stimulus encoding
in mouse and primate retina (Nirenberg and Pandarinath, 2012;
Bomash et al., 2013), whereas others indicate that linear RFs may
fail to predict natural scene responses in mammalian (Cao et al.,
2011; Freeman et al., 2015; Heitman et al., 2016; Turner and
Rieke, 2016; Shah et al., 2020) and salamander retinas (Liu et al.,
2017; McIntosh et al., 2017).

In this work, we establish a connection of spatial RF nonli-
nearities to the encoding of natural images in RGCs. We do so in
the mouse retina, in which spatial integration, as measured with
artificial stimuli, appears to display a broad scope (Carcieri et al.,
2003), with spatially linear (Krieger et al., 2017; Johnson et al.,
2018) as well as strongly nonlinear cells (Zhang et al., 2012;
Jacoby and Schwartz, 2017; Mani and Schwartz, 2017). We first
show that linear RF models successfully predict responses to nat-
ural images for some ganglion cells and substantially fail for
others. We then connect model failure to the characteristics of
spatial nonlinearities in the RF center and analyze these under
different stimulus layouts and for specific functional cell types.

Materials and Methods
Experimental design and statistical analysis. We used 13 retina

pieces from 9 adult WTmice of either sex (6 C57BL/6J and 3 C57BL/6N;
7 male and 2 female), mostly between 8 and 12weeks old (except for one
18- and one 26-week-old). All mice were housed in a 12 h light/dark
cycle. Experimental procedures were in accordance with national and
institutional guidelines and approved by the institutional animal care
committee of the University Medical Center Göttingen, Germany. No
statistical methods were used to predetermine sample size. Statistical
tests and associated information (e.g., p values) are noted where appro-
priate in the text. For all statistical procedures, we used default
MATLAB2019b functions.

Tissue preparation and electrophysiology. Mice were dark-adapted
for at least 1 h before eye enucleation. After the animal had been killed,
both eyes were removed and immersed in oxygenated (95% O2-5% CO2)
Ames’ medium (Sigma Millipore), supplemented with 22 mM NaHCO3

(Merck Millipore) and 6 mM D-glucose (Carl Roth). We cut the globes
along the ora serrata, removing the cornea, lens, and vitreous humor. In
some experiments, the resulting eyecups were cut in half to allow two
separate recordings. Before the start of each recording, we isolated retina
pieces from the eyecups. We placed the pieces ganglion cell-side-down
on planar multielectrode arrays (Multichannel Systems; 252 electrodes;
30mm diameter, either 100 or 200mm minimal electrode distance) with
the help of a semipermeable membrane, stretched across a circular plas-
tic holder (removed before the recording). The arrays were coated with
poly-D-lysine (Merck Millipore). Throughout the recording, retinal
pieces were continuously superfused with the oxygenated Ames solution
flowing at ;250 ml/h. The bath solution was heated to a constant

temperature of 34°C-35°C via an inline heater in the perfusion line and a
heating element below the array. Dissection and mounting were per-
formed under infrared light on a stereo-microscope equipped with
night-vision goggles.

Extracellular voltage signals were amplified, bandpass filtered
between 300Hz and 5 kHz, and digitized at 10 kHz sampling rate. Spikes
were detected by threshold crossings (4 SDs of the voltage trace), and
spike waveforms were sorted offline into units with a custom-made
IgorPro (WaveMetrics) routine based on Gaussian mixture models
(Pouzat et al., 2002). We curated the routine’s output and selected only
well-separated units with clear refractory periods. Duplicate units were
identified by temporal cross-correlations and removed. Finally, only
units with stable electrical images (Litke et al., 2004) throughout the re-
cording were considered for further analysis.

Visual stimulation. Visual stimuli were generated and controlled
through custom-made software, based on Visual C11 and OpenGL.
Different stimuli were presented sequentially to the retina through a
gamma-corrected monochromatic white OLED monitor (eMagin) with
800� 600 square pixels and 60Hz refresh rate. The monitor image was
projected through a telecentric lens (Edmund Optics) onto the photore-
ceptor layer of the retina, and each pixel’s side measured 7.5mm on the
retina. All stimuli were presented on a background of low photopic light
levels (2.5 or 3.5 mW/m2, corresponding to 1500 or 1900 R*/rod/s), and
their mean intensity was always equal to the background. We fine-tuned
the focus of stimuli on the photoreceptor layer before the start of each
experiment by visual monitoring through a light microscope and by
inspection of spiking responses to contrast-reversing gratings with a bar
width of 30mm.

Linear RF identification. To estimate the RF of each cell, we used a
spatiotemporal binary white-noise stimulus (100% contrast) consisting
of a checkerboard layout with flickering squares (60mm side). The
update rate was either 30 or 60Hz in different experiments. We meas-
ured the spatiotemporal RF by calculating the spike-triggered average
(STA) over a 500 ms time window (Chichilnisky, 2001) and fitted a para-
metric model to the RF (Chichilnisky and Kalmar, 2002). The model
was spatiotemporally separable and comprised a product of a spatial
(kSðxÞ) and a temporal component (kTðtÞ).

The spatial component was modeled as a difference of Gaussians as
follows:

kS xð Þ ¼ N x;l;Rð Þ � ASN x; l; k2R
� �

where N x; l;Rð Þ ¼ e�
1
2ðx�lÞTR�1 x�lð Þ is a two-dimensional Gaussian

function with mean l and covariance matrix R (describing the RF cen-
ter’s coordinates and shape), As 2 ½0;1� captures the RF surround
strength relative to the RF center, and k � 1 is a scaling factor for the
surround’s extent.

The temporal component was modeled as a difference of two low-
pass filters as follows:

kT tð Þ ¼ p1
t
t 1

e
�
t
t 1

11

0@ 1An � p2
t
t 2

e
�
t
t 2

11

0@ 1An

with t.0 indicating the time before the spike and p1.0, p2.0, t 1.0,
t 2.0, n.0 being free parameters.

We fitted the full parametric model (kSðxÞ � kTðtÞ) to the STA by
minimizing the mean squared error using constrained nonlinear optimi-
zation. To get reasonable initial conditions, we first separately fitted the
spatial component to the STA frame at which the element with the larg-
est absolute value occurred and the temporal component to the time
course of the same element. If the element was negative, the sign of the
STA frame was inverted before the spatial component fit. We then
seeded the obtained values of spatial and temporal fits as the initial pa-
rameters for the full spatiotemporal fit. The chosen initialization proce-
dure is consistent with the positive center peak of kS.

The diameter of the RF center was defined as the diameter of a circle
with the same area as the 2s (elliptical) boundary of the Gaussian center
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profile (Baden et al., 2016). We also used the 2s boundary for all RF
center visualizations.

Natural image response predictions with a linear-nonlinear (LN)
model.We selected natural images as stimuli from three sources: the van
Hateren Natural Image Dataset (van Hateren and van der Schaaf, 1998),
the McGill Calibrated Color Image Database (Olmos and Kingdom,
2004), and the Berkeley Segmentation Dataset (Arbeláez et al., 2011).
The central square region of each image was resized to 512� 512 pixels
(400� 400 pixels in a few experiments) by cropping (van Hateren and
McGill images) or cropping and upsampling with nearest neighbor
interpolation (Berkeley images). All color images (McGill and Berkeley
databases) were converted to grayscale by weighted averaging over the
color channels (Liu et al., 2017). We normalized the mean and SD of the
pixel values for each image by appropriately shifting and scaling the val-
ues so that the mean pixel intensity was equal to the background and the
SD was 40% of the mean intensity. Pixel values that then deviated from
the mean by .100% in either direction were clipped to ensure that the
maximal pixel values were within the physically available range of the
display. Finally, all images were encoded at 8-bit color depth to match
the range of our OLED monitor. The images were presented on top of a
uniform gray background and centered on the multielectrode array, cov-
ering a region of 3.84� 3.84 mm2 on the retina (3� 3 mm2 for
400� 400 pixels).

In every experiment, we used 300 natural images (100 from each data-
base), except for one (200 images in total). Images were presented individu-
ally for 200ms each, with an 800 ms interstimulus interval of homogeneous
background illumination. We collected 10 trials for each image by consecu-
tively presenting 10 different pseudo-randomly permuted sequences of all
images. For each cell, we measured the response as the trial-averaged num-
ber of spikes over a 250ms window following stimulus onset.

To compare a cell’s responses to model predictions, we constructed
an LN model (Chichilnisky, 2001), which generates average spike count
responses Rm � 0 to natural image stimuli sm: Rm ¼ f ðkT � smÞ, where
the vector k is a linear spatial filter, f is a nonlinear function, and m
denotes the image index. For the analyses, all natural image stimuli were
spatially clipped to the smallest square that could fit the 4s boundary of
the RF center, and their pixel intensity values were transformed to
Weber contrast values, which constitute the elements of sm. For the lin-
ear filter (k), we used the parametric spatial RF component (kS) esti-
mated from white noise, sampled at the center point of each pixel of the
clipped natural image. The linear filter was normalized to a sum of unity
of the absolute values of its elements.

In initial analyses, we also tried using the pixelwise spatial profile
obtained from the reverse-correlation analysis as a spatial filter of the
model. Overall, response predictions and model performances were sim-
ilar to the ones under the parametric fit, yet often more noisy, owing to
noise in the pixelwise filter estimate. All further analyses were therefore
based on the parametric fit of the spatial filter.

Linear predictions (g) were estimated from the inner product of
stimuli and the linear filter: gm ¼ kT � sm. Because the linear filter is
composed of mainly positive values, the sign of the linear prediction
reflects the net contrast in the spatial RF. For the nonlinear part of the
LNmodel (f ), we used a bi-logistic nonlinearity of the following form:

f gð Þ ¼ b1
MON � b

11 e�rON g�gONð Þ 1
MOFF � b

11 erOFF g�gOFFð Þ

where b � 0, MON � b, MOFF � b, rON;� 0, rOFF � 0, and gON , gOFF
were free parameters that were fitted to data. To facilitate estimation of
the parameters for both monotonic and U-shaped nonlinearities, we first
fitted a single logistic nonlinearity f gð Þ ¼ b1 M � bð Þ= 11e�ro g�goð Þ½ � to
the data, and initialized the parameters of the bi-logistic nonlinearity to
describe the dominant lobe (ON or OFF, determined by the sign of ro).
Such bi-logistic nonlinearities had been previously used to describe tun-
ing curves in sensory neuroscience under the name “difference of sig-
moids” (Fischer et al., 2009; Mel et al., 2018; Murgas et al., 2020).

To assess the prediction accuracy by the LNmodel, we applied a nor-
malized correlation coefficient (CCnorm) as our model performance met-
ric (Schoppe et al., 2016). This measure was used to account for

differences in response reliability among cells, since we used a relatively
small number of trials per image. Concretely, for M images and N trials
per image, Rm;n denoted the cell’s response to image m for trial n, with

ym ¼ PN
n¼1

Rm;n=N being the average response to a particular image, cym
being the prediction for the same image, and y and by denoting the corre-
sponding distributions over images. CCnorm was then defined as follows:

CCnorm ¼ Covðy;byÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var by� �� SP

q
We calculated the necessary quantities as the sample covariance

Cov y;by� � ¼ PM
m¼1

ðym � yÞðcym � byÞ=M and sample variance Var by� � ¼
PM
m¼1

ðcym �byÞ2=M. SP denotes the signal power, a measure of signal-to-noise

ratio, and is defined as follows:

SP ¼
Var

PN
n¼1

Rm;n

 !
�PN

n¼1
VarðRm;nÞ

NðN � 1Þ

with the two variances in the numerator denoting sample variances over
images.

We estimated LN model performance through 10-fold cross-valida-
tion. Briefly, the collection of average responses for all images was ran-
domly split into 10 equally sized sets. Every set was used once as a test
set for the full LN model, whose nonlinearity was fitted to the other 90%
of image responses. For each cell, LN model performance was defined as
the average CCnorm over all cross-validation sets. For all nonlinearity vis-
ualizations in the plots, we used the nonlinearity corresponding to the
cross-validation set with the CCnorm value closest to the average.

Since CCnorm values are ill-defined for very low data reliability, we
excluded cells whose responses for identical images were highly variable.
For each cell, we therefore calculated the coefficient of determination
(R2) between responses averaged over even (rem) and over odd trials (rom),
where m= 1,...,M enumerates the images. Concretely, we used a symme-
trized R2, defined as follows:

R2 ¼ 1� 1
2
�
PM
m¼1

rem � romð Þ2

PM
m¼1

rom �moð Þ2
� 1
2
�
PM
m¼1

ðrom � remÞ2PM
m¼1

ðrem �meÞ2

where mo and me are the average odd and even trial responses over
images. We excluded cells with R2 , 0.5 from further analysis. We fur-
thermore excluded cells that showed large response drift over the course
of image presentations. In most cases, drift corresponded to a global
scaling that approximately affected responses to all images proportion-
ally. This is reflected in a high Pearson correlation over images between
the average responses of the first five and last five trials; 94% of analyzed
cells had a correlation coefficient of at least 0.7. Such global scaling of
responses does not affect the analysis of differences in average responses.
Thus, we excluded cells with coefficients ,0.7 from further analyses.
The two criteria (regarding reliability and drift) yielded 900 cells
included in the analysis of 1209 recorded cells.

Calculation of spatial contrast (SC) sensitivity for natural images.
We measured the SC of an image in the RF center of a given ganglion
cell as the weighted SD of pixel contrast values inside the 2s contour of
the Gaussian center fit as follows:

SC ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP

i wiðpi �mwÞ2P
i wi

s

where the sums run over all pixels i within the 2s contour, pi is the pixel
value, wi is the pixel weight as given by the value at the pixel center of
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the fitted RF center part, and mw is the weighted mean of the pixel
values.

To obtain the SC sensitivity, we sorted the images according to their
linear predictions in the cell’s LN model and then grouped neighboring
images into pairs, with each image belonging to a single pair, yielding
150 pairs per cell when 300 images had been applied. For each image
pair, we calculated the SC difference and the trial-averaged response dif-
ference. To compare across cells, we normalized the response differences
by the maximum response (over images) of the cell. We defined the SC
sensitivity as the slope of the linear regression between the SC differences
and the normalized response differences. Cells were defined as contrast-
sensitive if they had a significant regression slope at the 5% significance
level.

Assessment of spatial nonlinearity with contrast-reversing gratings.
To compare our findings to classical analyses of spatial integration, we
stimulated the retina with full-field square-wave gratings of 100% con-
trast. The contrast of the gratings was reversed every 1 s. The reversing
gratings were presented sequentially from higher to lower spatial fre-
quencies for 20-30 reversals each, and the whole sequence was repeated
2 times. Depending on the experiment, we sampled 5-8 spatial frequen-
cies, with bar widths ranging from 15 to 240mm. For each spatial fre-
quency, we applied 1-4 equidistant spatial phases, with more phases for
lower spatial frequencies (e.g., one for 15, two for 30, two for 60, four for
120, four for 240mm bar width). In some of the recordings, we also
included contrast reversals of homogeneous illumination (correspond-
ing to a bar width of �6 mm). Between presentations of the different
gratings, there was a gray screen at background intensity for 2 s. We con-
structed peristimulus time histograms (PSTHs) over one reversal period
by binning ganglion cell spikes with 10 ms bins and averaging across
reversals and repeats, leaving out the first reversal after a gray period. In
some experiments, gratings were flashed for 200ms, and presentations
of reversed contrast were separated by an 800 ms gray screen at back-
ground intensity. For the subsequent analyses, PSTHs corresponding to
one full reversal period were constructed by extracting the cell responses
during the 200 ms grating flashes and concatenating the two PSTHs for
the two spatial phases of the grating into a single 400 ms PSTH. For all
analyses of responses to gratings, we excluded cells with unreliable
responses by calculating R2 values between average response vectors of
even and odd trials, similar to the analysis of natural-image responses.
We created the response vector of a single trial by concatenating single-
trial PSTHs from all different spatial frequencies and phases. We only
considered cells with R2 . 0.1 for our population analyses. The criterion
was satisfied by 890 of 1126 cells recorded for this stimulus.

To estimate the grating spatial scale for each cell, we extracted the
peak firing rate in the PSTH (across time and spatial phases) for each
bar width (Krieger et al., 2017). We then fitted a logistic function (com-
pare Natural image response predictions with a linear-nonlinear (LN)
model) to the relationship of peak firing rate versus bar width, and
extracted the function’s midpoint as an estimate of the spatial scale. The
amplitudes of harmonics of the PSTH were calculated by temporal
Fourier transforms for each combination of spatial frequency and phase
(Hochstein and Shapley, 1976). From the PSTHs of all spatial scales and
phases, we extracted the maximum amplitude F1 at the stimulus fre-
quency as well as the maximum amplitude F2 at twice the stimulus fre-
quency and defined the nonlinearity index as the ratio of F2 over F1.
This definition is slightly different from other approaches, where the F2/
F1 ratio is calculated for each spatial scale and phase separately, with the
maximum being chosen as the nonlinearity index (Hochstein and
Shapley, 1976; Carcieri et al., 2003; Petrusca et al., 2007). Our approach
aimed at capturing the maximum mean-luminance-induced modulation
in F1 and the maximum spatial-contrast-induced modulation in F2.

Assessment of spatial input nonlinearities with checkerboard flashes.
To assess how local visual signals are transformed in nonlinear cells, we
used a stimulus that had a checkerboard layout with square tiles of either
105 or 120mm to the side. The tiles were alternatingly assigned to two
sets (A and B) so that neighboring tiles were in different sets. For each
individual stimulus presentation, each set of tiles was assigned an inten-
sity sA or sB, respectively, expressed as the Weber contrast from back-
ground illumination. Similar to our presentation of natural images, these

checkerboard stimuli were flashed for 200ms with an interstimulus
interval of 800ms, during which background illumination was pre-
sented. The contrast pairs sA; sBð Þ were selected from a two-dimensional
stimulus space, organized in polar coordinates, by using 24 equidistant
angles, each with 10 equidistant radial contrast values (

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
sA21sB2

p
)

between 3% and 100%, and presented in pseudorandom order. The set
of all contrast pairs was presented to the retina 4 or 5 times, with a differ-
ent pseudorandomly permuted sequence chosen each time. We calcu-
lated cell responses by counting the number of spikes for each ganglion
cell over a 250 ms window following stimulus onset and averaging over
trials. Iso-response contour lines were constructed from the cells’
response profiles using MATLAB’s contour function. To exclude cells
with unreliable responses, we calculated R2 values across the set of all
contrast combinations between spike counts averaged over even and
over odd trial numbers. We only considered cells with R2 . 0.1 for our
population analyses. This criterion was satisfied by 833 of 1204 cells for
which the stimulus was recorded.

Rectification (RI) and convexity (CI) indices were calculated for a
specific contrast level c (c ¼ 0:6 for most analyses). To quantify rectifica-
tion of nonpreferred contrasts (RI), we compared the responses rhalf

under stimulation with only one spatial input (e.g., sA ¼ c and sB ¼ 0,
corresponding to a stimulus on one of the four half-axes of the stimulus
space) to the responses roppos under stimulation with this input and the
other spatial input at opposite contrast (sA ¼ c and sB ¼ �c). In cases
with no direct response measurement for a particular required contrast
pair, we estimated the response based on the measured responses to
nearby contrast pairs, using natural neighbor interpolation, as imple-
mented in MATLAB’s scatteredInterpolant function. From all response
measurements, we subtracted the background spike count, measured as
the response to the (0, 0) pair, which was included as a regular stimulus
in the sequence of contrast pairs. To use a single definition of RI for ON,
OFF, and ON-OFF cells, we considered all four half-axes in the stimulus
space (with either sA or sB at either positive or negative contrast) and
computed a weighted average from the four rhalf values as well as from
the corresponding roppos values (there are only two roppos values that are
each used twice) to define RI as their ratio as follows:

RI ¼
X4
i¼1

wir
oppos
i =

X4
i¼1

wir
half
i

where the weights wi are measures of sensitivity along each half-axis i.
Concretely, we obtained wi as the slope of a regression line, fitted to the
contrast-response pairs along the corresponding half-axis.

Similarly, for quantifying integration of preferred contrasts (CI), we
compared the rhalf values to responses rsame, which were measured with
the same contrast for the two stimulus components, sA ¼ sB ¼ c=2, cor-
responding to the spatially homogeneous stimulus that has the same lin-
early integrated contrast as the stimulus used to measure rhalf . Again, we
took all four half-axes into account for defining CI as follows:

CI ¼ 1�
X4
i¼1

wir
same
i =

X4
i¼1

wir
half
i

We subtracted the ratio of rsame over rhalf from unity so that CI= 0
corresponds to linear integration and CI. 0 to rsame,rhalf , and thus a
convex, outward-bulging shape of the iso-response contour line. We
used RI and CI to formally define homogeneity-sensitive cells as cells
with RI, 0 and CI, 0, corresponding to iso-response contour lines
curving toward the origin.

To probe spatial integration in the RF center with minimal surround
influence, we used local checkerboard flashes. The stimulus was similar
to the one above, but with small patches of 2� 2 tiles. Tiles here had a
side length of 105mm, and patches thus had a side length of 210mm. To
compare our results with the full-field version of the stimulus, patch tiles
were placed to align with the tiles of the full-field stimulus. The local
patches were flashed for 200ms, with no interval between successive pre-
sentations. For each individual presentation, the applied patch locations
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were randomly chosen to maximally fill the screen (typical number of
locations = 44-61, median = 53) while ensuring a minimum center-to-
center distance of three patch side lengths (630mm) for simultaneously
presented patches (see Fig. 5C, bottom left). The rest of the screen was
kept at background illumination (see Fig. 5C, top). For each presented
patch, the contrast combination sA; sBð Þ was selected randomly and in-
dependently from the contrast combinations at other, simultaneously
displayed locations. We applied fewer contrast combinations than for
the full-field version of the stimulus to ensure adequate numbers of trials
for each contrast combination at each location. Specifically, we used 8 or
12 equidistant angles in the stimulus space, each with 5 or 6 equidistant
radial values between either 20%-100% or 3%-100%.

We also used the weights wi to calculate an index of relative sensitiv-
ity for the two types of tiles (A and B). For each cell, we selected the pair
of half-axes (of either positive or negative sA and sB values) with the
highest average weight. The relative sensitivity index was calculated as
follows:

wB � wA

wBj1 wAjjj

with wA and wB being the weights of the half-axes in the selected
pair. An index of zero indicates a balanced sensitivity to both types
of tiles.

For analysis, we selected for each ganglion cell the patch closest to its
RF center and extracted the responses to flashes when this particular
patch was used. We counted the number of spikes over a 250 ms window
following presentation onset and again subtracted the background activ-
ity, which was here obtained by interpolation to the (0, 0) contrast pair.
Response contour lines in stimulus space as well as rectification and con-
vexity indices were calculated in the same way as for the full-field version
of the checkerboard flashes. Similarly to the full-field stimulus, we calcu-
lated R2 values between the average spike counts of even and odd trials
with respect to all contrast combinations, and only considered cells with
R2 . 0.1 for our population analyses. Additionally, we required that cells
had a relative sensitivity index for the Tiles A and B with an absolute
value,0.5. Both criteria were satisfied by 289 of 564 cells.

Spatial scale estimation from blurred natural images. For recordings
with blurred natural images, we selected either 30 or 40 images from our
set of natural images. The images were blurred by convolution with a
two-dimensional, spherically symmetric Gaussian function. We used dif-
ferent s values of the Gaussian to implement different spatial scales of
blurring, defined as the diameter of the 2s Gaussian contour (Schwartz
et al., 2012), to also match our RF center definition. Blurred and original
images were presented in a pseudorandom sequence, similar to the pre-
sentation of the large set of natural images described above, collecting 10
trials for each image and blurring scale. Responses were again measured
for each ganglion cell by counting the number of spikes over a 250 ms
window following stimulus onset.

We calculated R2 values (see Natural image response predictions
with a linear-nonlinear (LN) model) between blurred and original spike
counts for each scale. We also calculated an R2 value for the original
image responses by considering odd- and even-trial averages and
assigned this value to a blurring scale of 0mm. We then fitted logistic
functions to the R2 values with respect to the blurring scales. We defined
the natural spatial scale for each ganglion cell as the midpoint of the fit-
ted logistic function. Again, by requiring R2 . 0.1 for odd- versus even-
trial averages of the original images, we included 747 cells of 850 for
which we had recorded the stimulus.

Detection of image-recurrence-sensitive (IRS) cells. We detected IRS
cells as described previously (Krishnamoorthy et al., 2017). Briefly, we
presented a square-wave grating of either 240 or 270mm spatial period
and 60% contrast in a sequence of 800-ms-long fixations, separated by
100 ms transitions. During a transition, the grating was shifted by
approximately two spatial periods to land in one of four equidistant fixa-
tion positions (corresponding to four specific spatial phases of the gra-
ting). The sequence of the four fixation positions was randomly chosen
so that all 16 possible transitions (between starting and target positions)
appeared several times in the stimulus sequence.

IRS cells are described as cells that show a strong response peak after
onset of the new fixation when the grating position is the same as before the
transition, but not when it has reversed contrast across the transition. To
detect this, as done previously (Khani and Gollisch, 2017; Krishnamoorthy
et al., 2017), we measured the response after each of the 16 possible transi-
tions by creating PSTHs with bins of 10ms and extracting the maximal dif-
ference for successive time bins in the PSTH as a measure of response
increase (maximal derivative of the PSTH) in the window from 50 to
200ms after fixation onset. We compared for each target grating i the maxi-
mal derivative Drec

i under image recurrence (when the starting grating was

also i) to the maximal derivative Dchange
i when the starting grating was con-

trast-reversed compared with grating i. We calculated a recurrence sensitiv-

ity index (RSI) as RSI ¼ 1
4

X4
i¼1

Drec
i � Dchange

i

� �
= Drec

i 1Dchange
i

� �
. Cells

with RSI. 0.7 and an average peak firing rate of at least 50Hz in the post-
transition PSTHs of the four image recurrences were considered as IRS
cells.

Detection of direction-selective (DS) and orientation-selective (OS)
cells. To identify DS ganglion cells, we used drifting sinusoidal gratings
of 100% contrast, 240mm spatial period, and a temporal frequency of
0.6Hz (Sabbah et al., 2017). The gratings were shown in a sequence of
eight equidistant directions with four temporal periods per direction,
separated by 5 s of background illumination. The sequence was repeated
4 or 5 times. For each angle (u ), we collected the average spike responses
(ru ) during the presentation of the grating (excluding the first period).
We calculated a direction selectivity index (DSI) as the magnitude of the
normalized complex sum

X
u

ru e
iu =
X
u

ru (Mazurek et al., 2014). The

preferred direction was obtained as the argument of the same sum.
We also used drifting square-wave gratings of 100% contrast, 225mm

spatial period, and a temporal frequency of 4Hz to identify OS ganglion
cells (Nath and Schwartz, 2016, 2017). The gratings were shown in a
sequence of eight equidistant directions with 12 periods per direction,
separated by 2 s of background illumination. The sequence was repeated
4 or 5 times. We calculated an orientation selectivity index (OSI) as the
magnitude of the complex sum

X
u

ru e
i2u =

X
u

ru . The preferred orien-

tation was obtained as the line perpendicular to half the argument of the
same sum.

To calculate the statistical significance for both indices, we used a
Monte Carlo permutation approach (Liu et al., 2017). For a given cell,
we repeatedly shuffled the responses over all angles and trials 2000 times
to obtain a distribution of DSI (or OSI) values under the null hypothesis
that the firing rates are independent of the motion direction (or orienta-
tion). All cells with DSI. 0.25 (significant at 1% level) were considered
as DS cells. Similarly, OS cells were identified as cells with OSI. 0.25
(significant at 1% level) that were not DS or IRS. We only included cells
with a total mean firing rate .1Hz during the presentation of the drift-
ing gratings (Kühn and Gollisch, 2016).

OS cells were classified as either ON- or OFF-type based on the sign
of the first peak (i.e., closest to zero) in the fitted temporal component
kTðtÞ. Here we disregarded a peak if its amplitude (unsigned) was,25%
of the largest deflection.

Data and code availability. The spike-time data used in this study
and sample code for stimulus reconstruction are available at https://gin.g-
node.org/gollischlab/Karamanlis_Gollisch_2021_RGC_spiketrains_natural_
image_encoding.

Results
Performance of LN models for predicting responses to
natural images varies strongly among RGCs
Since our goal was to assess the role of spatial nonlinearities in
the RF, we focused on stimuli that have natural spatial structure,
but simplified temporal dynamics. We therefore stimulated the
retina with briefly flashed achromatic natural images while re-
cording the spiking activity of several hundred mouse RGCs
with multielectrode arrays, to survey whether linear RF models
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could capture the cells’ responses. The images
had been collected from three different data-
bases (van Hateren and van der Schaaf, 1998;
Olmos and Kingdom, 2004; Arbeláez et al.,
2011) and were presented for 200ms each, sep-
arated by 800ms of background illumination
(Fig. 1A). Flash duration was close to the typical
fixation duration in “saccade-and-fixate” gaze
patterns observed in freely moving mice (Meyer
et al., 2020; Michaiel et al., 2020). To analyze
ganglion cell responses in relation to the signal
inside the RF, we determined the RFs (includ-
ing center and surround) from responses to
spatiotemporal white noise (Fig. 1B). Different
cells sampled different parts of the images and
displayed a variety of response patterns (Fig.
1C), with apparent sensitivity to positive or neg-
ative Weber contrast. Some ganglion cells
responded to both stimulus onset and offset for
some images (Fig. 1D), which may indicate
ON-OFF-type RFs (Jacoby and Schwartz, 2017)
or spatially nonlinear RFs (Mani and Schwartz,
2017). Furthermore, we observed both transient
and sustained responses as well as response sup-
pression (Fig. 1C, bottom left).

To test whether these diverse ganglion cell
responses could originate from a spatially lin-
ear RF, we measured how well a simple linear
RF model could reproduce such responses.
To do so, we quantified a cell’s response for
each image by the average spike count over
250ms following image onset. We then aimed
at predicting this spike count with an LN
model (Fig. 1E). The model’s first stage is a
linear spatial filter, which was estimated from
the STA under white-noise stimulation by a
parametric fit that contained a difference-of-
Gaussians as the spatial component. The filter
captured the location, size, shape, and relative
surround contribution of the spatial RF.
Applying the filter to the pixelwise Weber
contrast values of a given image yielded a lin-
ear prediction: a single number that corre-
sponded to the image’s net Weber contrast as
seen through the cell’s RF. It quantifies how
much the mean light level over the RF changed
between background illumination and image
presentation. The model then predicted the av-
erage spike count to the image by transforming
this linear prediction with a parameterized non-
linear function, the model’s nonlinearity. The
nonlinearity was obtained by selecting a num-
ber of images (training set) and fitting a generic
function to the relation between the linear pre-
dictions and the measured responses. The
obtained nonlinearity was then used to compare
predictions with actual responses for the
remaining images (test set), using cross-valida-
tion to quantify prediction accuracy.

For cells that linearly integrate over space,
the linear prediction of the LN model should
be tightly coupled to the response strength,
and the relationship between the two is

Figure 1. A spatially linear RF model often fails to predict natural image responses of RGCs. A, Natural images were pre-
sented to the retina in a pseudorandom sequence for 200ms with an interstimulus interval of 800ms. B, Sample natural
image (I1). Overlaid ellipses (light orange) represent the outlines of RF centers (center parts of difference-of-Gaussians fits)
of 130 RGCs from a single recording. The midline is RF-free because it contained the optic disk region. C, Top, Raster plots
with responses of three different ganglion cells to 10 presentations of image I1. Different RF outline colors correspond to dif-
ferent cells, also highlighted in B. Bottom, Same as in top, but for presentations of another image (I2). Yellow-shaded areas
correspond to the 200 ms image presentations. D, PSTHs for 300 natural images, aligned to the raster plots of (C) and
sorted by the average spike count during stimulus presentation. Rows corresponding to images I1 and I2 are marked. E, The
structure of an LN model that we used to predict average spike counts for natural images. The linear prediction is the inner
product of the contrast values in the image patch and the filter. F, Spiking nonlinearities fitted to observed spike counts for
the three sample cells of C. Data points for images I1 and I2 are highlighted. Top, The obtained normalized correlation coef-
ficients (CCnorm). G, LN model performance distribution for ganglion cells in a single retina preparation (light orange, same
as in B), and for all recorded cells (gray) from 13 preparations (9 animals).

3484 • J. Neurosci., April 14, 2021 • 41(15):3479–3498 Karamanlis and Gollisch · Retinal Spatial Integration of Natural Images



effectively a contrast-response function. We found cells, for
example, for which the linear predictions displayed a clear, mon-
otonic relationship to the responses, such as in Figure 1E (right,
rank correlation between measured spike counts and corre-
sponding model predictions: Spearman’s r = �0.88, n=300
images) or in Figure 1F (left, Spearman’s r = 0.97, n= 300
images). As the spatial filter is defined to always have a positive
central peak, an increasing monotonic relationship indicates a
contrast-response function of an ON-type ganglion cell (Fig. 1F,
left), whereas a decreasing one indicates a contrast-response
function of an OFF-type ganglion cell (Fig. 1E). For such mono-
tonic relationships, simple logistic nonlinearities provided good
fits. Yet, we also found cells with a U-shaped relationship
between linear predictions and responses (Fig. 1F, middle). To
also capture such a nonmonotonic contrast-response function
shape, we applied a bi-logistic nonlinearity, fitted to the contrast-
response function of each cell. The bi-logistic functions captured
nonmonotonic nonlinearities by combining an increasing and a
decreasing logistic function, but also worked well for monotonic
contrast-response relations, as the weight of one logistic compo-
nent then naturally assumed a value near zero in the fit.
Nonmonotonic contrast-response functions are expected to
occur in the retina for ON-OFF (Burkhardt et al., 1998) or sup-
pressed-by-contrast ganglion cells (Levick, 1967; Jacoby et al.,
2015; Tien et al., 2015), and we indeed observed both cases as
indicated by U- and bell-shaped functions, respectively (Fig. 2).
The flexible parameterization of the nonlinearity allowed us to
assess LN model performance and thus spatial nonlinearities for
these cells in the same way as for pure ON and OFF cells. Finally,
we found cells with no apparent relationship between linear pre-
dictions and responses (Fig. 1F, right, and Fig. 3A). For such cells,
fits were poor because of the spread of data points, indicating that
the LNmodel failed to predict responses to natural images.

How well the LNmodel captures the responses can be visually
assessed by how tightly the data points cluster around the fitted
nonlinearities and quantified by how strongly prediction and
response are correlated. However, part of the deviation from the
fit could result from noise in the response measure, as only 10
trials per image were available, rather than from an actual failure
of the model. Thus, to quantify performance of the LN model,
we computed a normalized correlation between response predic-
tion and measured response, CCnorm (Schoppe et al., 2016),
which takes the variability of responses across trials into account
by assessing the model prediction relative to the reliability of the
trial-averaged responses. Furthermore, we used cross-validation
by averaging CCnorm over 10 different sets of held-out images
not used to fit the nonlinearity.

Model performance varied considerably between cells. A size-
able proportion showed good model performance, indicated by a

peak close to unity in the distribution of CCnorm values (Fig. 1G).
On the other hand, we observed a broad tail of cells with low
CCnorm values, indicating different degrees of model failure, both
for individual retina pieces as well as for the entire population of
recorded cells. Given the variability-adjusted measure of model
performance and the flexibility of the applied nonlinearity, we
hypothesized that the nonlinear part of the LN model was not
the source of the observed diversity in natural image encoding.
We therefore focused on investigating the relation between
model performance and spatial signal integration.

Linear RF model performance correlates with SC sensitivity
in the RF center
Figure 3A displays measured spike counts versus model predic-
tions for a sample cell with low model performance. The model
failure is apparent from the fact that the cell elicited widely dif-
ferent spike counts for images that yielded similar linear predic-
tions of the model, corresponding to similar net contrast over
the RF, and thus similar spike count predictions. The two images
shown in Figure 3B, for example, had nearly identical linear pre-
dictions for the sample cell, but the cell clearly responded differ-
ently to the two images. These two images strikingly differed in
their spatial structures inside the cell’s RF center (Fig. 3B). We
therefore quantified the spatial structure of each image within
the center of a cell’s RF by computing the spatial contrast (SC,
see Materials and Methods), which measures the variability of
image pixels inside the RF center.

To evaluate the impact of SC on the spike output for a given
cell, we grouped the images into pairs of similar linear predic-
tions by the cell’s LN model. This allowed us to relate differences
in spike count within a pair to differences in SC while minimiz-
ing confounding effects of mean light-level changes inside the
RF. The analysis revealed that SC was systematically related to
spike count for many cells, with more spikes elicited when SC
was larger (Fig. 3C). Indeed, for the majority of cells (72%,
n= 651 of 898 recorded cells), differences in SC and spike count
were positively correlated, indicating that SC had a response-
boosting effect beyond mean light level and that spatial integra-
tion was nonlinear.

Other cells (22%, 202 of 898) appeared insensitive to SC, as
indicated by an approximately flat relationship between differen-
ces in SC and spike count and no significant correlation (Fig.
3D). This was expected as the LN model, which is based solely
on mean light level in the RF, did provide an accurate description
of spike counts for some RGCs.

Unexpectedly, however, we also found a small subset of cells
(5%, 45 of 898) that responded vigorously to stimuli with spa-
tially homogeneous illumination of preferred contrast, but dis-
played smaller spike counts for images with similar mean

Figure 2. Examples of U- and bell-shaped nonlinearities. Four sample cells, with either ON-OFF-type nonlinearities (the two leftmost) or suppressed-by-contrast-type nonlinearities (the two
on the right).
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illumination and higher SC (Fig. 3E). Such
inverse sensitivity to SC represents a different
form of nonlinear spatial integration than the
response-boosting effect of SC in the majority of
cells and may be described as sensitivity to spa-
tially homogeneous stimulation. However, de-
spite the inverse sensitivity to SC, the response
characteristics of these cells differ from those of
suppressed-by-contrast cells because the prefer-
ence for homogeneous stimuli does not extend to
the temporal domain. Unlike for suppressed-by-
contrast cells, temporal contrast at image onset
can strongly activate the cells described here (Fig.
3E).

To assess whether sensitivity to SC was sys-
tematically related to LN model performance,
we quantified the “SC sensitivity” of a given
cell by the slope of the regression line between
SC and response differences, normalized by the
cell’s maximum response. We found that SC
sensitivity was indeed negatively correlated with
LN model performance in individual experi-
ments (e.g., Fig. 3F, left; median Spearman’s r =
�0.60, 10 of 13 had p, 0.05) as well as in the
pooled data (Fig. 3F, right; Spearman’s r =
�0.64, p, 10�3, n=898 cells). Cells for which
SC boosted activity (corresponding to large pos-
itive values of SC sensitivity) were generally not
as well described by the LNmodel. This suggests
that model performance is indeed limited by a
systematic influence of SC on spike count in
many cells. For cells with no detectable sen-
sitivity to SC, on the other hand, model
performance was generally good (CCnorm

median = 0.91, n = 202). Also, the few cells
with a suppressive effect of SC (negative SC
sensitivity) showed fairly good LN model
performance, despite the observed devia-
tion from linear spatial integration.

Sensitivity to fine spatial gratings alone does
not predict LN model performance
Sensitivity to spatial structure on a sub-RF scale
is characteristic for nonlinear RFs. A classical
test for nonlinear spatial integration is to stim-
ulate the retina with full-field contrast-revers-
ing gratings at different spatial scales and
phases (Hochstein and Shapley, 1976; Demb et
al., 1999). Applying such stimuli in our record-
ings, we found RGCs that clearly responded to
the reversals of fine (30mm bar width) gratings
(e.g., Fig. 4A,B), revealing nonlinear spatial
integration under reversing gratings, similar to
previous measurements in the mouse retina
with single-cell recordings (Schwartz et al.,
2012; Tien et al., 2015; Krieger et al., 2017).
These cells also responded to coarser gratings

Figure 3. Sensitivity to natural SC is correlated with LN model performance. A, Output nonlinearity fit for a cell
with low LN model performance. Marked data points correspond to the responses shown in B. B, Different responses
of the cell in A to natural images with approximately same linear predictions (l.p.), but different SC in the RF center.
C, Top, Output nonlinearity fit for another sample cell. Middle, Raster plots of the cell’s responses to natural images
with approximately same l.p., but with high (top) or low (bottom) SC in the RF center. Bottom, Relation of SC differen-
ces to average spike count differences for 150 pairs of natural images with similar l.p. in the RF center. Count differen-
ces are normalized to the maximum observed average spike count. Filled black data point represents the difference
obtained from the pair of sample images above. Line and slope value correspond to least-squares estimate. Shaded
area represents 95% confidence interval. D, E, Same as in C, but for two other sample cells. B–E, Shaded yellow areas
represent the 200 ms image presentations. F, Relation of LN model performance to SC sensitivity, defined as the slope
of the relation between spike-count differences and SC differences, as in C–E, for ganglion cells in a single preparation

/

(left; Spearman’s r =�0.73, p, 10�3) and for all recorded cells
(right; 13 retinas, 9 animals). C–E, Data points for the sample cells
are highlighted in the corresponding colors.
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that split their RF centers in two halves. Other cells, however,
barely responded to reversals of gratings for phases with zero net
contrast across the RF, such as the sample cell of Figure 4C.

Interestingly, sensitivity to contrast reversals of gratings often
seemed unrelated to LN model performance for natural images.
One of the sample cells with clear responses to fine-scale gratings
(Fig. 4A) had poor LN model performance for natural images
(Fig. 4D), whereas the other (Fig. 4B) showed good model per-
formance (Fig. 4E). For the third sample cell (Fig. 4C), model
performance was good (Fig. 4F), consistent with the observed
insensitivity to grating reversals, which suggests linear spatial
integration.

In order to systematically compare the sensitivity to reversals
of fine gratings with the LN model performance across multiple

ganglion cells, we extracted two measures from a cell’s responses
to the reversing gratings. First, to assess the spatial scale at which
a cell becomes sensitive to the grating as revealed by a sizeable
response peak (Krieger et al., 2017), we examined the cell’s peak
firing rates for different grating bar widths, fitted this relation-
ship with a logistic curve, and used the curve’s midpoint as a
measure of spatial scale (Fig. 4G,H). Second, to assess how non-
linear spatial integration contributes to the overall strength of the
response at different spatial frequencies, we compared the
response Fourier components for the stimulus frequency (F1)
and for twice that frequency (F2, frequency-doubled component,
corresponding to responses for both reversal directions). Large
F2 amplitudes, compared with F1, are indicative of nonlinear
spatial-integration effects (Hochstein and Shapley, 1976) at the

Figure 4. Relation of responses under reversing gratings to LN model performance. A–C, PSTHs of three ganglion cells to full-field contrast-reversing gratings of six different bar widths,
which are indicated to the left of the plots. For wider bars, the gratings were presented for multiple spatial phases, and the displayed PSTHs represent the phase with the smallest net bright-
ness changes averaged over the RF. Dashed gray lines indicate the time of contrast reversal. B, Arrows indicate the sustained component of the responses. D–F, Relationship between linear
prediction and average spike count of the same three cells for 300 natural images. Solid lines indicate fitted nonlinearities. G, Relation of bar width to normalized peak firing rates (across time
and spatial phases) for the cells in A–C. Colors correspond to the RF colors of A–C. Solid lines indicate logistic fits. H, Relation of LN model performance to the spatial scale of each cell for a sin-
gle retinal preparation (left, Spearman’s r = 0.01, p= 0.95) and the total population (right) from 12 retinas (9 animals). Cells from A–C are highlighted. I, Left, Comparison of spatial scales
obtained from reversing or flashed gratings (n= 126). Right, Relationship between LN model performance for natural images and spatial scales from flashed gratings (n= 126). Data are from
3 experiments (2 animals). J, Normalized F1 and F2 amplitudes (maximum over spatial phases) for the cells of A and B. K, Relation of LN model performance to the nonlinearity index of each
cell for a single retinal preparation (left, Spearman’s r = �0.7, p, 10�3) and the total population (right) from 12 retinas (9 animals). The nonlinearity index is defined as the maximum F2
(across spatial frequencies) over the maximum F1 (across spatial frequencies) amplitude. Cells from A–C are highlighted. L, Same as in I, but for nonlinearity indices.
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level of spike counts. We then computed a nonlinearity index as
the ratio of the maximal F2 amplitude (over grating widths and
phases) and the maximal F1 amplitude (see Materials and
Methods).

This analysis showed that the spatial scale was rarely cor-
related to the LN model performance in individual experi-
ments (median Spearman’s r = 0.15, 2 of 12 experiments had
p, 0.05; example in Fig. 4H, left); and for the entire dataset,
this correlation was weak, albeit significant (Spearman’s r =
0.11, p = 0.002, n = 697; Fig. 4H, right). Thus, sensitivity to
reversals of high spatial frequency gratings, typically taken as
a sign for nonlinear spatial integration, does not generally
imply failure of the LN model. Indeed, many cells that start
responding already for fairly fine spatial gratings (small spa-
tial scale) showed remarkably good model performance as
illustrated by the example in Figure 4E.

By contrast, the relative amplitudes of the F1 and F2 response
components predicted model performance much better. The
nonlinearity index that was computed from their ratio was nega-
tively correlated to LN model performance under natural images
both in single experiments (median Spearman’s r = �0.37, 8 of
12 experiments had p, 0.05; example in Fig. 4K, left) as well as
in the whole population (Spearman’s r = �0.34, p, 10�3,
n= 697; Fig. 4K, right). Thus, the relative degree of nonlinear
spatial integration as measured by the F2 response component is
a better indicator of the importance of nonlinear spatial integra-
tion under natural images than the mere sensitivity to spatial
gratings.

The responses of the sample cells in Figure 4 illustrate this dif-
ference between the sensitivity to fine spatial gratings and relative
size of nonlinear response components. The cells of Figure 4A, B
were both sensitive already to reversing gratings of bar widths of
30mm (Fig. 4G), indicative of nonlinear RFs. Yet, although initial
response peaks might be similar, leading to similar F2 response
components for the two cells (Fig. 4J, bottom), responses for the
second cell were more sustained with higher spike count when
net-coverage of the RF with preferred contrast was larger (see
Fig. 4B, arrows). Thus, the responses of this cell contain also a
considerable linear component even for fairly fine spatial gra-
tings, as reflected by a higher F1 response component (Fig. 4J,
top). The resulting lower nonlinearity index matches the better
performance of the LN model for this cell. Although the linear
response component may not stand out in the response patterns
under reversing gratings, it may dominate the spike count
responses under natural images, which contain relatively larger
mean luminance signals because of the abundance of power in
low spatial frequencies. Thus, even cells with clear sensitivity to
fine spatial gratings and a large F2 response component under
reversals may display relatively good LNmodel performance.

While reversing gratings are a typical stimulus used to test for
spatial nonlinearities, they differ from the flashed natural images
not only in their spatial structure, but also in their temporal dy-
namics. This might contribute to the differences observed
between responses to gratings and to images. To test this, we
therefore also applied flash-like presentations of gratings in some
of our recordings to provide a comparable stimulation time
course as for the natural images. We found that results were
quite similar to those obtained with contrast-reversing gratings
and led to the same conclusions. In particular, spatial scales and
nonlinearity indices were correlated between the two grating ver-
sions (Spearman’s r = 0.50, p, 10�3, for spatial scales, Fig. 4I,
left; and r = 0.74, p, 10�3 for nonlinearity indices, Fig. 4L, left).
Furthermore, similar to reversing gratings, spatial scales from

flashed gratings were not informative about LN model perform-
ance, displaying no significant correlation (Spearman’s r = 0.15,
p= 0.11, Fig. 4I, right), whereas nonlinearity indices were nega-
tively correlated to LN model performance (Spearman’s r =
�0.55, p, 10�3, Fig. 4L, right). This suggests that it was indeed
the different spatial structure between natural images and gra-
tings and not their temporal profiles that led to different nonlin-
ear characteristics of some cells under these two stimulus types.

Although we found that LN model performance under natu-
ral images and the nonlinearity index from gratings are corre-
lated, there is considerable remaining variability across cells
around this relation, potentially stemming from drawbacks of
the classical analysis with contrast-reversing gratings. First, for
ON-OFF cells, the analysis cannot distinguish between nonlinear
integration over space or over ON-type versus OFF-type inputs,
as both phenomena can lead to large F2 components. Second,
the analysis primarily detects that some rectification of nonpre-
ferred contrasts exists (as effects of preferred and nonpreferred
contrast do not cancel out), but is not fully determined by the
degree of rectification and does not provide information about
how contrast signals at different locations inside the RF are
combined.

Responses to contrast combinations inside the RF reveal the
components of natural SC sensitivity
To overcome the shortcomings of classical contrast-reversing
grating stimulation and explore the relationship between SC sen-
sitivity and LN model performance more systematically, we
designed a stimulus that tests a range of contrast combinations
by flashing checkerboards on the retina with different light inten-
sities for the two sets of alternating checkerboard tiles. The idea is to
independently stimulate two separate sets of spatial subunits within
a cell’s RF with different inputs (Bölinger and Gollisch, 2012;
Takeshita and Gollisch, 2014). This allows comparing responses at
different contrast levels of spatially homogeneous stimulation, stim-
ulation of only one spatial stimulus component, or stimulation with
opposite contrast of the two spatial components.

Concretely, we applied a batch of varied checkerboards (Fig.
5A, top), whose Contrasts A and B for the two sets of tiles, or
spatial inputs, systematically covered the stimulus space of pairs
of contrast values (Fig. 5A, bottom right) to explore a wide range
of contrast combinations. To directly compare responses
between artificial and natural stimuli, we flashed the contrast
pairs for 200ms each (the same duration as for the natural
images) in a pseudorandom sequence, collecting 4 or 5 trials per
pair. The subfields of the checkerboard spanned 105 or 120mm
to the side, approximately half of the average mouse RF center,
to provide a strong, yet spatially structured stimulus inside the
RF.

To visualize the responses for different contrast combina-
tions, we extracted the average spike counts over 250ms after
stimulus onset, equivalent to the response measure under natural
images, and displayed them as color maps over the stimulus
space of contrast pairs (Fig. 5B, middle row). We then calculated
iso-response contour lines (Fig. 5B, bottom row), which trace
out those contrast pairs that led to the same response (here num-
ber of spikes). The shape of the iso-response contours can reveal
whether stimulus integration is linear or nonlinear and is indica-
tive of the type of subunit nonlinearity (Bölinger and Gollisch,
2012; Maheswaranathan et al., 2018). Notably, the contours are
independent of any output nonlinearities that transform
responses after stimulus integration has taken place, such as
thresholding and saturation in the spike generation process
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(Gollisch and Herz, 2012). Linear integration of the two inputs,
for example, leads to straight contour lines, independent of any
subsequent nonlinear transformation of the summed inputs.
Curved iso-response contours, on the other hand, reflect nonlin-
ear stimulus integration, and their shape can provide informa-
tion about the type of nonlinearity, as discussed below.

The iso-response analysis under flashed checkerboards
revealed a variety of spatial integration profiles among different
RGCs. We found both ON and OFF varieties of nonlinear cells
with contour lines curving convexly around the origin (Fig. 5B,
Cells 1 and 2). This nonlinear signature may result from an ex-
pansive transformation of local signals, such as by a threshold-
quadratic function (Bölinger and Gollisch, 2012) or by a sigmoid
with high threshold (Maheswaranathan et al., 2018). Quadratic
integration of inputs A and B, for example, leads to circular (or
elliptic) parts of the contour lines, as A2 1 B2 = const is the circle
equation. Furthermore, contours that run parallel to the axes in
the quadrants where the stimulus components have opposite
sign indicate a rectifying threshold, as one of the two input com-
ponents can apparently vary without changing the response
level.

We also found linear ON and OFF ganglion cells, as identified
by their straight contour lines (Fig. 5B, Cells 4 and 5).
Furthermore, our approach allowed us to visualize the spatial

integration profiles of ON-OFF cells, and distinguish between
spatially nonlinear and linear ON-OFF cells (Fig. 5B, Cells 3 and
6). Linear ON-OFF cells responded mostly to net-increases or
decreases of light intensity, but not when the two contrast signals
cancelled each other, leading to straight, parallel contour lines
(Cell 6). On the other hand, nonlinear ON-OFF cells often had
closed or nearly closed contour lines, corresponding to strong
responses also for contrast combinations with opposing signs
(Cell 3). Finally, we identified a unique nonlinear spatial integra-
tion profile in some cells, characterized by contour lines curving
concavely away from the origin, coming closest to the origin on
the diagonal of equal contrast for A and B (Fig. 5B, Cell 7). Such
a profile indicates a particular preference to a spatially homoge-
neous change in light level, as a given response level can be
reached with comparatively little contrast when both spatial
components are stimulated in unison. We mainly found such
profiles for OFF-type ganglion cells, but occasionally in ON-type
cells as well (6 of 27 cells were ON-type). Cells with similar pref-
erence for homogeneous illumination of the RF have previously
been observed in the salamander retina (Bölinger and Gollisch,
2012).

For comparison, we also devised a local version of checker-
board flashes to assess potential contributions of the RF sur-
round to nonlinear spatial integration. Here, the display of each

Figure 5. Stimulation with contrast combinations reveals nonlinearities in spatial input integration. A, Depiction of the applied stimulus space, comprising flashed checkerboards with con-
trast combinations (A, B) sampled along different directions in stimulus space. Bottom right, Dots in the stimulus space represent all contrast combinations applied in the experiment. The con-
trast combination identified by the red circle corresponds to the example on the left, which shows a 2� 2 cutout from the stimulus frame shown on top (marked by the red square). B, Top,
RF center outlines of seven sample ganglion cells, relative to the stimulus layout, with tiles for Contrast A and B shown in white and black, respectively. Middle, Color-coded average spike
counts for all tested contrast pairs in the stimulus space. Bottom, Iso-response contours in the stimulus space for three selected spike counts (at 30%, 50%, and 70% of the maximum spike
count), indicated by the number on the contour and the contour’s color. Contour shapes are largely invariant to the selected response level. C, Top, Example frames of the locally sparse stimu-
lus. Bottom, Display of the region (dashed red line) that was excluded from further selection of stimulus locations around an already selected location (left). Distribution of distances from the
RF midpoint to the center point of the closest grid square (n= 404), normalized by the RF radius. D, Same as in B, but for the locally sparse stimulus. Contour lines are shown for the same
spike counts as in B.
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contrast combination was spatially restricted to
a patch of 2� 2 tiles of the checkerboard,
which roughly corresponds to typical RF center
sizes. To nonetheless cover the entire recording
area and obtain sufficient sampling of contrast
combinations, multiple randomly chosen
patches, obeying local sparsity (Hawrylycz et
al., 2016; de Vries et al., 2020), were displayed
simultaneously (Fig. 5C), and fewer contrast
combinations were sampled compared with
the full-field version of the stimulus. For
further analysis, we selected for each cell the
patch location closest to the RF center. This
generally lay not further away than one RF
radius (Fig. 5C, bottom right), indicating
good overlap of the analyzed patch location
with the RF center. Furthermore, the stimu-
lus patch did not need to fill the RF center to
trigger robust responses. Also, precise cen-
tering on the RF was not required to make
the two stimulus components similarly
effective. If, say, a tile of Component A was
closer to the RF midpoint than the other
three tiles and thus more effective in influ-
encing the response, this was approximately
balanced by the second tile of Component A
being further away from the midpoint than
the two tiles of Component B.

Using this local version of the flashed
checkerboards, we found that spatial integra-
tion profiles, as captured by the shape of the
contour lines in stimulus space, were qualita-
tively similar under local stimulation compared
with full-field stimulation (Fig. 5D). This indi-
cates that it is the nonlinear stimulus integra-
tion in the RF center that determines the shape
of the contour lines. As the examples show, this
shape can deviate from straight lines in differ-
ent ways. Rectification of nonpreferred inputs,
for example, becomes visible by how the con-
tour line bends as it progresses from the quad-
rant in stimulus space that corresponds to
preferred contrast for both stimulus compo-
nents (top right quadrant for ON cells; bottom
left for OFF cells) to the two neighboring quad-
rants that combine positive and negative con-
trast. In addition, there is also nonlinear
integration of preferred contrast, which is visi-
ble in a nonlinear shape of the contour line
inside the quadrant that corresponds to pre-
ferred contrast of both stimulus components.

To quantify these nonlinear signatures,
we devised two corresponding indices as
explained in Figure 6. We calculated a rec-
tification index (RI, Fig. 6A) by comparing
responses to flashes where both components
had opposing, equal-magnitude contrast (here
60%; for comparison with different contrast levels,
see Fig. 6B,C) with responses when only a single
stimulus component was used (Molnar et al.,
2009). Full rectification leads to equal responses for both configura-
tions and an index of unity, whereas linear integration would make
the opposing-contrast configuration effectively a null stimulus,

resulting in no response and an index of zero. Similarly, we com-
puted a convexity index (CI, Fig. 6D) by comparing responses from
using just one spatial input at a specific contrast level (again 60%;
compare Fig. 6E,F) with responses from using both inputs at half

Figure 6. Rectification and convexity indices quantify iso-response contour shapes across contrast levels. A,
Schematic depiction of how rectification indices were computed from responses to different contrast combinations and
how they relate to different shapes of contour lines. As indicated, the RI resulted from a ratio of responses when the
tiles had opposing contrast (here 0.6 and �0.6) and when only one component was used (0.6 and 0). B, Comparison
of full-field rectification indices calculated for 30% and 60% contrast. C, Rectification indices for different contrast lev-
els and presentation modes (top: full-field, n= 695; bottom: local, n= 289). To compare with our default of 60%, val-
ues are shown as differences from the default. Each box represents the interquartile range (25th and 75th percentile),
along with the median (red line). The whiskers extend to the maximal and minimal values, with outliers excluded
(defined as data points.1.5 times the interquartile range away from the box). D, Same as in A, but for the CI. The
CI was computed by comparing the responses when stimulation was homogeneous (here both contrast values at 0.3)
and when only one component was used (contrast values 0.6 and 0) and subtracting the ratio of these responses from
unity. E, F, Same as in B, C, but for the convexity indices. G, Relation of full-field RI and CI in the pooled ganglion cell
data from 13 retinas (9 animals). Colored dots correspond to the sample cells from Figure 5. H, Relation of full-field
and locally sparse rectification indices in the pooled ganglion cell data from 6 retinas (4 animals). Dashed line indicates
the equality line. I, Same as in H, but for convexity indices.
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that contrast level. A CI of zero corresponds to linearity (equal
responses for a single component at full contrast and for two
components at half contrast), whereas values smaller or larger
than zero correspond to increased or decreased preference for
homogeneous stimuli, respectively. Over the population of all
recorded cells, the two indices were correlated (for the full-
field indices, see Fig. 6G; Spearman’s r = 0.68, p, 10�3,
n = 700), indicating that the two nonlinearity components of-
ten coexist and may reflect the same mechanistic origin.

To systematically compare full-field and local spatial inte-
gration profiles, we compared RI and CI across the two con-
ditions. Although both indices displayed a significant change
between local and full-field stimulation (Wilcoxon signed-
rank test, p, 10�3 for both RI and CI, n = 289), the values
were correlated between the two conditions (Spearman’s r =
0.82, p, 10�3 for the RI and Spearman’s r = 0.48, p, 10�3

for the CI), indicating that cells retained their relative char-
acteristics of nonlinear spatial integration, in particular
regarding rectification (Fig. 6H). One subtle change was that,
for many cells with CI . 0 in the full-field condition, the
index became smaller for the local stimulus (Fig. 6I), corre-
sponding to a less outward-bulging shape of the contour line
in the quadrant of preferred contrast (visible in the first two
examples when comparing Fig. 5B and Fig. 5D). Thus, spa-
tially homogeneous stimulation was less effective for these
cells under full-field conditions compared with local stimula-
tion because relatively larger contrast values were needed
under homogeneous full-field stimulation to reach the acti-
vation level of the contour line. This may be explained by a
linear component of spatial integration in the surround. A
linear surround component would provide relatively more
surround suppression under spatially homogeneous stimula-
tion than a corresponding stimulation of only one spatial
component and thereby decrease sensitivity to spatially ho-
mogeneous stimuli in the full-field condition.

How are the extracted components of nonlinear spatial inte-
gration related to responses under natural images? We first
investigated the relationship to the SC sensitivity, as deter-
mined from the responses to natural images (compare Fig.
3C–E), and found that it was correlated with both the RI
(Spearman’s r = 0.73, p, 10�3) and the CI (Spearman’s r =

0.59, p, 10�3), as obtained from full-field stim-
ulation (Fig. 7A,C, top). Similar results were
also found for the indices obtained from local
stimulation (Fig. 7B,D, top; Spearman’s r =
0.75, p, 10�3 for rectification and r = 0.49,
p, 10�3 for convexity). In line with the analysis
of SC sensitivity, LN model performance for natu-
ral images also displayed a clear dependence on the
rectification indices (Fig. 7A,B, bottom) from both
full-field (Spearman’s r = �0.71, p, 10�3) and
local stimulation (Spearman’s r =�0.73, p, 10�3).
This relationship was much more pronounced than
that between LN model performance and the nonli-
nearity indices extracted from contrast-reversing
gratings (compare Fig. 4K). The convexity indices
from full-field (Spearman’s r = �0.56, p, 10�3)
and local stimulation (Spearman’s r = �0.50,
p, 10�3) were also correlated to LN model per-
formance (Fig. 7C,D, bottom), but to a smaller
extent than the rectification indices. We thus con-
cluded that the degree of rectification of spatial
inputs in the RF center is a primary factor that
shapes ganglion cell responses to natural images and

determines whether responses can be captured by the LNmodel.

The spatial scale of contrast sensitivity for natural images
We next asked on what spatial scale nonlinearities are relevant
for encoding natural images. To do so, we compared responses
under original natural images and blurred versions (Fig. 8), simi-
lar to previous analyses with white-noise patterns (Schwartz et
al., 2012; Jacoby and Schwartz, 2017; Mani and Schwartz, 2017;
Johnson et al., 2018). The blurring with a given spatial scale cor-
responds to low-pass filtering and removes fine spatial structure
below this scale while keeping the mean intensity over larger
regions approximately constant. At a blurring scale close to a
cell’s RF center diameter, blurring should diminish SC within the
RF while keeping the mean light intensity approximately
unchanged. Figure 8A–C compares responses to natural images
and their blurred versions for three sample cells. At a scale of
240mm, the blurring generally reduced responses for the first cell
(Fig. 8A, middle; Wilcoxon signed-rank test, n=40 images,
p, 10�3), but left responses for the second largely unaffected
(Fig. 8B, middle; p= 0.18), and for the third cell even led to
increased spike count (Fig. 8C, middle; p=0.02).

To quantify the blurring effects for all cells, we calculated the
mean response difference between the blurred and the original
version of the images, normalized by the cell’s maximum
response over all images. This spike count difference was corre-
lated to LN model performance for natural images (Fig. 8D) in
both individual experiments (median Spearman’s r = 0.65, 9 of
9 experiments had p, 0.01), and in the pooled population
(Spearman’s r = 0.68, p, 10�3). Thus, cells that were more
strongly affected by the blurring generally displayed worse LN
model performance and had a stronger dependence of spike
count on SC. This confirms the effect of spatial structure inside
the RF for determining responses to natural images in particular
ganglion cells.

When analyzing responses across different blurring scales, we
observed that cells sensitive to SC reduced their spike counts al-
ready at scales smaller than their RF center (Fig. 8A, bottom). To
quantify the spatial scale of blurring sensitivity for each cell, we
measured the similarity between responses to original and
blurred images by calculating the corresponding coefficient of

Figure 7. Spatial input nonlinearities correlate with SC sensitivity and model performance. A, Relation of the
SC sensitivity (top) and LN model performance (bottom), measured with natural images, to the full-field RI for all
recorded cells (n= 700) from 13 retinas (9 animals). B, Same as in A, but using the data from the local checker-
board flash stimulus (n= 289) from 6 retinas (4 animals). C, D, Same as in A, B, but for the CI.
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determination (R2), which is unity when responses with and
without blurring are identical, and falls off toward zero as
responses to blurred images deviate more and more from the
original responses. Analogous to the analysis of contrast-revers-
ing gratings, we fitted logistic functions to the decay of R2 with
blurring scale and defined the spatial scale as the midpoint of the
logistic function. The obtained spatial scales ranged from 100 to
500mm (Fig. 8E) and were only weakly correlated with the spa-
tial scales measured with contrast-reversing gratings (Spearman’s
r = 0.12, p=0.007). And unlike the spatial scale obtained from
reversing gratings, the spatial scale from blurred images (normal-
ized by the RF center diameter) was strongly related to LN model
performance (Fig. 8F) in both individual experiments (median
Spearman’s r = 0.60, 9 of 9 experiments had p, 0.01) and in the
pooled population (Spearman’s r = 0.61, p, 10�3).

SC sensitivity differs among RGC classes
The analyses so far have shown that the characteristics of spatial
integration are consistent for individual ganglion cells across dif-
ferent stimulus conditions, including natural and artificial stim-
uli. We thus hypothesized that they reflect cell type-specific
properties. To test this hypothesis, we looked at three readily
identifiable cell classes, detected through a standard set of artifi-
cial stimuli.

First, we focused on IRS cells, which form a single functional
cell type in the mouse retina and which correspond to transient
OFF-a ganglion cells (Krishnamoorthy et al., 2017). We identi-
fied IRS cells by their characteristic response peaks to rapid shifts
of a grating with no net displacement of the grating position
(Fig. 9A). As expected, IRS cells were all OFF-type, with fast

temporal filters and tiling RFs. For these cells, all our spatial inte-
gration measures displayed relatively narrow distributions.
LN model performance for IRS cells was high (Fig. 9D, left;
median = 0.94, n= 29), suggesting linear spatial integration.
However, rather than showing no sensitivity to SC, the distri-
bution of SC sensitivity for IRS cells was significantly shifted
toward negative values (Fig. 9D, right; median = �0.11, n = 29,
Wilcoxon sign-rank test, p = 0.005). This indicates that IRS
cells had a particular preference for spatially homogeneous
natural stimuli. Specifically, about half (14 of 29) of the IRS
cells were inversely sensitive to SC of natural images, as identi-
fied by a significant negative slope comparing differences in
SC and in spike count for image pairs with similar mean illu-
mination (compare Fig. 3C–E). In terms of spatial integration
measured by the checkerboard flashes, most IRS cells showed
profiles, such as the one in Figure 5B (Cell 7), with low rectifi-
cation (median = 0.12, n = 28) and slightly negative convexity
indices, yet not significantly different from zero (median =
�0.06, Wilcoxon sign-rank test, p = 0.07).

Second, we tested DS ganglion cells (Fig. 9B), detected
through their responses to drifting gratings. DS cells had either
ON- or OFF-type temporal filters (Fig. 9B, right top), with OFF-
type filters likely corresponding to ON-OFF DS cells. DS cells
with OFF-type filters typically showed U-shaped nonlinearities
in LN models obtained from white-noise stimulation (data not
shown) and responses under light-intensity steps to both increas-
ing and decreasing intensity. DS cells generally displayed rather
nonlinear spatial integration for natural images (Fig. 9D), with
low LN model performance (median= 0.71, n= 46) and signifi-
cant SC sensitivity (median= 0.41, n=46, Wilcoxon sign-rank

Figure 8. The scale of SC sensitivity for natural images. A–C, Top, Responses of three sample cells to original natural images and their blurred versions for 10 trials. Images were blurred
with a Gaussian function (scale 4s = 240mm). Shaded yellow areas represent the 200 ms image presentations. Middle, Relation of the average spike count for presentations of 40 natural
images and their blurred counterparts for each of the three cells. Filled black dots correspond to the image pairs shown above. Error bars indicate SEM. Dashed line indicates the equality line.
Bottom, Coefficient of determination (R2) between original and blurred spike counts for different degrees of blurring, normalized by the RF diameter of each cell. Colored lines indicate logistic
fits. D, Relation between LN model performance for natural images and the mean (across images) spike count difference between blurred (4s = 240mm) and original images for each cell
from a single retina (left, Spearman’s r = 0.75, p, 10�3) and from the pooled ganglion cell population (right, Spearman’s r = 0.68, p, 10�3) from 9 retinas (6 animals). The differences
were normalized to the maximum average spike count observed for each cell. Cells from A–C are highlighted. E, The distribution of spatial scales across the pooled ganglion cell population
(n= 644). The spatial scale was defined as the midpoint of fitted logistic functions (compare A–C, bottom). F, Relation of spatial scale, normalized by the RF diameter, to LN model perform-
ance for natural images for a single retina (left, Spearman’s r = 0.63, p, 10�3) and for the pooled ganglion cell population (right, Spearman’s r = 0.61, p, 10�3) from 9 retinas, 6 ani-
mals. Cells from A–C are highlighted.
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test, p, 10�3). As expected for cells sensitive to SC, their full-
field rectification indices were rather large (median= 1.46,
n= 31), and their convexity indices were significantly larger than
zero (median= 0.25, n= 31, Wilcoxon sign-rank test, p, 10�3).
Thus, DS cells showed nonlinear spatial integration under both
natural and artificial stimuli.

Finally, using drifting gratings with higher speed, we identi-
fied OS ganglion cells (Fig. 9C). We found both ON- and
OFF-type OS cells, possibly corresponding to the recently
described different classes in the mouse retina (Nath and
Schwartz, 2016, 2017). OS cells displayed characteristics of
spatial integration that lay in between IRS and DS cells (Fig.
9D). Compared with DS cells, for example, OS cells showed
better LN model performance (Wilcoxon rank-sum test,
p, 10�3), yet many cells still revealed poor model predictions

(median = 0.85, n = 63). Likewise, SC sensitivity was lower
than for DS cells, yet still significantly larger than zero (median=
0.15, n=63, Wilcoxon sign-rank test, p, 10�3). This was also
reflected in the OS cells’ responses to the checkerboard flashes, with
lower full-field rectification (median=0.46, n=50) and convexity
indices (median=0.13, n=50) compared with DS cells, yet with
both indices significantly larger than zero (Wilcoxon sign-rank test,
p, 10�3 for rectification and p = 0.005 for convexity indices).

Examining the distributions of these measures for OS cells
more closely, we observed that they appeared to be bimodal (Fig.
9E), which may indicate that different types of OS cells differ in
how nonlinear their spatial integration is. Indeed, we found that
ON-type OS cells showed fairly linear spatial integration charac-
teristics (Fig. 9E), whereas OFF-type OS cells could be clustered
into two separate groups: one with linear spatial integration and

Figure 9. SC integration in three different functional cell classes. A, IRS cells were identified with a sequence of saccadic-like grating movements (left), shown as a space-time plot with
time going downward. Numbers indicate the four different fixation positions. PSTHs of a sample IRS cell for the 16 possible transitions (middle). Shaded areas represent the 100 ms transitions.
Temporal filters (normalized to unit norm) of IRS cells in a single retina (right top), overlaid on top of the temporal filters of all recorded cells. Bottom, The RF centers of IRs cells (right bottom),
overlaid on other nearby RFs. B, DS ganglion cells were identified from their responses to slow drifting sinusoidal gratings (left). Tuning curve of a sample DS cell (middle), along with the pre-
ferred direction of all DS cells in a single recording. Temporal filters and RFs are shown as in A. C, OS ganglion cells were identified with drifting square-wave gratings (left), moving at higher
speeds than in B. Tuning curve of a sample OS cell (middle), along with the preferred orientations of all OS cells in a single recording. Temporal filters and RFs are shown as in A. D,
Distributions of LN model performance (left) and SC sensitivity (right) under natural stimuli for IRS (n= 29), DS (n= 46), and OS (n= 63) cells from 13 retinas (9 animals). Gray represents all
cells. E, Distributions of LN model performance and SC sensitivity for ON and OFF OS cells compared with all OS ganglion cells. F, OFF OS cells were assigned to two groups (linear and nonlinear)
with k-means clustering. The features we used were the LN model performance, SC sensitivity, and full-field rectification as well as convexity indices. All four features were available for only
n= 36 of 41 OFF OS cells, and clustering was performed with these cells only. For the other cells, responses to checkerboard flashes were not recorded, and the cells were assigned to the group
whose cluster centroid was closest for the two available measures, LN model performance and SC sensitivity. G, Distributions of differences in preferred orientation for pairs of OS cells that
belonged to either the same group (“within group”) or to different groups (“between group”).
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good LN model performance and another with nonlinear spatial
integration and poorer LN model performance (Fig. 9F).
Interestingly, the linear and nonlinear OFF OS cells also differed
systematically in their preferred orientations (Wilcoxon rank-
sum test, p= 0.006; Fig. 9G); cells from different clusters (i.e., one
linear and one nonlinear cell) often had orthogonal preferred
orientations, whereas cells from the same cluster more often also
had similar preferred orientations. Although we do not know the
preferred orientations of these cells in absolute retinal coordi-
nates, our data suggest that linear and nonlinear OFF-type OS
cells have different preferred orientations and might correspond
to the previously described classes of OS cells with preference for
horizontal or vertical orientations (Nath and Schwartz, 2016,
2017).

Discussion
In this work, we directly addressed the question whether mouse
RGC responses to natural images are consistent with a linear RF.
This was the case only for a subset of cells (Fig. 1), as SC inside
the RF influenced responses for many cells beyond the mean
stimulus intensity (Fig. 3). Interestingly, classical identification of
sensitivity to contrast-reversing high-frequency gratings pro-
vided only a moderate prediction of which cells are affected by
RF nonlinearities under natural images (Fig. 4). We therefore
devised a new stimulus to characterize subunit nonlinearities in
detail for many simultaneously recorded cells, revealing consid-
erable variability in the characteristics of nonlinear stimulus inte-
gration (Figs. 5, 6) and providing a better prediction of the
relevance of RF nonlinearities for natural images (Fig. 7).
Experiments with blurred natural images corroborated that non-
linear RFs affect responses under natural images and that specific
ganglion cells are inversely sensitive to SC (Fig. 8). Finally, the
relevance of nonlinear RFs appears to be cell type-specific and
may help differentiate subtypes within broader functional cell
classes (Fig. 9).

Diversity in natural stimulus encoding among the retina’s
output channels
Using a simple linear RF model, we observed multiple facets of
natural image encoding in the mouse retina. We found ganglion
cells that were consistent and others that were inconsistent, to
different extents, with linear RFs. Of the few previous studies
with natural stimuli in the mouse retina, one supports generally
linear RFs in mouse ganglion cells (Nirenberg and Pandarinath,
2012). However, both spatially linear and nonlinear ganglion cell
types had been identified in the mouse retina with artificial stim-
uli. For example, the PixON (Johnson et al., 2018) or the sus-
tained OFF-a cells (Krieger et al., 2017) appear to have linear
RFs, whereas nonlinear RF properties can be detected for ON-
delayed or ON-OFF DS cells (Mani and Schwartz, 2017). Here,
we showed that mouse DS cells, like several other ganglion cells,
are spatially nonlinear also for natural images.

Related investigations with natural images in other species
have shown, for example, that the macaque retina also contains
cells with linear as well as nonlinear RFs (Turner and Rieke,
2016). Our work demonstrates that this also holds for mouse ret-
ina where, moreover, we identify a surprising diversity of spatial
integration, including linear and nonlinear cells within broader
cell classes (e.g., within ON-OFF or OS cells) as well as cells that
are inversely sensitive to SC. In rabbit retina, ganglion cell
responses to natural images had also been found to deviate from
linear RFs in different ways (Cao et al., 2011). Similar to our

approach, this study used the dependence of image-evoked
responses on the local variability of pixel intensities beyond the
mean intensity as a signature of nonlinear spatial integration
under natural images. Cao et al. (2011) then went on to demon-
strate that the skewed distribution of intensity values in natural
scenes affects ganglion cell responses via this texture sensitivity,
whereas our work here focuses on characterizing the features
and variability of spatial nonlinearities across ganglion cells.

The degree and type of the spatial nonlinearity appear to differ
between RGC types, yet functional cell-type classification schemes
rely mostly on linear model components, such as RF size and tem-
poral filter shapes (Chichilnisky and Kalmar, 2002; Baden et al.,
2016; Franke et al., 2017; Jouty et al., 2018; Ravi et al., 2018;
Rhoades et al., 2019). Including characteristics of nonlinear spatial
integration, such as LN model performance, subunit rectification,
or spatial scale of nonlinear integration, may help to better distin-
guish cell types. For example, the mouse retina contains at least four
subtypes of OS cells, two of which (ON- and OFF-type) are tuned
to horizontal and the other two (again ON and OFF) to vertical ori-
entations (Nath and Schwartz, 2016, 2017). Here, we found distinct
groups of OS cells with linear and nonlinear spatial integration, sug-
gesting that OS subtypes might differ not only in contrast prefer-
ence or preferred orientation, but also in how they integrate SC,
which provides additional information for separating and identify-
ing subtypes of OS cells.

When considering that synaptic transmission is often inher-
ently nonlinear, the occurrence of linear RFs may actually be sur-
prising (Shapley, 2009). In the salamander retina, for example,
nonlinear ganglion cell RF centers and surrounds seem to be the
norm (Bölinger and Gollisch, 2012; Takeshita and Gollisch,
2014). Linear RFs may be a property of mammalian retinas, as
they have been described also in cat, rabbit, and macaque retinas
(Enroth-Cugell and Robson, 1966; White et al., 2002; Petrusca et
al., 2007; Molnar et al., 2009), and may have specifically evolved
to provide raw information about illumination patterns to the
cortex for further processing (Roska and Meister, 2014).

A cell class with particular sensitivity to spatial homogeneity
of natural images
We identified cells in the mouse retina with particular sensitivity
to spatially homogeneous regions in the images. Specifically,
these cells were inversely sensitive to SC: although well described
by an LN model, they respond more strongly to homogeneous
stimuli than to structured stimuli of equal mean light level. This
feature is not to be confused with the characteristics of sup-
pressed-by-contrast cells (Levick, 1967; Tien et al., 2015; Jacoby
and Schwartz, 2018), which are also known as uniformity detec-
tors, and which are suppressed below baseline activity by (tem-
poral) contrast. The homogeneity-preferring cells identified here,
on the other hand, are generally activated by a new image and
particularly strongly so if a spatially homogeneous region of pre-
ferred contrast falls onto the RF. This is reminiscent of the ho-
mogeneity detectors that have been described in the salamander
retina (Bölinger and Gollisch, 2012), although the latter showed
rectification of nonpreferred contrasts, unlike the homogeneity-
sensitive cells described here. These cells, through their particular
sensitivity to homogeneous stimuli, could provide information
about image focus; blurring through defocusing will increase ac-
tivity for this cell type and simultaneously decrease activity for
spatial-contrast-sensitive cells, such as ON-delayed cells (Mani
and Schwartz, 2017), which have been implicated in focus-sens-
ing functions. A readout based on activity differences between
cells of opposite tuning under image blur could provide a code
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for image focus that is particularly robust, for example, to varia-
tions in contrast and spatial structure (Kühn and Gollisch, 2019).

IRS cells appear to be part of the homogeneity-sensitive
cells. The IRS cells correspond to transient OFF-a cells
(Krishnamoorthy et al., 2017) and should therefore also match
the PV5 ganglion cells, which have been shown to be approach-
sensitive (Münch et al., 2009). It seems that approach sensitivity,
image-recurrence sensitivity, and sensitivity to homogeneous
natural images may rely on the same circuit component: strong,
local (glycinergic) ON-type inhibition, which transient OFF-a
cells are known to receive (van Wyk et al., 2009), and which
needs to be suppressed, perhaps below baseline level, by OFF-
type stimuli for maximal activity.

Assessing nonlinear spatial integration with artificial and
natural stimuli
The classical test for nonlinear spatial integration in the retina is
to check for frequency-doubled responses under contrast-revers-
ing spatial gratings whose spatial frequency is below the resolu-
tion of the linear RF (Hochstein and Shapley, 1976; Krieger et al.,
2017). Yet, we found that sensitivity to fine gratings is generally
not a good predictor for relevant spatial nonlinearities under nat-
ural stimuli, as measured by a failure of the LN model (Fig. 4).
Several aspects likely contribute to this discrepancy. Perhaps
most importantly, fine gratings isolate responses to high spatial
frequencies and therefore sensitively detect nonlinear response
components. Natural stimuli, on the other hand, have a broad
frequency spectrum, and linear responses to the prevalent low
frequencies may dominate the responses even when reversing
gratings reveal nonlinear spatial integration. In addition, analyses
under reversing gratings can be confounded by sensitivity to
both light increments and decrements in ON-OFF cells. Finally,
the high contrast typically used with reversing gratings may
emphasize nonlinear effects, since higher contrast makes nonli-
nearities more pronounced (Turner and Rieke, 2016). The differ-
ence in temporal structure between reversing gratings and
flashed images, on the other hand, did not seem to play a major
role (Fig. 4I,L).

Mechanisms of linear and nonlinear spatial integration
Nonlinear spatial integration as measured with gratings is attrib-
uted to the rectified excitation that bipolar cells provide to the
ganglion cell (Demb et al., 2001). The same mechanism likely
also dominates the nonlinear response characteristics under nat-
ural images, as underscored by the relation between signal rectifi-
cation and LN model failure (Fig. 7). Biophysically, rectification
of bipolar cell signals seems to originate presynaptically from a
nonlinear dependence of vesicle release on calcium concentra-
tion in the synaptic terminal (Singer and Diamond, 2003; Jarsky
et al., 2011). The nonlinear integration of preferred contrast sig-
nals, which we quantified in the CI, may have a similar origin, as
vesicle exocytosis and postsynaptic currents increase suprali-
nearly with increasing calcium concentration, at least for moder-
ate levels (Jarsky et al., 2011).

Yet, the degree of nonlinear spatial integration varied widely
across cells, suggesting different levels of partial rectification in
the signal transmission from bipolar to ganglion cells. What is
the origin of this variability in the degree of rectification among
ganglion cell types? Presynaptically, baseline activity of bipolar
cell synapses may vary, allowing some synapses to modulate
transmitter release in both directions and precluding others from
decreasing activity much below baseline, thus causing rectified
transmitter release. For example, regarding inputs to Y-type

ganglion cells in guinea pig and mouse, the basal glutamate
release is higher at the more linear ON (compared with OFF)
bipolar cell terminals (Zaghloul et al., 2003; Borghuis et al.,
2013). Further mechanisms, such as postsynaptic receptor dy-
namics and inhibition, may also contribute in shaping signal
transmission between bipolar and ganglion cells. Crossover inhi-
bition from glycinergic amacrine cells (Werblin, 2010), for exam-
ple, can provide response suppression below baseline for
nonpreferred contrast and thereby (partially) linearize the recti-
fied pure bipolar cell signals. The crossover inhibition can act on
bipolar cell terminals (Molnar et al., 2009) or directly on the gan-
glion cell, and its gain, relative to the gain of the preferred-con-
trast excitation, would determine the degree of nonlinearity in
spatial integration.

The spatial scale of nonlinear spatial integration that we iden-
tified through the presentation of blurred images (100-120mm;
Fig. 8) is somewhat larger than typical bipolar cell RFs in mouse
retina of;40-60mm (Berntson and Taylor, 2000; Schwartz et al.,
2012; Franke et al., 2017). This might be an effect of the spatial
correlations in natural images, which reduce the impact of blur-
ring. Furthermore, electrical coupling between bipolar cells may
increase the spatial scale, especially for stimuli with considerable
spatiotemporal correlations (Kuo et al., 2016).

Limitations of this study
The lack of anatomic or genetic information often complicates
the clear identification of individual ganglion cell types in extrac-
ellular multielectrode array recordings. On the other hand, these
high-throughput recordings can provide an overview that high-
lights the diversity of response properties in a way not easily pos-
sible with targeted single-cell recordings. Another issue with
multielectrode array recordings is the distribution of recorded
ganglion cell RFs over the broad range of the recording sites.
Under natural images, different cells are stimulated by different
image regions, which contributes variability among cells of the
same type, as some cells may experience more spatial structure
within the presented images than others. The lack of RF informa-
tion may also present a problem for artificial stimuli that should
target, for example, the RF center. However, our application of
locally sparse stimulus presentations shows that this can be over-
come, allowing high-throughput investigations of center-sur-
round effects (Figs. 5–7), as previously used in single-cell patch-
clamp recordings (Turner et al., 2018).

To analyze the cells’ sensitivity to spatial structure beyond
mean light intensity, we analyzed the effect of SC within the RF
center, defined via the variance of pixel intensities. This simple
and straightforward quantification of spatial structure fails to
capture which aspects of natural images provide the most rele-
vant SC, which may result, for example, from object boundaries,
textures, or gradients in light intensity. Once sensitivity to SC is
established, follow-up investigations may ask which of these nat-
ural image features might be most relevant for mediating the SC
effects.

We used flashed image presentations because our study was
focused on spatial integration. Thus, while the applied stimuli
had natural spatial structure, they lacked, for example, motion
components that are induced by eye movements. This simplifica-
tion of actual natural stimuli allowed us to specifically target spa-
tial nonlinearities without having to explicitly consider the
influence of temporal filtering and adaptation on the responses.
It seems likely that nonlinear spatial integration observed under
our flashed natural images will also shape responses to natural
movies. On the other hand, our approach is insensitive to
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nonlinearities triggered through specific temporal stimulus fea-
tures. For example, IRS cells, which we here reported as being
rather linear for the encoding of images flashed in isolation, can
reveal nonlinearities when rapid image transitions are considered,
for which disinhibitory interactions mediate a sensitivity to recur-
ring spatial patterns (Krishnamoorthy et al., 2017). Additionally, we
focused on a single light level, but spatial nonlinearities may change
with light level: sustained ON-a ganglion cells in the mouse retina,
for example, become more linear with decreasing light intensity
(Grimes et al., 2014).

The presentation of full-field natural images stimulates both
the RF center and surround. Our modeling approach aimed at
capturing effects of surround suppression by using a difference
of Gaussians as a spatial filter, which could contain positive and
negative values. Yet, this might not reflect the actual surround
strength under natural images because the surround might be
underestimated with spatiotemporal white noise (Wienbar and
Schwartz, 2018) and because the extraction of the spatial filter
from the spatiotemporal STA, which often lacks space-time sepa-
rability (Cowan et al., 2016), may further diminish the surround
component. We thus cannot exclude that disregarded surround
effects contribute to shortcomings of the LN model. However,
the following two arguments indicate that, regardless of sur-
round effects, nonlinear integration in the RF center is a main
factor in LNmodel performance. First, our SC sensitivity analysis
showed that across-cell differences in LN model performance
could be explained to a large degree by considering SC only in
the RF center. And second, rectification indices obtained from
the full-field and from the locally restricted checkerboard flashes
worked about equally well to explain the performance differences
of the LNmodel.

More generally, the good correspondence between measures
of spatial nonlinearity and LN model performance, in particular
the fact that cells with little SC sensitivity (Fig. 3) or rectification
(Fig. 7) displayed model performance near unity, supports the
suitability of our approach to apply a parameterized LN model
with fitted spatial filters and nonlinearities for assessing spatial
nonlinearities in the encoding of natural images. It also under-
scores the reliability of the recorded data, reaffirming that
observed variability in a cell’s response to different images results
from the cell’s differential activation by the images and not from
drift or rundown over the course of the long in vitro recordings.

Implications for neuronal modeling
Proposed improvements to LN-type models go in many direc-
tions (Latimer et al., 2019; Shi et al., 2019). Here we demon-
strated that the incorporation of sensitivity to fine spatial
structure into models (e.g., with spatial subunits) should be sig-
nificant for natural stimuli. We found that cells with low LN
model performance mostly showed nonlinear spatial integration
and that rectification of nonpreferred contrast in the RF center
was particularly important. This observation of the importance
of rectification agrees with results from nonlinear subunit mod-
eling of ganglion cells: in the macaque retina, the rectification of
subunits determines the degree of nonlinear integration under
natural images (Turner and Rieke, 2016); and in a model of sala-
mander RGCs under white-noise stimulation, threshold-linear
rectification of subunit signals worked nearly as well as more
elaborate, fitted shapes (Real et al., 2017). However, we here also
found that there is considerable variability in the type of subunit
nonlinearities with different degrees of rectification and convex-
ity as well as cells with inverse sensitivity to SC. This suggests
that not all cells will be well captured by a standard subunit

model with summation over half-wave rectified local signals.
Our approach of analyzing SC and iso-response stimuli rather
than assessing the performance of an explicit subunit model
allowed us to capture this diversity. Furthermore, the checkerboard
flash stimulation introduced here can be used to efficiently estimate
the characteristics of subunit nonlinearities for many RGCs simulta-
neously. Given the recently developed techniques for estimating
subunit locations (Liu et al., 2017; Maheswaranathan et al., 2018;
Shah et al., 2020), this paves the way for building more detailed
models for different ganglion cell types. Our results also indicate
that such cell type-specific approaches may be needed as there
might not be a satisfactory single “standard model” (Carandini et
al., 2005).
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Abstract 

The first step in vision involves complex neural processing in the retinal circuit. However, 
typically used computational models of retinal ganglion cells, the output channels of the 
circuit, only capture part of this processing and may provide inaccurate predictions of retinal 
responses to natural stimuli. We developed a class of models that captures nonlinear 
processing upstream of ganglion cells and fitted these models to data from multielectrode-
array recordings of isolated mouse retinas. Compared to existing linear models, nonlinear 
models improved predictions to natural images and movies with imprinted mouse gaze shifts. 
We used the models to compare the presynaptic circuits of different ganglion cells, revealing 
new asymmetries between major cell types in the mouse retina. Finally, we suggest that 
nonlinear processing may require surround inhibition for capturing pairwise correlations 
between ganglion cells under naturalistic stimulation. Together, we show how different facets 
of nonlinear processing appear in retinal output under naturalistic stimulation. 

 
  



Main Text 

Visual processing of natural scenes begins in the retina, and the results of this processing are 
communicated to the brain (Martersteck et al., 2017) through output neurons, the retinal 
ganglion cells, which are anatomically (Bae et al., 2018) and functionally distinct (Baden et 
al., 2016). Each ganglion cell receives excitatory input from multiple retinal bipolar cells, 
which together form the ganglion cell’s receptive field center. Ganglion cells also receive 
inhibitory inputs representing the receptive field surround, which is implemented either 
directly through amacrine cells (Johnson et al., 2018), or indirectly through the bipolar cell 
inputs (McMahon et al., 2004). Although this center-surround structure can be derived by the 
theory of efficient coding (Barlow, 1961) and the spatial statistics of natural scenes (Atick 
and Redlich, 1990, 1992), it often fails when used as a linear filter in computational models 
that aim to predict ganglion cell responses to actual natural stimuli (Heitman et al., 2016; 
Karamanlis and Gollisch, 2021; Turner and Rieke, 2016). 

It turns out that bipolar cell excitation is often nonlinear (Borghuis et al., 2013; Demb et al., 
2001; Enroth-Cugell and Robson, 1966), and recent computational models implemented 
nonlinear excitation showing promising results with naturalistic stimuli (Liu et al., 2017; 
Shah et al., 2020). These nonlinear models split the receptive field center into functional 
subunits whose signals are nonlinearly summed. Existing methods for fitting nonlinear 
subunit models focus on the extraction of subunit filters in space (Liu et al., 2017; 
Maheswaranathan et al., 2018; Shah et al., 2020), but these filters may not capture the bipolar 
cell scale on which nonlinear summation acts upon. Furthermore, these methods may 
overlook that the functional form of the nonlinear summation can differ among ganglion cell 
types (Bölinger and Gollisch, 2012), affecting each type’s sensitivity to the spatial structure 
of natural scenes (Karamanlis and Gollisch, 2021). Here, we develop a new class of subunit 
models to holistically describe nonlinear receptive fields in the mouse retina, where ganglion 
cell types are thoroughly catalogued based on anatomy and physiology (Baden et al., 2016; 
Bae et al., 2018; Goetz et al., 2021). We test our models with natural stimuli, compare model 
parameters between common cell types, and ask whether nonlinear receptive fields assist in 
the efficient coding of natural scenes. 

 

Subunit grid models capture nonlinear receptive field properties 

Retinal encoding models can provide predictions of the retinal output to arbitrary visual 
stimuli. The parameters of such models need to be fit to experimental data, and this process is 
relatively established in the case of linear receptive fields (Turner et al., 2018). An example is 
the difference-of-Gaussians (DoG) model, where spatially linear center and surround signals 
are summed (under opposite signs) and mapped to a spiking response through an output 
nonlinearity (Fig. 1A). In contrast, methods to fit nonlinear receptive fields to data are still 
being developed (Liu et al., 2017; Maheswaranathan et al., 2018; Shah et al., 2020). All 
proposed nonlinear methods are based on retinal stimulation with spatio-temporal white 
noise, which may only drive the cells weakly and thus require length visual stimulation 
(Wienbar and Schwartz, 2018). Here, we introduce the subunit grid model (Fig. 1B), a new 
computational framework for describing nonlinear receptive fields, based on the simplifying 
assumption that ganglion cells receive inputs from identical bipolar cells (Bleckert et al., 
2014; Schwartz et al., 2012) that are spaced semi-regularly, thus forming a “grid”. We fit 
subunit grid models with a stimulus that can strongly drive cell responses: sinusoidal gratings 
of varying orientation and spatial frequency (Fig. 1C), typically used to characterize 
nonlinear spatial processing (Crook et al., 2008; Krieger et al., 2017; Turner and Rieke, 
2016).  



 
Fig. 1. The subunit grid model captures the nonlinear receptive field of retinal ganglion cells. 
(A) The difference-of-Gaussians model pools visual space linearly by combining a Gaussian center 
profile (blue) with a (negative) Gaussian surround profile (red). The resulting signal is passed through 
an output nonlinearity to generate a spike count. (B) In contrast, the subunit grid (SG) model pools 
visual space nonlinearly before the output nonlinearity, by combining the outputs of multiple identical 
subunit filters after they pass through a nonlinear operation. (C) We fitted both DoG and SG models 
to ganglion cell responses obtained under a sequence of 200-ms grating flashes. The gratings were 
sinusoidal and varied in spatial frequency, orientation and phase. (D) An orientation-spatial frequency 
tuning surface of a single mouse retinal ganglion cell, generated by averaging spike-count responses 
to gratings over trials and phases. The cell responds already at bar widths of ~30 um. (E) Spatial filter 
(top) of the cell in (D), measured with white noise stimulation. Darker regions correspond to higher 
weight. On top (blue) is a receptive-field contour, roughly outlining the receptive field center. The 
DoG spatial filter (bottom), determined by fitting a DoG model to the grating responses, roughly 
matched the location and size of the white-noise filter. (F) Internal subunit map (left), with multiple 
subunits over the receptive field surface, each with a different weight (darker outline corresponds to 
higher weight). Overlaid is the contour from (E) for comparison. The subunits were modelled with a 
DoG profile and show a diameter around 60 μm with a relatively weak surround (right, top), and a 
strongly rectified nonlinearity (right, bottom). (G) Compared to the prediction from the DoG model 



(top), the SG model precisely matches the tuning surface. (H) Compared to DoG models, SG models 
could capture more of the variance in the grating responses (0.57 ± 0.30 vs. 0.73 ± 0.22, mean ± SD, p 
< 10-26, Wilcoxon sign-rank test). (I) We stimulated the mouse retina with flashed full-field 
checkerboard patterns (200-ms flashes), formed by varying the contrast of A- and B-tiles. The contour 
from the single cell is overlaid. (J) We averaged spike count responses to each flashed pair of A and 
B contrasts (left) and tested the DoG (middle) and SG model predictions (right). We evaluated model 
performance by calculating the Spearman rank correlation between model predictions (omitting the 
output nonlinearity) and the actual cell responses. (K) The histogram of the difference in model 
performance reveals that SG models outperformed DoG models for most of the tested cells (0.81 ± 
0.15 vs. 0.77 ± 0.19, mean ± SD, p < 10-68, Wilcoxon sign-rank test). (L) We stimulated the retina 
with a random sequence of 120 natural images (200-ms flashes). (M) Ranking natural image 
responses based on the model signals (red) matches spike counts (dark) better for subunit grid model 
compared to the DoG model. (N) Model performance (Spearman’s ρ) was higher for the SG model 
(0.75 ± 0.21, mean ± SD) both compared to the DoG model fit to gratings (left, 0.71 ± 0.24, mean ± 
SD, p < 10-73, Wilcoxon sign-rank test), but also compared to models using spatial filters determined 
with white noise (right, 0.72 ± 0.24, mean ± SD, p < 10-22, Wilcoxon sign-rank test).  

 

The a priori definition of a grid allows for many potential subunit locations, out of which 
only a subset is selected through model fitting. The subunits are all identical, and arranged in 
a hexagonal grid with 16-μm spacing, corresponding to the highest cone bipolar cell density 
in the mouse retina (Wässle et al., 2009). We assumed a circular DoG profile for each 
subunit, which allowed us to write down cell responses as a smooth function over their 
defining grating parameters (Soodak, 1986), notably the subunit diameter and surround 
strength. Following the subunit profile definition, we applied a novel regularization method 
to the pooling weights (Figure S1) to constrain the selection of actual subunits. This density-
based regularization helped to avoid subunits that are spaced too close to one another. 

Using multielectrode array recordings from the mouse retina, we flashed sinusoidal gratings 
following a gray background (Fig. 1C) and recorded spike count responses. Many cells 
responded vigorously to gratings with a bar width of 30 μm, well below the typical diameter 
of a receptive field center (Fig. 1D). To capture this sensitivity to fine spatial structure, we 
fitted subunit grid models to the responses of all recorded cells. The weight map of the fitted 
subunit layout matched the weight map obtained by the classically used method of white 
noise (Fig. 1E), and the subunit nonlinearity often showed rectification (Fig. 1F), mirroring 
the contrast-response functions of ganglion cell excitatory inputs, which can be measured 
with patch-clamp recordings (Johnson et al., 2018; Schwartz et al., 2012; Turner and Rieke, 
2016). The subunit grid model could reliably reproduce sensitivity to gratings of high spatial 
frequency (Fig. 1G), while a spatially linear receptive field (DoG) failed to capture this 
sensitivity, and this asymmetry was the rule for most recorded cells (Fig. 1H),  

We proceeded to test how well subunit grid models generalize to other visual stimulus 
classes. Firstly, to test whether subunit grids correctly capture the overall shape of subunit 
nonlinearities, we used a spatially structured stimulus with two components (Fig. 1I) that we 
previously introduced (Karamanlis and Gollisch, 2021). This stimulus is a checkerboard of a 
large spatial scale that splits mouse receptive fields approximately in half, thus mimicking 
edges in natural scenes, and can isolate the effects of nonlinearities in spatial integration. We 
flashed on the retina multiple checkerboards in which we systematically varied the brightness 
values of the two sets of tiles, effectively examining contrast interactions within the receptive 
field. For many cells, spiking responses to all contrast pairs revealed a nonlinear sensitivity 
(Fig. 1J), and this could be better captured by the subunit grid model compared to the DoG 



model (Fig. 1K). We also flashed natural images to the retina, and recorded spike count 
responses (Fig. 1L). The subunit grid model again predicted the retinal output better than the 
DoG model (Fig. 1M), which we tested by examining match accuracy between sorted image 
responses and sorted input activations that the models predicted. Subunit grid models were 
not only superior to DoG models fitted on the grating stimulus, but also to models utilizing 
spatial linear filters extracted from white noise stimulation (Fig. 1N), as is typically done 
(Heitman et al., 2016; Pillow et al., 2008). Together, these results suggest that subunit grids 
can accurately capture the spatial aspects of the nonlinear receptive field. 
 

Nonlinear receptive field properties consistently vary between cell types 

Ganglion cells are typically categorized in different types, based not only on their 
morphology, but also their functional properties (Baden et al., 2016; Goetz et al., 2021). Such 
functional differences are typically reported for linear receptive field properties, such as 
spatial and temporal filters of the receptive field center, and have led to descriptions of 
ganglion cell types in multiple species (Chichilnisky and Kalmar, 2002; Ravi et al., 2018), 
including humans (Kling et al., 2020; Soto et al., 2020). However, many of these types are 
spatially nonlinear and may even differ in their nonlinear properties (Bölinger and Gollisch, 
2012; Karamanlis and Gollisch, 2021; Turner and Rieke, 2016). Based on responses to 
multiple artificial stimuli, we reliably identified four of the major retinal ganglion cell types 
in the mouse, ON and OFF brisk transient and sustained types (Fig. 2A-C). We matched the 
responses of these types to functional properties from other mouse databases (Fig. S2), 
concluding that our types correspond to the well-characterized alpha cells (Krieger et al., 
2017). In the same retinal recording, we found that the fitted parameters of subunit grid 
models differed between types. (Fig. 2E-G). To an extent, these differences were evident 
already by examining the tuning of spiking responses with respect to spatial frequency and 
orientation, which the subunit grid model could quite well capture for all four types (Fig. 2H). 

To identify potential asymmetries between the four cell types, we systematically compared 
the parameters of the fitted models. Firstly, subunit diameters typically laid between 40-
80 μm for all types (Fig. 2I), matching previous results obtained with reversing gratings 
(Krieger et al., 2017). Interestingly, the subunits of ON brisk transient cells were larger than 
their sustained counterparts, while the opposite was the case for the OFF cells. Cells from all 
types effectively collected inputs from 15-25 subunits, an estimate in line to what is expected 
for the large alpha cells (Freed and Sterling, 1988), but higher than what previous methods 
provided for ganglion cells of other species, including the mouse (Liu et al., 2017; Shah et al., 
2020). How are these subunits distributed over the receptive field? We calculated subunit 
coverages, which capture the amount of overlap between subunit receptive fields. Coverage 
values typically laid between one and two for the best fitted models (Fig. 2K), which matches 
the exact same range measured for the dendritic fields of bipolar cell mosaics (Behrens et al., 
2016). The subunits of OFF brisk transient cells had lower coverage compared to OFF alpha 
sustained cells, matching the coverage asymmetry of type 3A and type 2 bipolar cells 
(Behrens et al., 2016), which primarily provide input to the two corresponding alpha types 
(Yu et al., 2018). 



 
Fig. 2. Nonlinear receptive fields consistently differ between mouse ganglion cell types. We 
extracted four major cell types from the mouse retina, and the first panels (A-H) depict an example 
recording with a good representation of all four. (A) Temporal filters (normalized to unit norm) 
determined from white noise. Note that transient cells have more biphasic filters. (B) Spike-train 
autocorrelograms (normalized to unit sum) for the four cell types. (C) Receptive field mosaics for the 
four types show tiling. Contours were shrunk by 75% for clarity. (D) White-noise spatial filter for a 
highlighted cell from the mosaic. (E) The subunit grid map for the example cells highlighted in (D). 
(F) Subunit profiles for the cells in the mosaic. Shaded error bars show 95% confidence intervals. (G) 
Nonlinearities of the fitted models. (H) All subunit grid models could fit responses reasonably well, as 
demonstrated by the actual tuning surface (top) vs. its prediction from the SG model (bottom), for all 
cells. (I) Average subunit diameters for all four types. ON brisk sustained cells had smaller subunit 
diameters relative to ON transient (64.3 ± 25.4 vs. 76.1 ± 30.8 μm, mean ± SD, p = 0.003, Wilcoxon 
rank-sum test), and the inverse relationship was true between OFF brisk sustained and transient cells 
(76.1 ± 22.7 vs. 61.4 ± 20.0 μm, mean ± SD, p < 10-12, Wilcoxon rank-sum test). (J) Subunit numbers 
for all types. (K) Coverage of the subunit mosaic. Overall, OFF brisk transient cells had the lowest 
coverage, significantly larger than OFF brisk sustained cells (1.50 ± 0.87 vs. 1.94 ± 0.62, mean ± SD, 
p < 10-20, Wilcoxon rank-sum test). (L) Compared to ON brisk sustained cells (mean ± SD, Wilcoxon 
rank-sum test), the absolute valued of the nonlinearity asymmetry was higher in ON brisk transient 



cells (0.64 ± 0.17 vs. 0.76 ± 0.15, p < 10-6). We found the same relationship between OFF brisk 
sustained and transient cells (0.31 ± 0.22 vs. 0.54 ± 0.22, p < 10-20). (M) Performance improvement 
for natural images was higher than unity (mean ± SD, Wilcoxon sign-rank test) for all types (ON brisk 
sustained: 1.07 ± 0.22, p < 10-17, ON brisk transient: 1.10 ± 0.28, p < 10-8, OFF brisk transient: 1.03 ± 
0.04, p < 10-17), except for OFF brisk sustained cells (1.03 ± 0.45, p = 0.13). Performances were 
calculated as the absolute value of the Spearman’s ρ of the subunit grid model over the DoG model. 
Numbers denote the number of cells in each group. 

 

Although subunit nonlinearities were fit with sigmoid functions, as is generally observed for 
excitation contrast-response functions (Schwartz et al., 2012; Turner and Rieke, 2016), they 
differed in their relative threshold and saturation relative to the subunit input. Nonlinearities 
of OFF brisk sustained cells were quite symmetric around zero (Fig. 2L). A subunit with a 
symmetric nonlinearity provides equal amounts of activation and deactivation to the ganglion 
cell when activated with preferred and non-preferred contrasts, respectively. Thus, preferred 
and non-preferred contrast contributions can cancel themselves out, leading to relatively 
linear OFF brisk sustained cells. ON brisk transient cells had the most asymmetric 
nonlinearities, also compared to their sustained counterpart, a relationship previously 
highlighted (Kuo et al., 2016). The asymmetry of nonlinearities was a good indicator of 
whether subunit grid models improved response predictions (relative to DoG models) for 
natural images: indeed, the highest improvement came for ON brisk transient cells, while 
there was almost no improvement for OFF brisk sustained cells (Fig. 2M).  

An interesting observation occurred when we examined the population of OFF brisk transient 
cells: nonlinearities looked strikingly different between recordings from the dorsal and 
ventral retina (Fig. S3). Dorsal OFF transient cells showed strong saturation, and had a 
negative asymmetry index, while ventral cells showed a more typical rectification profile. 
This difference was also evident in their encoding on spatial contrast in natural images, which 
we previously measured (Karamanlis and Gollisch, 2021). Dorsal transient OFF alpha 
ganglion cells have more sustained light responses than their ventral counterparts (Warwick 
et al., 2018), and we verified this dichotomy in our recordings by examining differences in 
response transiency between the dorsal and ventral retina. 

Together, our results suggest that subunit grid models offer compact descriptions of nonlinear 
processing within the receptive fields of ganglion cells, and they can be used to discover 
within-type differences across the retinal surface. Furthermore, we establish that cell-type 
specific nonlinear models may be needed to improve response predictions for naturalistic 
stimuli. 

 



 
Fig. 3. Subunit grid models of ON direction-selective ganglion cells. (A) ON direction-selective 
(DS) cells have monophasic filters, with autocorrelograms suggesting sustained spiking responses. (B) 
ON DS cells were split into three groups, based on their preferred directions under a drifting grating 
stimulus. (C) Note that the subunit map only roughly matches the white-noise contour. (D) Subunit 
receptive fields of ON-OFF DS cells have stronger surrounds compared to alpha cells. Shaded error 
bars depict 95% confidence intervals. (E) The tuning surfaces of ON DS cells reveal strong 
suppression for higher spatial scales. Compared to ON brisk sustained cells (mean ± SD, Wilcoxon 
rank-sum test), ON DS cell from the same recording have (F) larger subunit diameters (45.6 ± 6.3 μm 
vs. 65.8 ± 7.4 μm, p = 0.003), (G) larger weights of subunit surround (0.021 ± 0.009 vs. 0.043 ± 
0.015, p = 0.017), (H) larger coverage factors (1.00 ± 0.38 vs. 1.63 ± 0.39, p = 0.014), and (I) larger 
performance improvement for natural images (1.12 ± 0.05 vs. 1.50 ± 0.73, p = 0.028). Numbers 
denote the number of cells in each group. 

 

The subunit grid model captures the existence of a strong subunit surround 

 

ON direction selective (DS) ganglion cells gave us a way to examine the nonlinear receptive 
field of another type besides the four alpha types, because DS cells could be readily identified 
in some of our recordings and were sufficiently many. DS cells are comprised of three 



subtypes, each with a different preferred direction, which we could extract from responses to 
drifting gratings (Figure 3A-B). Despite differing in preferred direction, all subtypes had very 
similar nonlinear receptive fields, with strongly rectifying nonlinearities (Fig. 3C-D). Closely 
examining the tuning of responses with respect to spatial frequency and orientation (Fig. 3E), 
we found that ON DS cells were mostly silent for wide-bar gratings. Such a strong surround 
suppression has been previously measured in ON DS cells, both with flashed spots of 
different sizes and drifting gratings (Dhande et al., 2013; Mani and Schwartz, 2017). The 
subunit grid model could reliably capture this dependence with subunits that had a 
pronounced surround (Fig. 3D), indicating that the strongest component of surround 
suppression is presynaptic. The subunits of ON DS cells were larger than the subunits of both 
ON brisk sustained and transient cells (Fig. 3I). This size asymmetry may reflect previous 
measurements: anatomical data suggest that ON DS cells receive input mainly from type 5 
bipolar cells (Matsumoto et al., 2019), while ON alpha cells from type 6 (Schwartz et al., 
2012), and type 5 bipolar cell have larger receptive fields (Franke et al., 2017). As also 
suggested by the spatial frequency and orientation tuning, the surround suppression of ON 
DS subunits was stronger than ON brisk sustained and transient cells (Fig. 3G), and the 
subunits densely covered the receptive field (Fig. 3H). Given their strong nonlinearities, the 
improvement for natural images was the highest (Fig. 3I) amongst the ON types. All these 
observations point to the fact that it is possible to distinguish many presynaptic parameters 
just by examining nonlinear receptive field properties. 
 

Naturalistic movies with imprinted mouse gaze shifts drive receptive field nonlinearities 

An ultimate goal of computational encoding models is to predict responses to naturalistic 
stimuli, not only with natural spatial structure, but also with natural temporal dynamics. To 
this end, we generated movies (Fig. 4A) by shifting natural images according to movements 
from the horizontal component of mouse gaze (Arne Meyer, personal communication), 
previously collected from freely-moving mice (Meyer et al., 2020). We presented these 
natural movies to the retina and collected ganglion cell spiking responses over multiple trials 
(Fig. 4B). We first examined how well linear-nonlinear (LN) models, with filters fitted from 
white noise, predicted responses to a repeated natural movie (Fig. 4C). We quantified model 
performance with a correlation coefficient between cell responses and model predictions, 
corrected for the retinal response variability (Schoppe et al., 2016) and this correction 
allowed us to compare prediction performance between natural images and movies. Overall, 
the performance to movies was lower compared to images (Fig. 4D), given that temporal 
dynamics present in the movies may drive multiple other processes like light intensity or 
contrast adaptation (Rieke and Rudd, 2009). Cells with more asymmetric subunit 
nonlinearities, estimated from flashed gratings, showed lower LN model performance for the 
natural movie (Fig. 4D). Thus, a model with subunit nonlinearities could potentially improve 
response predictions for spatially nonlinear types. 
  



 
Fig. 4. Subunit grid models improve predictions of responses to movies with naturalistic 
temporal dynamics. (A) Natural movies were presented to the retina. The movies were made by 
shifting natural images. (B) Raster plot of an ON brisk sustained cell response to 30 repeats of the 
same movie. Image transitions are noted with the red lines. (C) Average firing rate (binned at the 
screen refresh rate of 75 Hz) for a single cell. Prediction for an LN model (blue), where the linear part 
came from white noise but the nonlinearity from held-out natural movies. (D) LN model predictions 
were worse for natural movies compared to natural images (0.62 ± 0.22 vs. 0.75 ± 0.28, mean ± SD, n 
= 2000, p < 10-100, Wilcoxon sign-rank test). (E) Model performance negatively correlates with the 
absolute value of the nonlinearity asymmetry, which was measured from models fitted with flashed 
gratings (Spearman’s rho = -0.57, n = 935, p < 10-100). (F) Average firing rate during the presentation 
of the movie for the four alpha cell types (colored) and the rest of the recorded cells (gray). The firing 
rate of ON brisk transient was higher than the rest of the cells. (G) Performance for movies depends 
on cell type, with both ON (0.59 ± 0.13 vs. 0.76 ± 0.11, mean ± SD, p < 10-27, Wilcoxon rank-sum 
test) and OFF transient (0.70 ± 0.10 vs. 0.70 ± 0.15, mean ± SD, p = 0.012, Wilcoxon rank-sum test) 
cells showing significantly lower performance than their sustained counterparts. Numbers denote the 
number of cells in each group. (H) Flickering gratings were presented to the retina at 75 Hz refresh 
rate. (I) A subunit map obtained by fitting responses to flickering gratings. (J) The temporal 
component of the fitted model matches the temporal component estimated from white noise 



stimulation. (K) The spatial component of the cell determined from white-noise stimulation. (L) 
Predictions of the subunit grid model (CCnorm = 0.88) were better compared to the Gaussian model 
(CCnorm = 0.79). The highlighted part of (C) is shown, and arrows point to response parts captured 
by the subunit grid but not the Gaussian model. (M) For a population of ON brisk sustained cells (n = 
22), response predictions of the subunit grid model were better compared to the white noise LN model 
(0.86 ± 0.03 vs. 0.83 ± 0.05, mean ± SD, p < 10-3, Wilcoxon sign-rank test). 

 

Most of the recorded cells responded vigorously to the movie, but the four types of brisk cells 
responded more strongly than the rest (Fig. 4F), as expected from their high evoked firing 
rates and relatively weak receptive field surrounds (Krieger et al., 2017). Standard LN model 
predictions differed in their accuracy depending on the cell type (Fig. 4G), highlighting that 
LN models may not be sufficient for describing responses of all cell types (Karamanlis and 
Gollisch, 2021). For example, ON brisk sustained cells had the highest prediction 
performance, while ON brisk transient the lowest. To close the gap between model 
predictions and cell responses, we fitted spatiotemporal subunit grid models to ON brisk 
sustained cell responses under sinusoidal gratings flickering in a rapid succession (Fig. 4H). 
Besides a weight map of subunits (Fig. 4I), we also obtained a temporal component 
associated with the subunits. The obtained temporal components typically matched temporal 
filters obtained from white noise stimulation (Fig. 4J), probably because flickering gratings 
were also uncorrelated in time. Similar to flashes, the receptive field was decomposed into 
small functional subunits of a diameter around 40-50 μm, matching the subunit inputs to ON 
alpha cells (Schwartz et al., 2012). 

We then used spatiotemporal subunit grid models to predict responses to natural movies. 
Compared to the LN model, subunit grid models could better predict both response transients, 
but also periods of silence (Fig. 4L). Overall, prediction performance was higher compared to 
LN models obtained by white noise (Fig. 4M), but also LN DoG models fit with gratings 
(data not shown). These results suggest that the nonlinear receptive field structure is not only 
relevant under spatial naturalistic stimulation, but also under temporal naturalistic 
stimulation. 

 

Subunit structure alone is insufficient for explaining decorrelation in the retinal output  

What are the functional consequences of a nonlinear receptive field for the retinal encoding 
of natural scenes? The theory of efficient coding (Barlow, 1961) predicts that the outputs of 
retinal neurons will be more decorrelated compared to the highly correlated (in space and 
time) naturalistic stimuli. However, ganglion cell responses to simpler stimuli may retain a 
large part of these correlations (Pitkow and Meister, 2012; Simmons et al., 2013). We aimed 
to test the contribution of retinal nonlinearities to the efficient encoding of natural scenes. We 
first confirmed that the retinal output retains pairwise correlations within single cell types 
(Fig. 1A-B), using our natural movie with both natural spatial structure and animal-specific 
temporal dynamics. These correlations are evident for all four brisk types (Fig. 1C), and they 
have a strong dependence on distance. We then compared pairwise correlations between cell 
responses and predictions of LN models fit to the same cells: LN models were always more 
correlated than the actual responses, indicating that more elaborate mechanisms are needed to 
lower the redundancy in the responses of adjacent cells. 



 
Fig. 5. Response decorrelation to a natural movie requires a surround more than a nonlinear 
receptive field. (A) A mosaic of ON brisk sustained cells. (B) The responses of three neighboring 
cells are correlated. (C) Response correlations over receptive field distance for the three cells. For all 
types and over all distances, LN model correlations were higher than the actual response correlations 
(mean ± SD, Wilcoxon sign-rank test): ON brisk sustained (0.24 ± 0.19 vs 0.14 ± 0.16, p < 10-100), 
ON brisk transient (0.28 ± 0.19 vs 0.14 ± 0.14, p < 10-100), OFF brisk sustained (0.16 ± 0.15 vs 0.08 ± 
0.12, p < 10-100), OFF brisk transient (0.31 ± 0.20 vs 0.28 ± 0.19, p < 10-100). (D) Maps of subunit grid 
(SG) models (top) for the three cells outlined in (A). Overlaid are white-noise contours for 
comparison. Each subunit has a timecourse which matches for all ON brisk sustained cells (bottom). 
(E) Difference-of-Gaussians models for the three cells, built from responses to flickering gratings. 
Each cell has a Gaussian center (solid line) and surround (dotted line), here shown at 2sigma. Center 
and surround have different temporal filters (bottom), that match between the three neighboring cells. 
(F) The SG models are more correlated than the LN models (0.44 ± 0.20 vs 0.52 ± 0.19, mean ± SD, p 
< 10-38, Wilcoxon sign-rank test).). (G) The opposite relationship exists between the LN model from 
white noise and an LN model with a spatiotemporal DoG architecture (0.44 ± 0.20 vs 0.40 ± 0.19, 
mean ± SD, p < 10-25, Wilcoxon sign-rank test). 

 

Because nonlinearities in the retinal output are responsible for a lot of the decorrelation 
(Pitkow and Meister, 2012), we also hypothesized that also nonlinearities upstream of 



ganglion cells might decorrelate responses, an idea also suggested from nonlinear receptive 
field simulations (Maheswaranathan et al., 2018). Here, we used fitted subunit grid models to 
test whether nonlinearities in spatial integration could lower pairwise correlations relative to 
the LN model. However, we observed that the outputs of subunit models were more 
correlated that the LN model (Fig. 5F), despite providing more accurate response predictions. 
Because our spatiotemporal subunit models were missing a surround component, we 
hypothesized that a surround might be the source of the missing decorrelation, as originally 
predicted in the seminal works of Atick and Redlich (1990, 1992). We used the flickering 
gratings to fit difference-of-Gaussians LN models that had a separate temporal filter for the 
surround, which matched between ON brisk sustained cells (Fig. 5E). DoG LN models could 
indeed decrease pairwise correlations (Fig. 5G) relative to the baseline LN model from white 
noise. Given these results, nonlinear subunit models may require either subunit or global 
surrounds to correctly capture pairwise correlations between the output channels of the retina, 
and potentially further increase prediction performance. Thus, nonlinear processing in the 
retina likely fulfills computational roles extending beyond decorrelation. 

 

Discussion 

Our data show that nonlinear receptive field properties form an axis of variation in the 
mammalian retina that is parallel to classical linear receptive field characterizations. The 
nonlinear receptive fields of different cell types may differ not only in how they integrate 
subunits, but also in the properties of the subunits themselves. Furthermore, we reveal new 
asymmetries between mammalian ON and OFF cells (Ravi et al., 2018), with spatially 
nonlinear ON and spatially linear OFF alpha sustained cells, and small-subunit OFF and 
large-subunit ON alpha transient cells. We also show that the particular sensitivity of OFF 
alpha transient cells to homogenous stimuli is a property of the dorsal retina, further 
supporting the idea of regional variation within cell types (Heukamp et al., 2020).  

While nonlinear subunit models are typically fit with ganglion cell responses to white noise 
(Liu et al., 2017; Shah et al., 2020), most experimentalists use gratings to evaluate spatial 
nonlinearities (Borghuis et al., 2013; Crook et al., 2008; Turner and Rieke, 2016). This 
structured stimulation offers the ability to efficiently sample the underlying system, and has 
been used to probe linear receptive fields in other parts of the visual system (Mineault et al., 
2016; Ringach et al., 1997). Here, sinusoidal gratings allowed us to sample receptive field 
structure with an increased resolution and to decompose said structure into smaller nonlinear 
subunits. A similar principle is also employed by structured illumination microscopy 
(Gustafsson, 2000), a technique that uses grating-shaped laser light and computational 
reconstruction to generate super-resolved fluorescence images.  

Besides in the retina, our convolutional approach of fitting nonlinear receptive field models 
can also be used in illuminating the receptive field substructure of neurons in early visual 
cortices, which may also be subunit-like (Liu et al., 2016; Vintch et al., 2015). These subunits 
have receptive fields more complex than difference-of-Gaussians and are typically Gabor-
like. However, analytic calculations of a Gabor subunit’s activation in response to sinusoidal 
gratings already exist (Soodak, 1986) and can be used in conjunction with our subunit grid 
method to build subunit models and infer integration nonlinearities. 

The subunit grid method is a general-purpose nonlinear modeling framework that can capture 
ganglion cell responses to natural images even when the cells have quite different properties. 
Our method improves on previous nonlinear subunit extraction methods that have only been 
applied to small populations of ganglion cells, typically consisting of a few cell types (Liu et 



al., 2017; Shah et al., 2020). Subunit grid models applied to natural movies could also 
improve response predictions, but we found that upstream nonlinearities alone are insufficient 
to explain response decorrelation under a natural movie. Instead, the existence of a strong 
inhibitory surround better captures decorrelation. Previous work already hinted at 
decorrelation happening at the level of bipolar cells through inhibition (Franke et al., 2017). 
We conclude that enhancing spatiotemporal subunit models with surround inhibition is 
expected to further decrease response correlations, to match the ones existent intrinsically 
existent in the retinal output. Since surround inhibition may also affect spatial integration 
(Turner et al., 2018), its implementation in subunit grid models may also improve response 
predictions to naturalistic stimuli with temporal dynamics. 

Taken together, our results provide a basis for a new class of computational models of the 
retina. These models have a high predictive power for natural stimuli, show generality over 
cell types and are also able to capture functional variation across the retinal surface. Because 
our models can be easily implemented with presynaptic surround inhibition, they are 
expected to further improve predictions to naturalistic movies and explain the decorrelation 
happening in the retinal output. 
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Materials and Methods 
 
Animals  
 
We used 12 retina pieces from 8 adult wild-type mice of female sex (C57BL/6J), mostly 
between 7-15 weeks old (except for one 23-week-old). All mice were housed in a 12-hour 
light/dark cycle. Experimental procedures were in accordance with national and institutional 
guidelines and approved by the institutional animal care committee of the University Medical 
Center Göttingen, Germany. No statistical methods were used to predetermine sample size.  
 
Tissue preparation, electrophysiology, and spike-sorting 

We cut the globes along the ora serrata, removing the cornea, lens, and vitreous humor. The 
resulting eyecups were cut in half to allow two separate recordings. Based on anatomical 
landmarks, we performed the cut along the midline, and marked dorsal and ventral eyecups. 
Before the start of each recording, we isolated retina pieces from the eyecups. We placed the 
pieces ganglion cell-side-down on planar multielectrode arrays (Multichannel Systems; 252 
electrodes; 30 mm diameter, either 60- or 100-mm minimal electrode distance) with the help 
of a semipermeable dialysis membrane (Spectra Por), stretched across a circular plastic 
holder (removed before the recording). The arrays were coated with poly-D-lysine (Merck 
Millipore). Dissection and mounting were performed under infrared light on a stereo 
microscope equipped with night-vision goggles. 

Throughout the recording, retinal pieces were continuously superfused with the oxygenated 
Ames solution flowing at 5-6 ml/min. The bath solution was heated to a constant temperature 
of 34°C-35°C via an inline heater in the perfusion line and a heating element below the array. 
Extracellular voltage signals were amplified, bandpass filtered between 300 Hz and 5 kHz, 
and digitized at 25 kHz sampling rate. We used Kilosort (Pachitariu et al., 2016) for spike-
sorting. To ease manual curation, we implemented a channel selection step from Kilosort2 in 
the pipeline, by discarding channels that did not contain any threshold crossings. We curated 
Kilosort’s output through phy, a graphical user interface for visualization, and selected only 
well-separated units with clear refractory periods in the autocorrelograms. In a few cases, we 
had to merge units with temporally misaligned templates; we aligned the spike times by 
finding the optimal shift through the cross-correlation of the misaligned templates. 

Visual stimulation 

Visual stimuli were generated and controlled through custom-made software, based on Visual 
C++ and OpenGL. Different stimuli were presented sequentially to the retina through a 
gamma-corrected monochromatic white OLED monitor (eMagin) with 800 x 600 square 
pixels and 75 Hz refresh rate. The monitor image was projected through a telecentric lens 
(Edmund Optics) onto the photoreceptor layer of the retina, and each pixel’s side measured 
7.5 mm on the retina. All stimuli were presented on a background of low photopic light levels 
(~4000 R*/rod/s), and their mean intensity was always equal to the background. We fine-
tuned the focus of stimuli on the photoreceptor layer before the start of each experiment by 
visual monitoring through a light microscope and by inspection of spiking responses to 
contrast-reversing gratings with a bar width of 30 μm. 

 



Receptive field characterization 

To characterize spatial and temporal response properties of the recorded ganglion cells, we 
used a spatiotemporal binary white-noise stimulus (100% contrast) consisting of a 
checkerboard layout with flickering squares, 37.5 μm on the side. The stimulus update rate 
was 75 Hz. We then calculated spike-triggered averages (STAs) over a 500 ms time window 
(Chichilnisky, 2001), and extracted spatial and temporal filters for each cell as previously 
described (Freeman et al., 2015; Rhoades et al., 2019). Briefly, the temporal filter was 
calculated from the average of STA elements whose absolute peak intensity exceeded 4.5 
robust standard deviations of all elements. The robust standard deviation of a sample was 
defined as 1.4826 times the median absolute deviation of all elements. The spatial filter was 
obtained by projecting the spatiotemporal STA on the temporal filter. We also calculated 
spike-train autocorrelation functions under white noise, using a discretization of 0.5 ms. For 
plotting and subsequent analyses, all autocorrelations were normalized to unit sum. 

For each cell, a contour was used to summarize the spatial receptive field (RF). We 
upsampled the spatial RF to single-pixel resolution, and then blurred it with a circular 
Gaussian of σ = 4 pixels. We extracted RF contours using MATLAB’s “contour” function at 
25% of the maximum value in the blurred filter. In some cases, noisy STAs would cause the 
contour to contain points that laid further away from the actual spatial RF. Thus, we triaged 
the contour points, and removed points that exceeded 20 robust standard deviations of all 
consecutive distances. The center of each RF was defined as the median of all contour points, 
and its area as the area enclosed by the contour. 

Ganglion cell type identification 

We used responses to a barcode stimulus (Drinnenberg et al., 2018) to cluster cells in 
functional types within each single recording. The barcode is a one-dimensional variation of 
light intensity that moves across the screen. In particular, the barcode pattern had a length of 
12,495 mm and was generated by superimposing sinusoids of different spatial frequencies (f) 
with an 1/f weighting. The constituent sinusoids had spatial frequencies between 1/12495 and 
1/120 μm-1 (separated by 1/12495 μm-1 steps) and had pseudorandom phases. The final 
barcode pattern was normalized so that the brightest (and dimmest) values corresponded to 
100% (and -100%) Weber contrast from the background. The pattern moved horizontally 
across the screen at a constant speed of 1125 μm/s, and the stimulus was repeated 10 to 20 
times. Obtained spike trains were converted into firing rates using 20-ms bins, and Gaussian 
smoothing with a σ = 20 ms. We quantified cell reliability with a symmetrized coefficient of 
determination (R2), as described previously (Karamanlis and Gollisch, 2021). We only 
included cells with a symmetrized R2 value of at least 0.1, that were not putative direction-
selective cells (see below). 

We used barcode average responses to generate a pairwise similarity matrix, as described 
previously (Drinnenberg et al., 2018). We defined the similarity between each pair of cells as 
the peak of the normalized cross-correlation function between the spike rate profiles of the 
two cells. To obtain a final similarity matrix, we multiplied the barcode similarity matrix with 
three more similarity matrices, obtained from RF response properties. The first two were 
generated by computing pairwise correlations between both the temporal filters and the 
autocorrelation functions of each cell. The third one used RF areas and was defined as the 
ratio of the minimum of the two areas over their maximum.  



We converted the combined similarity matrix to a distance matrix by subtracting it from one. 
We then computed a hierarchical cluster tree with MATLAB’s “linkage” function and the 
largest distance between cells (complete linkage) as a measure for cluster distance. The tree 
was used to generate 45 clusters. This procedure yielded clusters with uniform temporal 
components and autocorrelations, and RF overlaps expected from tiling, but typically resulted 
in oversplitting functional ganglion cell types. Thus, we manually merged clusters with at 
least two cells, based on the similarity of properties used for clustering and RF tiling. To 
incorporate cells that were left out of the clustering because of the barcode quality criterion, 
we expanded the clusters obtained after merging. For each unclustered cell, we calculated 
Mahalanobis distances to all the obtained clusters. A cell was assigned to a cluster if its 
distance from the cluster was at most 5σ, but at least 10σ for all other clusters. Our method 
could consistently identify types with tiling RFs, such as the four brisk types we refer to 
throughout this work. 

Matching cell types to previously identified functional ganglion cell types 

We also presented the chirp stimulus, with parameters matching the original description 
(Baden et al., 2016). From complete darkness, to twice the mean brightness of our OLED 
screen. The stimulus was presented 10-20 times. To compare to the calcium traces in the 
database, we convolved our spiking data with the calcium kernel reported in the original 
paper (Baden et al., 2016). We then calculated “match-indices” (Román Rosón et al., 2019), 
by computing correlations to the average traces of each cluster in the database. 

For some experiments, we used the responses under spot stimuli (Goetz et al., 2021). Briefly, 
we flashed one-second-long spots over the retina at different locations and five different 
diameters (100, 240, 480, 960 and 1200 μm). Between spot presentations, illumination was 
set to complete darkness, and the spots had an intensity of 100-200 R*/rod/s. For each cell, 
we estimated a response center, by finding which location drove stronger responses over all 
five different spots. We only used cells whose estimated response center for the spots lay no 
further than 75 μm from the RF center. To calculate similarities to the database, we 
concatenated vectors of firing rate responses to the five different spots for all types in the 
database. We then used correlation to match our ganglion cells to the database templates.  

In some experiments, we also used saccade gratings to detect image-recurrence-sensitive 
cells, that correspond OFF transient alpha cells in the mouse retina (Karamanlis and Gollisch, 
2021; Khani and Gollisch, 2017; Krishnamoorthy et al., 2017).  

Extraction of direction-selective (DS) ganglion cells 

To identify DS ganglion cells, we used drifting sinusoidal gratings of 100% contrast, 240 mm 
spatial period, and a temporal frequency of 0.6 Hz (Sabbah et al., 2017), and analyzed 
responses as previously described (Karamanlis and Gollisch, 2021). Cells with a mean firing 
rate of at least 1 Hz and a direction-selectivity-index (DSI) of at least 0.2 (significant at 1% 
level) were considered putative DS cells. The DSI was defined as the magnitude of the 
normalized complex sum ∑ 𝑟 𝑒 ∑ 𝑟⁄ . The preferred direction was obtained as the 
argument of the same sum. The statistical significance of the DSI was determined through a 
Monte Carlo permutation approach (Karamanlis and Gollisch, 2021; Liu et al., 2017). 

 



To separate ON from ON-OFF DS cells, we used a moving bar stimulus. The bars had 100% 
contrast and were moved in eight different directions with a speed of 1125 μm/s. We 
extracted an response profile to all bars through singular value decomposition, as previously 
described (Baden et al., 2016), and calculated an ON-OFF index, to determine whether cells 
responded only to the bar onset (ON), or to both onset and offset (ON-OFF). Cells with an 
ON-OFF index above 0.4 were assigned as ON DS cells and were grouped into three clusters 
based on their preferred directions. 

Flashed gratings 

We generated 1200 different gratings with 25 or 30 different spatial frequencies (𝑓), with 
half-periods between 15 and 1200 μm, approximately logarithmically spaced. For each 
grating, we generated 12 or 10 orientations (𝜃) and 4 spatial phases (𝜑 ). For a given grating, 
the contrast value for each pixel with (𝑥, 𝑦) coordinates was generated based on the following 
equation: 

𝐶(𝑥, 𝑦) = sin(2𝜋𝑓(𝑥 cos 𝜃 + 𝑦 sin 𝜃 + 𝜑 )) 

Gratings were presented as 200-ms flashes on the retina, separated by a 600-ms or 800-ms 
gray screen in between. The order of presentation was pseudorandom. We collected spike-
count responses to the flashes by counting spikes 20 ms after stimulus onset up to 20 ms after 
stimulus offset, and typically collected three to five trials per grating. We used tuning 
surfaces to summarize responses (Fig. 1D), which we generated by averaging responses over 
trials and spatial phases for each frequency-orientation pair. We then calculated symmetrized 
R2 values for the spike counts, and only cells with an R2 of at least 0.2 were used for further 
analyses. 

Difference-of-Gaussians model 

We analytically estimated the activation of a difference-of-Gaussians (DoG) receptive field, 
by considering the activations of both center and surround elliptical Gaussians to the grating, 
based on previous calculations (Soodak, 1986). Concretely, the response of a DoG receptive 
field (𝑟 ) centered at (𝑥 , 𝑦 ), to a parametric sinusoidal grating (𝑓, 𝜃, 𝜑 ) is 

𝑟 𝑓, 𝜃, 𝜑 ; 𝑥 , 𝑦 , 𝜎 , 𝜎 , 𝜃 , 𝑘 , 𝑤

= 𝐴 (𝑓; 𝜎 , 𝜎 , 𝜃 , 𝑘 , 𝑤 ) ∗ cos 𝛩 (𝑓, 𝜃, 𝜑 ; 𝑥 , 𝑦 ) 

with the amplitude 𝐴  given by 

𝐴 (𝑓; 𝜎, 𝑘 , 𝑤 ) = 𝑒 − 𝑤 𝑒 ( )  

with 

𝜎 = 𝜎  sin (𝜃 + 𝜃 ) +  𝜎  cos (𝜃 + 𝜃 ) 

where standard deviations 𝜎  and 𝜎  at x- and y-axes, 𝜃  the orientation of one of the 

principal axes, 𝑘  the scaling for the subunit surround, and 𝑤  a factor determining the 
relative strength of the surround. The subunit phase 𝛩  is given by 

𝛩 (𝑓, 𝜃, 𝜑 ; 𝑥 , 𝑦 )  =  2𝜋𝑓 𝑥 + 𝑦  cos(𝜃 − tan
𝑦

𝑥
) + 𝜑 −  𝜋/2 



The full DoG response model was 

𝑅 =  𝑎𝑁(𝛽 𝑟 + 𝛾 )  

where 𝑁(𝑥) = (1 + 𝑒 )  is a logistic function, 𝛽  and 𝛾  are parameters determining 
the steepness and threshold of the output nonlinearity, and 𝑎 is a response scaling factor. 

All model parameters (𝑥 , 𝑦 , 𝜎 , 𝜎 , 𝜃 , 𝑘 , 𝑤 , 𝛽 , 𝛾 , 𝑎) were optimized 
simultaneously using constrained gradient descent in MATLAB with the following 
constraints: 𝜎 , 𝜎 > 7.5 μm, − 𝜋 4⁄ < 𝜃 < 𝜋 4⁄ , 1 < 𝑘 < 6, 𝑎 > 0. The cost function 
we used was negative log-likelihood. 

Subunit grid model 

We fit all subunit grid models with 1200 subunits, placed in a hexagonal grid around a given 
RF center location. The center was taken as the fitted center of the DoG model. The subunits 
were spaced 16 μm apart. Each subunit had a circular DoG profile, with standard deviation of  
𝜎 and centered at (𝑥 , 𝑦 ), and its activation was given by 

𝑟 (𝑓, 𝜃, 𝜑 ; 𝑥 , 𝑦 , 𝜎, 𝑘 , 𝑤 ) = 𝐴 (𝑓; 𝜎, 𝑘 , 𝑤 ) ∗ cos 𝛩 (𝑓, 𝜃, 𝜑 ; 𝑥 , 𝑦 )   

where both amplitude and phase are given by the DoG receptive field formulas for 𝜎 =

𝜎 = 𝜎. 

The full response model was 

𝑅 =  𝑎𝑁( 𝑤 𝑁(𝛽𝑟 + 𝛾) + 𝑏) 

where 𝑁(𝑥) = (1 + 𝑒 )  is a logistic function, 𝛽 and 𝛾 are parameters determining the 
steepness and threshold of the subunit nonlinearity, 𝑏 determines the baseline activation, 𝑤  
are non-negative subunit weights, and 𝑎 is a response scaling factor. 

Fitting and model selection 

We optimized subunit grid models using ADAM (Kingma and Ba, 2014), with the following 
parameters: batch size = 64, η = 0.005, β1 = 0.9, β2 = 0.999, ε = 10-6. The cost function we 
minimized was  

−
1

𝑁
ln 𝐿 𝒔𝑮, 𝒓𝑮; 𝜽𝒑, 𝒘 + 𝜆 𝑤

𝑤

𝑑
 

with 𝑁  being the total number of spikes, 𝐿 the Poisson likelihood, 𝒔𝑮 the vector of all 

grating parameters used, 𝒓𝑮 the corresponding spike-count response vector, 𝜽𝒑 = 

(𝜎, 𝑘 , 𝑤 , 𝛽, 𝛾, 𝑏, 𝑎) all the shared model parameters, and 𝒘 = (𝑤 , … , 𝑤 ) the vector 

containing all subunit weights. 𝜆 controls the regularization strength, which depends on the 
pairwise subunit distances 𝑑 .  

After the end of the optimization, we pruned subunit weights with small contributions or 
weights that ended up outside the receptive field. At first, we set to zero every weight smaller 
than 5% of the maximum subunit weight. We then fitted a two-dimensional Gaussian to an 



estimate of the receptive field, obtained by summing subunit receptive fields weighted by the 
subunit weights. The weight corresponding to any subunit center lying more than 2 sigma 
outside that Gaussian was set to zero. To ensure proper scaling of the output nonlinearity, we 
refitted a scaling factor to the weights after weight pruning. 

We used the Bayesian Information Criterion (BIC) to select for the right amount of 
regularization. In particular, we calculated BIC for a subunit grid model as 

𝑁 ln(𝑁 ) − 2ln (𝐿) 

where 𝑁  is the number of non-zero subunits, 𝑁  is the number of grating-response pairs 
used to fit the model, and 𝐿 the likelihood of the fitted model. The model with the lowest BIC 
balanced good prediction performance and realistic receptive field substructure. 

Parameter characterization of the subunit grid model  

A coverage value was calculated if there were at least 3 subunits with non-zero weights in the 
model. It was calculated as the ratio of A over B, where A was the subunit diameter (4σ of 
the Gaussian), and B was the average subunit distance. For a particular cell, the average 
subunit distance was calculated over all subunit pairs, weighted by each pair’s average 
subunit weight. 

To plot and characterize nonlinearities, we first added an offset so that at an input of zero 
they show zero output. We then scaled them with the maximum value over the [-1,1] range. 
Following offsetting and scaling, we calculated nonlinearity asymmetries to quantify the 
response linearity of subunits: 

1 − |min (𝑁(𝑥))|

1 + |min (𝑁(𝑥))|
 

where 𝑥 ∈ [−1,1] and 𝑁(𝑥) is the nonlinearity defined over the same range. In most cases we 
used the absolute value of the nonlinearity asymmetry, to also cover cases where negative 
values dominated, such as in OFF brisk transient cells. 

Checkerboard flashes and responses predictions 

The checkerboard flash stimulus was used to test response predictions of the different 
receptive field models, and we described it before (Karamanlis and Gollisch, 2021). For our 
experiments, we used a square sampling space instead of a polar one. The checkerboards 
were flashed for 200 ms, interleaved with either 600 or 800 ms of grey background. Average 
spike counts were collected as in the case of flashed gratings and only cells with symmetrized 
R2 of at least 0.2 were used for further analyses. Response predictions were evaluated by 
calculating the rank correlation between a cell’s responses and model predictions without 
considering the output nonlinearity. For generating the response maps of Fig. 1J, we fit a 
logistic nonlinearity between model predictions and cell responses. 

Natural images and response predictions 

We flashes a series of 120 natural images to the retina, as described previously (Karamanlis 
and Gollisch, 2021). We used images from the Van Hateren database, which were cropped to 
their central 512x512 square, and flashed over the multielectrode array. All images were 
multiplicatively scaled to have the same mean intensity (same as the background). 



Interspersed with the natural images, we also presented 80 artificial images. The images were 
generated as black-and-white random patterns at a single-pixel level, and then blurred with 
Gaussians of eight different spatial scales (Schwartz et al., 2012). The images were flashes 
for 200 ms, interleaved with either 600 or 800 ms of grey background. Average spike counts 
were collected as in the case of flashed gratings and only cells with symmetrized R2 of at 
least 0.2 were used for further analyses. 

To calculate response predictions for white noise, we used the output of spatial filters that 
were involved with the natural images. The filters were upsampled to match the resolution of 
the presented images and normalized with the sum of their absolute values. For models 
obtained by flashed gratings, DoG receptive fields and subunit receptive fields were 
instantiated at a single pixel resolution, and then convolved with the natural images. For the 
subunit model, the convolution outputs were passed through the fitted nonlinearity, and then 
summed under the subunit weights. The performance for each model was calculated as the 
rank correlation between the model output (without an explicit output nonlinearity) and cell 
responses to the natural images. 

Flickering gratings and baseline spatiotemporal LN models 

We generated 4800 different gratings with 30 different spatial frequencies, between 15 and 
1200 μm bar widths, approximately logarithmically spaced. For each grating, we generated 
20 orientations and 8 spatial phases. The gratings were presented in a pseudorandom 
sequence, updated at a 75 Hz refresh rate. Every 1200 frames, we interleaved a unique 
sequence of 600 frames that was repeated throughout the recording to evaluate response 
quality. 

We fit a spatio-temporal DoG LN model to the grating responses. The temporal filters 
spanned a duration of 500 ms and were modeled as a linear combination of ten basis 
functions. The response delay was accounted for with two square basis functions spanning 
the period of two frames before a spike. The remaining eight of were chosen from a raised 
cosine basis (Latimer et al., 2019).  

Concretely, the spatio-temporal DoG model had the form 

𝑅 = 𝑎𝑁(𝒓𝑪
𝑻𝒌𝑪𝒕 + 𝒓𝑺

𝑻𝒌𝑺𝒕 + 𝑏) 

where 𝑁(𝑥) = (1 + 𝑒 )  is a logistic function, 𝒌𝑪𝒕 and 𝒌𝑺𝒕 are separate temporal filters 
for the center and the surround, 𝑏 determines the baseline activation, and 𝑎 is a response 
scaling factor. The vectors 𝒓𝑪 and 𝒓𝑺 contain DoG receptive field activations for 500 ms 
before a particular frame and were calculated based on the same calculations we used for the 
flashed gratings. The model was fit with nonlinear constrained optimization, with DoG 
constraints similar as in the case of flashed gratings, and 𝑎 > 0. 

Spatio-temporal subunit grid model 

We also fit a spatio-temporal subunit grid model to the grating responses. Our strategy was 
very similar to the grating flash case. We fit all subunit grid models with 1000 subunits, 
placed in a hexagonal grid around a given RF center location. The center was taken as the 
fitted center of the DoG model. The subunits were spaced 16 μm apart. 

 



𝑅 = 𝑎𝑁( 𝑤 𝑁(𝒓𝒔
𝑻𝒌𝒕 + 𝛾) + 𝑏) 

where 𝑁(𝑥) is a logistic function, 𝒌𝒕 is a temporal filter shared for all subunits, 𝛾 determines 
the nonlinearity threshold, 𝑏 determines the model’s baseline activation, 𝑎 is a response 
scaling factor, and 𝑤  are non-negative subunit weights. The vectors 𝒓𝒔 contain Gaussian 
subunit activations for 500 ms before a particular frame and for each subunit. The only 
parameter that is required to fit Gaussian subunits is the standard deviation 𝜎. 

We used block-cyclic stochastic gradient descent to fit spatio-temporal models. For each 
batch of 512 samples, we only updated the parameters belonging to one block. The blocks we 
used updated:  

 the basis coefficients for the temporal filter, the Gaussian standard deviation 𝜎, and 
the threshold parameter 𝛾. 

 the subunit weights 𝑤 . 
 The output nonlinearity parameters 𝑎 and 𝑏. 

Each block was updated using ADAM gradients. We used the same regularization as in the 
case of flashed gratings to control for subunit density, and we performed model selection 
through the BIC. 

Natural movies, response predictions, and response correlations 

We constructed natural movies based on rationale previously applied for the primate retina 
(Heitman et al., 2016; Shah et al., 2020). Briefly, the movies consisted of 325 images from 
the Van Hateren database (van Hateren and van der Schaaf, 1998), shown for one second 
each, and jittered according to the horizontal gaze component (Meyer et al., 2020) of freely 
moving mice (Arne Meyer, personal communication). Because the original gaze traces were 
sampled at 60 Hz, we resampled traces to produce a movie with a refresh rate of 75 Hz. 
Horizontal gaze is a one-dimensional movement on the nasotemporal axis of the retina: since 
the relative position of image movement and the retina was unknown during the experiment, 
we randomly assigned each one-second movement to one of four orientations (0, 45, 90 or 
135 degrees). The amplitude of the original movement was given in visual degrees and we 
transformed it to μm on the retina, using a retinal magnification factor of 31 μm/deg for the 
mouse. All images were multiplicatively scaled to have the same mean intensity (same as the 
background). The presented natural movie consisted of multiple cycles of training and test 
stimuli. The training stimuli consisted of 35 images out of the 300 (sampled with 
replacement), each paired with a unique movement trajectory. Testing stimuli consisted of 25 
distinct natural images, again paired with unique movement trajectories. To extract firing 
rates for the testing stimulus, spike trains were binned at a single frame resolution, and only 
cells with a symmetrized R2 of at least 0.2 were used for following analyses. Model 
performance was calculated on the testing stimulus, using the normalized correlation 
coefficient (Schoppe et al., 2016). 

All model predictions for natural movies used the testing part for evaluation, and the training 
part for estimating the output nonlinearity. The output nonlinearity was built a through a 
histogram method (40 bins) applied on model generator signals (Liu et al., 2015) and was 



applied to testing generator signals through linear interpolation. For an LN model built from 
white noise, we projected movie frames on the upsampled spatial filter (to single-pixel 
resolution) and convolved the result with the temporal filter. For difference-of-Gaussians LN 
models built from flickering gratings, we instantiated center and surround filters to single 
pixel resolution. Again, we projected movie frames on both filters separately, convolved each 
result with the corresponding temporal filter, and summed the two outputs for obtaining the 
final generator signal. For subunit grid models, Gaussian filters for each subunit were 
instantiated at a single pixel resolution and then applied to movie frames, followed by 
temporal convolution. The subunit nonlinearity fitted from the gratings was then applied to 
linear subunit outputs, which were then summed with the non-negative pooling weights to 
obtain the final generator signal. 

We calculated movie response correlations between all cell pairs of the same type, using the 
trial-averaged firing rates of the testing stimulus. We also performed the same analyses for 
model predictions. To generate correlation-distance curves (Fig. 5C), we sorted pairs by 
ascending distance, and averaged pair correlations over groups of 90 pairs (for ON brisk 
transient cells we used 30, because of the limited number of available pairs).  



Supplementary Figures 

 

Fig. S1. Weight density regularization decreases subunit coverage with increasing 
regularization strength. (A) Subunit grids fitted to spiking responses of an example retinal ganglion 
cell (Fig. 1) for six different regularization values. (B) Subunit receptive field profiles. (C) Subunit 
nonlinearities. (D) Model training curve. (E) Tuning curve prediction of the fitted model (F) The cost 
function at the end of the optimization versus the regularization strength. (G) The number of subunits 
decreases with increasing regularization. (H) Receptive field coverage decreases with the strength of 
the applied regularization. (I) We used the Bayesian Information Criterion (BIC) to select the best 
model. We used the number of non-negative subunits as the number of parameters for specifying the 
BIC. 

  



 

Fig. S2. Mapping identified ganglion cells mosaics to previously characterized cell types in the 
mouse retina. (A) Responses of the four brisk types to the chirp stimulus (top), previously used to 
classify mouse retinal ganglion cells (Baden et al., 2016). The spiking responses were converted to a 
calcium-equivalent signal and compared (with Pearson correlation) to the reported means of different 
clusters (right). (B) Average correlation to all clusters. Shown are the top three hits. (C) An OFF brisk 
transient cell showing image recurrence sensitivity, measured with saccade gratings (Krishnamoorthy 
et al., 2017). This sensitivity was quantified with the recurrence sensitivity index (RSI). (D) OFF brisk 
transient cells had significantly higher RSI indices than OFF brisk sustained cells (mean ± SD vs. 
mean ± SD, mean ± SD, p<10-50, Wilcoxon rank-sum test), and the indices were significantly higher 
than 0.5 (p = 0.038, Wilcoxon sign-rank test), the threshold used for the original characterization. (E) 
Average responses of the four main types to flashed spots of five different sizes. The spots were 
flashed either within, or very close to the receptive field centers of the selected cells. Shaded error 
bars are 95% confidence intervals. (F) Spot responses were compared to a functional database (Goetz 
et al., 2021) with correlation. Top three hits are shown, and all match the alpha types. For ON brisk 
transient cells, the match is medium RF, hypothesized to match the original description of the ON 
alpha transient cell (Krieger et al., 2017). 



 

Fig. S3. Subunit nonlinearities differ between dorsal and ventral OFF alpha transient cells. (A) 
Subunit model parameters for a transient OFF alpha cell mosaic in the dorsal retina. (B) Same as (A), 
but for a recording from the same eye coming from the ventral retina. (C) Asymmetry in the 
nonlinearities is evident for all recorded OFF alpha cells. (D) The asymmetry affects sensitivity to 
spatial contrast (SC) in natural scenes. SC sensitivity was defined in our previous work (Karamanlis 
and Gollisch, 2021). Nonlinearity asymmetry was related to both model performance calculated for 
natural images (E) but also natural movies (F). Both dorsal and ventral cells were better predicted 
with LN models if their nonlinearity asymmetries were close to zero. (G) Responses of dorsal (top) 
and ventral (bottom) OFF alpha transient cells to a moving bar stimulus. The responses correspond to 
the average bar response over eight different directions. The bars had an ON contrast and 
approximately entered the receptive field of the cells at the plots start and left the receptive field 
approximately at the timepoint marked by the dashed lines. (H) The responses in the ventral retina 
showed a peak following the onset of the bar, which we quantified with a response asymmetry index. 
The index was (Roff - Ron)/(Roff + Ron) was significantly higher for the dorsal retina (0.67 ± 0.31 vs 
0.00 ± 0.38, mean ± SD, p < 10-23, Wilcoxon rank-sum test). (I) Moving bar offset responses in the 
dorsal retina were more sustained compared to the ventral retina (0.26 ± 0.06 vs 0.23 ± 0.22, mean ± 
SD, p < 10-12, Wilcoxon rank-sum test). The sustained index was defined as the ratio of the average 
response over the maximum response in the time window following the bar leaving the receptive field 
center. 

 
  



References and Notes 

Atick, J.J., and Redlich, A.N. (1990). Towards a Theory of Early Visual Processing. Neural 
Comput. 2, 308–320. 

Atick, J.J., and Redlich, A.N. (1992). What Does the Retina Know about Natural Scenes? 
Neural Comput. 4, 196–210. 

Baden, T., Berens, P., Franke, K., Román Rosón, M., Bethge, M., and Euler, T. (2016). The 
functional diversity of retinal ganglion cells in the mouse. Nature 529, 345–350. 

Bae, J.A., Mu, S., Kim, J.S., Turner, N.L., Tartavull, I., Kemnitz, N., Jordan, C.S., Norton, 
A.D., Silversmith, W.M., Prentki, R., et al. (2018). Digital Museum of Retinal Ganglion Cells 
with Dense Anatomy and Physiology. Cell 173, 1293-1306.e19. 

Barlow, H. (1961). Possible principles underlying the transformations of sensory messages. 
Sens. Commun. 6, 57–58. 

Behrens, C., Schubert, T., Haverkamp, S., Euler, T., and Berens, P. (2016). Connectivity map 
of bipolar cells and photoreceptors in the mouse retina. ELife 5, e20041. 

Bleckert, A., Schwartz, G.W., Turner, M.H., Rieke, F., and Wong, R.O.L. (2014). Visual 
space is represented by nonmatching topographies of distinct mouse retinal ganglion cell 
types. Curr. Biol. 24, 310–315. 

Bölinger, D., and Gollisch, T. (2012). Closed-Loop Measurements of Iso-Response Stimuli 
Reveal Dynamic Nonlinear Stimulus Integration in the Retina. Neuron 73, 333–346. 

Borghuis, B.G., Marvin, J.S., Looger, L.L., and Demb, J.B. (2013). Two-Photon Imaging of 
Nonlinear Glutamate Release Dynamics at Bipolar Cell Synapses in the Mouse Retina. J. 
Neurosci. 33, 10972–10985. 

Chichilnisky, E.J. (2001). A simple white noise analysis of neuronal light responses. Netw. 
Comput. Neural Syst. 12, 199–213. 

Chichilnisky, E.J., and Kalmar, R.S. (2002). Functional Asymmetries in ON and OFF 
Ganglion Cells of Primate Retina. J. Neurosci. 22, 2737–2747. 

Crook, J.D., Peterson, B.B., Packer, O.S., Robinson, F.R., Troy, J.B., and Dacey, D.M. 
(2008). Y-cell receptive field and collicular projection of parasol ganglion cells in macaque 
monkey retina. J. Neurosci. 28, 11277–11291. 

Demb, J.B., Zaghloul, K., Haarsma, L., and Sterling, P. (2001). Bipolar Cells Contribute to 
Nonlinear Spatial Summation in the Brisk-Transient (Y) Ganglion Cell in Mammalian 
Retina. J. Neurosci. 21, 7447–7454. 

Dhande, O.S., Estevez, M.E., Quattrochi, L.E., El-Danaf, R.N., Nguyen, P.L., Berson, D.M., 
and Huberman, A.D. (2013). Genetic dissection of retinal inputs to brainstem nuclei 
controlling image stabilization. J. Neurosci. 33, 17797–17813. 

Drinnenberg, A., Franke, F., Morikawa, R.K., Jüttner, J., Hillier, D., Hantz, P., Hierlemann, 
A., Azeredo da Silveira, R., and Roska, B. (2018). How Diverse Retinal Functions Arise from 
Feedback at the First Visual Synapse. Neuron 99, 117-134.e11. 

Enroth-Cugell, C., and Robson, J.G. (1966). The contrast sensitivity of retinal ganglion cells 
of the cat. J. Physiol. 187, 517–552. 

Franke, K., Berens, P., Schubert, T., Bethge, M., Euler, T., and Baden, T. (2017). Inhibition 
decorrelates visual feature representations in the inner retina. Nature 542, 439–444. 



Freed, M. a, and Sterling, P. (1988). The ON-alpha ganglion cell of the cat retina and its 
presynaptic cell types. J. Neurosci. 8, 2303–2320. 

Freeman, J., Field, G.D., Li, P.H., Greschner, M., Gunning, D.E., Mathieson, K., Sher, A., 
Litke, A.M., Paninski, L., Simoncelli, E.P., et al. (2015). Mapping nonlinear receptive field 
structure in primate retina at single cone resolution. ELife 4, e05241. 

Goetz, J., Jessen, Z.F., Jacobi, A., Mani, A., Cooler, S., Greer, D., Kadri, S., Segal, J., 
Shekhar, K., Sanes, J.R., et al. (2021). Unified classification of mouse retinal ganglion cells 
using function, morphology, and gene expression. BioRxiv 447922v1. 

Gustafsson, M.G.L. (2000). Surpassing the lateral resolution limit by a factor of two using 
structured illumination microscopy. J. Microsc. 198, 82–87. 

van Hateren, J.H., and van der Schaaf, A. (1998). Independent component filters of natural 
images compared with simple cells in primary visual cortex. Proc. R. Soc. B Biol. Sci. 265, 
359–366. 

Heitman, A., Brackbill, N., Greschner, M., Sher, A., Litke, A.M., and Chichilnisky, E.J. 
(2016). Testing pseudo-linear models of responses to natural scenes in primate retina. 
BioRxiv 045336v2. 

Heukamp, A.S., Warwick, R.A., and Rivlin-Etzion, M. (2020). Topographic Variations in 
Retinal Encoding of Visual Space. Annu. Rev. Vis. Sci. 6, 237–259. 

Johnson, K.P., Zhao, L., and Kerschensteiner, D. (2018). A Pixel-Encoder Retinal Ganglion 
Cell with Spatially Offset Excitatory and Inhibitory Receptive Fields. Cell Rep. 22, 1462–
1472. 

Karamanlis, D., and Gollisch, T. (2021). Nonlinear spatial integration underlies the diversity 
of retinal ganglion cell responses to natural images. J. Neurosci. 41, 3479–3498. 

Khani, M.H., and Gollisch, T. (2017). Diversity in spatial scope of contrast adaptation among 
mouse retinal ganglion cells. J. Neurophysiol. 118, 3024–3043. 

Kingma, D.P., and Ba, J. (2014). Adam: A Method for Stochastic Optimization. 3rd Int. 
Conf. Learn. Represent. ICLR 2015 - Conf. Track Proc. 1–15. 

Kling, A., Gogliettino, A.R., Shah, N.P., Wu, E.G., Brackbill, N., Sher, A., Litke, A.M., 
Silva, R.A., and Chichilnisky, E.J. (2020). Functional Organization of Midget and Parasol 
Ganglion Cells in the Human Retina. BioRxiv 240762v1. 

Krieger, B., Qiao, M., Rousso, D.L., Sanes, J.R., and Meister, M. (2017). Four alpha ganglion 
cell types in mouse retina: Function, structure, and molecular signatures. PLoS One 12, 
e0180091. 

Krishnamoorthy, V., Weick, M., and Gollisch, T. (2017). Sensitivity to image recurrence 
across eye-movement-like image transitions through local serial inhibition in the retina. ELife 
6, e22431. 

Kuo, S.P., Schwartz, G.W., and Rieke, F. (2016). Nonlinear Spatiotemporal Integration by 
Electrical and Chemical Synapses in the Retina. Neuron 90, 320–332. 

Latimer, K.W., Rieke, F., and Pillow, J.W. (2019). Inferring synaptic inputs from spikes with 
a conductance-based neural encoding model. ELife 8, e47012. 

Liu, J.K., Gollisch, T., and Gollisch, Tim; Liu Jian, K.. (2015). Spike-Triggered Covariance 
Analysis Reveals Phenomenological Diversity of Contrast Adaptation in the Retina. PLoS 
Comput. Biol. 11, 1–30. 



Liu, J.K., Schreyer, H.M., Onken, A., Rozenblit, F., Khani, M.H., Krishnamoorthy, V., 
Panzeri, S., and Gollisch, T. (2017). Inference of neuronal functional circuitry with spike-
triggered non-negative matrix factorization. Nat. Commun. 8, 149. 

Liu, L., She, L., Chen, M., Liu, T., Lu, H.D., Dan, Y., and Poo, M. (2016). Spatial structure 
of neuronal receptive field in awake monkey secondary visual cortex (V2). Proc. Natl. Acad. 
Sci. 113, 1913–1918. 

Maheswaranathan, N., Kastner, D.B., Baccus, S.A., and Ganguli, S. (2018). Inferring hidden 
structure in multilayered neural circuits. PLOS Comput. Biol. 14, e1006291. 

Mani, A., and Schwartz, G.W. (2017). Circuit Mechanisms of a Retinal Ganglion Cell with 
Stimulus-Dependent Response Latency and Activation Beyond Its Dendrites. Curr. Biol. 27, 
471–482. 

Martersteck, E.M., Hirokawa, K.E., Evarts, M., Bernard, A., Duan, X., Li, Y., Ng, L., Oh, 
S.W., Ouellette, B., Royall, J.J., et al. (2017). Diverse Central Projection Patterns of Retinal 
Ganglion Cells. Cell Rep. 18, 2058–2072. 

Matsumoto, A., Briggman, K.L., and Yonehara, K. (2019). Spatiotemporally Asymmetric 
Excitation Supports Mammalian Retinal Motion Sensitivity. Curr. Biol. 29, 3277-3288.e5. 

McMahon, M.J., Packer, O.S., and Dacey, D.M. (2004). The classical receptive field 
surround of primate parasol ganglion cells is mediated primarily by a non-GABAergic 
pathway. J. Neurosci. 24, 3736–3745. 

Meyer, A.F., O’Keefe, J., and Poort, J. (2020). Two Distinct Types of Eye-Head Coupling in 
Freely Moving Mice. Curr. Biol. 30, 2116-2130.e6. 

Mineault, P.J., Tring, E., Trachtenberg, J.T., and Ringach, D.L. (2016). Enhanced Spatial 
Resolution During Locomotion and Heightened Attention in Mouse Primary Visual Cortex. J. 
Neurosci. 36, 6382–6392. 

Pachitariu, M., Steinmetz, N.A., Kadir, S.N., Carandini, M., D., H.K., and Harris, K.D. 
(2016). Fast and accurate spike sorting of high-channel count probes with KiloSort. In 
Advances in Neural Information Processing Systems 29, D.D. Lee, M. Sugiyama, U. V 
Luxburg, I. Guyon, and R. Garnett, eds. (Curran Associates, Inc.), pp. 4448–4456. 

Pillow, J.W., Shlens, J., Paninski, L., Sher, A., Litke, A.M., Chichilnisky, E.J., and 
Simoncelli, E.P. (2008). Spatio-temporal correlations and visual signalling in a complete 
neuronal population. Nature 454, 995–999. 

Pitkow, X., and Meister, M. (2012). Decorrelation and efficient coding by retinal ganglion 
cells. Nat. Neurosci. 15, 628–635. 

Ravi, S., Ahn, D., Greschner, M., Chichilnisky, E.J., and Field, G.D. (2018). Pathway-
Specific Asymmetries between ON and OFF Visual Signals. J. Neurosci. 38, 9728–9740. 

Rhoades, C.E., Shah, N.P., Manookin, M.B., Brackbill, N., Kling, A., Goetz, G., Sher, A., 
Litke, A.M., and Chichilnisky, E.J. (2019). Unusual Physiological Properties of Smooth 
Monostratified Ganglion Cell Types in Primate Retina. Neuron 103, 658-672.e6. 

Rieke, F., and Rudd, M.E. (2009). The Challenges Natural Images Pose for Visual 
Adaptation. Neuron 64, 605–616. 

Ringach, D.L., Sapiro, G., and R.Shapley (1997). A subspace reverse correlation method for 
the study of visual neurons. Vision Res. 37, 2455–2464. 

Román Rosón, M., Bauer, Y., Kotkat, A.H., Berens, P., Euler, T., and Busse, L. (2019). 



Mouse dLGN Receives Functional Input from a Diverse Population of Retinal Ganglion Cells 
with Limited Convergence. Neuron 102, 462-476.e8. 

Sabbah, S., Gemmer, J.A., Bhatia-Lin, A., Manoff, G., Castro, G., Siegel, J.K., Jeffery, N., 
and Berson, D.M. (2017). A retinal code for motion along the gravitational and body axes. 
Nature 546, 492–497. 

Schoppe, O., Harper, O.N.S., Willmore, B.D.B., King, A.J., and Schnupp, J.W.H. (2016). 
Measuring the Performance of Neural Models. Front. Comput. Neurosci. 10, 1–11. 

Schwartz, G.W., Okawa, H., Dunn, F.A., Morgan, J.L., Kerschensteiner, D., Wong, R.O., and 
Rieke, F. (2012). The spatial structure of a nonlinear receptive field. Nat. Neurosci. 15, 1572–
1580. 

Shah, N.P., Brackbill, N., Rhoades, C., Kling, A., Goetz, G., Litke, A.M., Sher, A., 
Simoncelli, E.P., and Chichilnisky, E. (2020). Inference of nonlinear receptive field subunits 
with spike-triggered clustering. ELife 9, e45743. 

Simmons, K.D., Prentice, J.S., Tkačik, G., Homann, J., Yee, H.K., Palmer, S.E., Nelson, 
P.C., and Balasubramanian, V. (2013). Transformation of Stimulus Correlations by the 
Retina. PLoS Comput. Biol. 9, e1003344. 

Soodak, R.E. (1986). Two-dimensional modeling of visual receptive fields using Gaussian 
subunits. Proc. Natl. Acad. Sci. 83, 9259–9263. 

Soto, F., Hsiang, J., Rajagopal, R., Piggott, K., Harocopos, G.J., Couch, S.M., Custer, P., 
Morgan, J.L., and Kerschensteiner, D. (2020). Efficient Coding by Midget and Parasol 
Ganglion Cells in the Human Retina. Neuron 107, 656-666.e5. 

Turner, M.H., and Rieke, F. (2016). Synaptic Rectification Controls Nonlinear Spatial 
Integration of Natural Visual Inputs. Neuron 90, 1257–1271. 

Turner, M.H., Schwartz, G.W., and Rieke, F. (2018). Receptive field center-surround 
interactions mediate context-dependent spatial contrast encoding in the retina. ELife 7, 
252148. 

Vintch, B., Movshon, J.A., and Simoncelli, E.P. (2015). A Convolutional Subunit Model for 
Neuronal Responses in Macaque V1. J. Neurosci. 35, 14829–14841. 

Warwick, R.A., Kaushansky, N., Sarid, N., Golan, A., and Rivlin-Etzion, M. (2018). 
Inhomogeneous Encoding of the Visual Field in the Mouse Retina. Curr. Biol. 28, 655-
665.e3. 

Wässle, H., Puller, C., Müller, F., and Haverkamp, S. (2009). Cone contacts, mosaics, and 
territories of bipolar cells in the mouse retina. J. Neurosci. 29, 106–117. 

Wienbar, S., and Schwartz, G.W. (2018). The dynamic receptive fields of retinal ganglion 
cells. Prog. Retin. Eye Res. 67, 102–117. 

Yu, W.Q., El-Danaf, R.N., Okawa, H., Pacholec, J.M., Matti, U., Schwarz, K., Odermatt, B., 
Dunn, F.A., Lagnado, L., Schmitz, F., et al. (2018). Synaptic Convergence Patterns onto 
Retinal Ganglion Cells Are Preserved despite Topographic Variation in Pre- and Postsynaptic 
Territories. Cell Rep. 25, 2017-2026.e3. 

 

 

 



5G E N E R A L D I S C U S S I O N

Using a combination of multielectrode-array recordings from the isolated
mouse retina and computational modeling, we showed how nonlinear spatial
processing sculpts the retinal response to natural stimuli. In particular, we
argued that experiments with naturalistic visual stimuli can aid us identify
mechanisms relevant for natural vision (Chapter 2), we showed that nonlinear
spatial integration endows retinal ganglion cells with sensitivity to the
spatial structure of natural images (Chapter 3), and we built general-purpose
nonlinear subunit models, based on subunit grids, that can capture this
sensitivity to spatial structure (Chapter 4). Here, we compare our results to
other established findings about nonlinear spatial integration, and discuss
implications of our modeling approach for retinal neuroscience in particular,
and vision overall.

5 .1 natural stimuli drive nonlinear spatial integration

The circuit perspective we introduced in Chapter 2 supports that studying
retinal activity under natural visual stimulation can help us understand
the relevant circuit mechanisms. What do high-dimensional natural stimuli
have to offer relative to parametric artificial stimuli (Rust and Movshon
2005)? Simple artificial designs allow the control of a few stimulus parame-
ters that isolate the circuit components under scrutiny; however the same
components may be driven in completely different regimes (or not at all)
when multiple stimulus parameters change in unison. Such discrepancies
are becoming evident downstream of the retina, where heterogeneous circuit
components interact, as in the case of V4 color coding (Benjamin et al. 2020),
or corticothalamic feedback at the lateral geniculate nucleus (Benjamin et
al. 2020). However, even at the simple retinal circuit, this natural-artificial
dichotomy has been observed in the case of nonlinear spatial processing.
ON parasol cells in the macaque retina show nonlinear spatial integration
with contrast-reversing gratings, but are linear under naturalistic movies
(Turner and Rieke 2016). Careful measurements reveal that the dichotomy
appears due to the saccade-and-fixate temporal dynamics of natural movies,
which drive the circuit upstream of ON parasol cells in a linear regime
(Yu et al. 2021). Thus, experiments with natural stimuli can reveal how the
neural code operates in functional regimes that are ethologically relevant.
Naturalistic stimulus approaches have assisted in understanding the neural
code of other sensory systems (Theunissen and Elie 2014), and their utility
extends to cognitive neuroscience (Allen et al. 2021; Sonkusare et al. 2019).

We showed that spatial nonlinearities can shape the output of the mouse
retina in response to natural images. Similar to primates, mice shift their
horizontal gaze in fixation-like steps, with a median fixation lasting around
200 ms (Meyer et al. 2020; Michaiel et al. 2020). Thus, even simple image
flashes can serve as a prototypical stimulus that controls for history effects
and can dissect nonlinear spatial integration (Turner and Rieke 2016). We
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found that spatial integration under particular nonlinearities is both nec-
essary and sufficient to explain ganglion cell responses to natural images.
These nonlinearities were typically rectifying, as originally described (Vic-
tor and Shapley 1979), and promoted sensitivity to fine spatial structure
within the receptive field center, as previously noted in the rabbit (Cao et al.
2011). In a small subset of ganglion cells, we described saturating spatial
nonlinearities that grant cells with a particular sensitivity to spatially ho-
mogeneous stimuli. Experiments with blurred natural images helped us
estimate the spatial scale of both sensitivity types at approximately half of
the receptive field center diameter. This scale property may be the reason
why we could explain across-cell differences in spatial structure sensitivity
just by examining the responses to an artificial stimulus with two spatial
components that split the receptive field in half, but not as well with re-
sponses to contrast-reversing gratings. When incorporated into subunit grid
models, subunit nonlinearities improved predictions relative to linear re-
ceptive fields for both the stimulus with the two components and natural
images. Furthermore, cells with stronger nonlinearities also showed greater
increase in prediction performance, such in the case of ON alpha transient
or ON direction-selective cells. Overall, our results suggest that predictive
models of the retinal output can benefit from subunits with cell-type-specific
nonlinearities.

We extended our investigations to stimuli also natural in their tempo-
ral dynamics. Following the example from the primate retina (Heitman
et al. 2016; Turner and Rieke 2016), and due to the recent availability of
mouse gaze data, we combined natural images (Hateren and Schaaf 1998)
with global motion traces from mouse gaze shifts. Similar to our findings
with natural images (Karamanlis and Gollisch 2021), we observed cell-type-
specific LN model performance, and, relative to retinal reliability, the movie
performances were much lower compared to images. We hypothesize that
this is due to the diverse temporal mechanisms that movies may drive, such
as mean and variance adaptation (Rieke and Rudd 2009). ON alpha sus-
tained cells were the type with the best LN model predictions, but subunit
grid models could further improve response predictions, indicating that
the nonlinear receptive field is also driven under stimuli with naturalistic
temporal dynamics. While the movies we described here could drive strong
and reliable responses to all alpha types, they drove all of the other types
less. A potential reason is that our movies lacked object motion, which: may
be of behavioral relevance to the mouse when hunting prey (Holmgren
et al. 2021; Michaiel et al. 2020), is a specific driver for several mouse cell
types (Jacoby and Schwartz 2017; Zhang et al. 2012), and can be utilized
to learn object motion sensitivity in convolutional neural networks of the
retina (Maheswaranathan et al. 2018b).

To fully capture the retinal output to natural movies, computational
models may need to incorporate mechanisms beyond nonlinear spatial inte-
gration. Here we focused on subunit grid model predictions for a single cell
type with an established nonlinear receptive field (Schwartz et al. 2012). We
avoided transient ganglion cell types for which response predictions may
suffer without the implementation of post-spike filters that can better capture
transient firing events (Heitman et al. 2016; Pillow 2005). Mechanisms that
dynamically adjust nonlinear spatial integration may also underlie some of
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those firing events. For example, signal flow through electrical synapses be-
tween bipolar cell terminals enlarges the scale of spatial integration (Kuo et
al. 2016), and selectively enhances responses to stimuli with spatio-temporal
correlations (Manookin et al. 2018), such as natural scenes. Photoreceptor
adaptation is also strongly driven under stimuli with natural gaze dynam-
ics (Angueyra et al. 2021) and was shown to modulate nonlinear spatial
integration in downstream ON parasol cells (Yu et al. 2021). Finally, the
receptive field surround of bipolar cells gates the spatial nonlinearity in
the receptive field center only when center and surround light intensities
are matched, a feature common in natural scenes (Turner et al. 2018). Our
subunit grid formalism allows for the explicit modeling of such mechanisms,
exemplified by our inclusion of the subunit surround in the case of natural
images. To facilitate understanding about the missing model components,
we also need to bridge the gap between natural images and movies: a way to
proceed is by studying image-to-image transitions that can reveal non-trivial
history effects, such as image-recurrence sensitivity in the mouse retina
(Krishnamoorthy et al. 2017).

5 .2 diverse nonlinear receptive fields in the retina

The systematic treatment of spatial integration allowed us to summarize
many observations related to the nonlinear receptive field in a compact
model. We could then readily compare fitted model parameters between cell
types, as is typically done with white-noise-based LN models of the retina
(Chichilnisky and Kalmar 2002; Jouty et al. 2018; Ravi et al. 2018; Segev et al.
2006). In our recordings, we commonly encountered a handful of cell types,
namely the brisk transient and sustained cells. Using previously reported
functional response properties (Baden et al. 2016; Goetz et al. 2021), we
matched our cell types to the four alpha types of the mouse retina (Krieger
et al. 2017). This procedure allowed us to compare nonlinear receptive
field properties of alpha cells to previous anatomical and physiological
measurements.

Sustained ON alpha cells are perhaps the best-characterized ganglion
cell type in the mouse retina (Cui et al. 2016; Grimes et al. 2014; Kuo et al.
2016; Schmidt et al. 2014; Schwartz et al. 2012), due to their large soma size
which makes them perfect for targeted single-cell recordings. We confirmed
that their receptive field comprised of small subunits that were summed
under a mostly rectifying nonlinearity (Schwartz et al. 2012); their nonlinear
receptive field structure was also driven under natural movies. ON brisk
transient cells in our recordings matched the ON transient with medium
receptive field type of Goetz et al. (2021) and the large ON transient type
of Baden et al. (2016). We thus concluded that our ON brisk transient cells
correspond to the recently described transient ON alpha cells (Krieger et al.
2017). We recorded from transient ON alpha cells less often compared to the
other alpha types, but these transient cells formed consistent mosaics with
relatively large receptive fields. Transient ON alpha cells had larger subunits
and more rectified nonlinearities compared to their sustained counterparts,
and thus lower LN model performance for both natural images and movies.
These differences in presynaptic response components probably mirror
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anatomical differences in synaptic inputs, as both alpha types stratify in
different parts of the inner plexiform layer (Krieger et al. 2017). Interestingly,
neurotransmitter release from bipolar cell terminals is more nonlinear in the
middle part of the inner plexiform layer (Borghuis et al. 2013), where ON
transient cells collect their inputs from. Because of their large cell bodies
(Krieger et al. 2017), ON transient alpha cells probably comprise a large
portion of the “ON transient” physiological types reported in single-cell
studies. Based on this assumption, our data match the fact that ON transient
cells show larger subunits compared to sustained ON alpha cells (Mani and
Schwartz 2017), as they display a relatively enlarged scale of their spatial
integration (Kuo et al. 2016). In total, subunit grid model parameters may
reflect some aspects of functional connectivity between bipolar and ganglion
cells.

We also observed differences in the nonlinear receptive field organization
of OFF alpha ganglion cells. Sustained OFF alpha cells show relatively linear
spatial integration, a finding supported by both our findings and previous
measurements (Krieger et al. 2017; Wienbar and Schwartz 2021). Here we
found that this linearity is coordinated through multiple mechanisms: sus-
tained OFF alpha cells have few large subunits that are overlapping and their
outputs are relatively linear. Subunit overlap in sustained OFF alpha cells
was larger compared to their transient counterpart. This asymmetry mirrors
the difference in the dendritic field coverage of their major bipolar cell inputs
(Behrens et al. 2016), type 2 for sustained and type 3a for transient OFF alpha
cells (Yu et al. 2018). We extensively investigated the receptive field substruc-
ture of transient OFF alpha cells, for which regional differences in response
transiency have been reported between dorsal and ventral retina (Warwick
et al. 2018; Werginz et al. 2020). We confirmed those differences, and found
that while ventral cells showed rectifying nonlinearities, the dorsal ones
showed saturating nonlinearities and concomitant sensitivity to spatially
homogeneous stimulation. Such a saturated contrast-response function was
also observed in the total synaptic currents of dorsal transient OFF cells
in the guinea pig retina (Manookin et al. 2008). The mechanism behind
this shape of input nonlinearity is the activation of AII amacrine cells that
provide strong ON-type inhibition to the OFF alpha transient cell. Among
all alpha types, transient OFF alpha cells had the lowest subunit overlap, an
observation explaining their spatially independent dendritic receptive fields
(Ran et al. 2020).

The nonlinear subunits of ON direction-selective (DS) ganglion cells
were distinct from the subunits providing input to ON alpha cells. Besides
having more rectifying nonlinearities, ON DS subunits had strong surround
suppression, which we predict comes from presynaptic inhibition. When
measured both with expanding spots or drifting gratings, ON DS cells have
relatively strong surrounds (Dhande et al. 2013), which matches our tuning
curve measurements. All of the above properties were different from both
ON alpha transient and sustained cells. These differences may reflect the
differential connectivity of those types, as ON DS cells receive input from
type 5 bipolar cells (Matsumoto et al. 2019), whereas ON alpha sustained
cells receive input from type 6 (Schwartz et al. 2012). Thus our model could
capture the presynaptic surround, and could allow for potential extensions.
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5 .3 a systematic extension of nonlinear subunit models

Building models that improve over the LN model and contain interpretable
components is a challenge that extends beyond retinal neuroscience. Sys-
tems identification for the visual system has been traditionally based on
white noise characterization (Marmarelis and Marmarelis 1978), because
the statistical properties of white noise simplify LN inference (Chichilnisky
2001). The hope was that with a correct statistical treatment of natural stim-
uli, LN models could be fit to and explain responses elicited by natural
stimuli; yet, such LN models provide mediocre response predictions even
at the level of the retinal output (Heitman et al. 2016). It is now becoming
clear that nonlinear model structure is necessary for the retina (Gollisch and
Meister 2010), but fitting nonlinear models of any kind to neural responses
becomes increasingly challenging due to the larger number of parameters
that need to be specified. Historically, spike-triggered covariance (STC) meth-
ods (Schwartz et al. 2006), that involve multiple linear filters whose outputs
are nonlinearly combined, have been used to model responses to natural
stimuli, with reported performance improvement over LN models in V1
(Touryan et al. 2005). However, STC filters are not directly interpretable: in
a simulation of V1 neurons with multiple localized filter inputs, obtained
STC filters show up as a mixture of the underlying filters (McFarland et al.
2013). Instead, subunit models are the main drivers of nonlinear receptive
field modeling, not only because of their directly explainable components in
terms of presynaptic neurons (Liu et al. 2017), but also because they tend to
perform better than STC-based or other types of nonlinear models (Vintch
et al. 2015). Thus, nonlinear subunit models emerge in the sweet spot of
prediction performance and biological interpretability.

Extracting nonlinear subunits from retinal ganglion cell responses is
now possible, but existing methods may be challenged with providing inter-
pretable components in the mammalian retina. All proposed methods are
based on stimulation with white noise (Liu et al. 2017; Maheswaranathan
et al. 2018a; Shah et al. 2020), which may weakly drive the receptive field
center when the size of stimulus pixels is small. Thus subunit estimation may
require lengthy visual stimulation and can be inaccurate for small subunits
and insufficient data. This problem has been demonstrated by simulations
with the spike-triggered clustering method which picks up combinations of
bipolar cells as nonlinear subunits (Shah et al. 2020) . Furthermore, spike-
triggered clustering applied to OFF parasol cells recovers fewer subunits
than what is expected from anatomical estimates. Another method, spike-
triggered non-negative matrix factorization (STNMF) correctly recovers sub- Non-negative ma-

trix factorization
algorithms have
an inherent clus-
tering property,
which clusters
spike-triggered
stimuli

units in simple simulations (Liu et al. 2017) and provides subunits that match
bipolar cell receptive fields in the salamander retina, where spatial nonlin-
earities are very prominent (Bölinger and Gollisch 2012). When applied
to mouse ganglion cells, STNMF returns subunits of diameters >100 µm
(Liu et al. 2017), clearly above what we observed here and the diameters of
40–70 µm expected by typical bipolar cell receptive fields (Franke et al. 2017).
Such clumping of subunits can be avoided by explicitly constraining the
underlying scale, which has been achieved in the special case of the periph-
eral primate retina, where single-cone receptive fields can be distinguished
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(Freeman et al. 2015).
The subunit grid method we introduced in this thesis overcomes the

problems stated above by explicitly modeling subunit size and introducing
a stimulus that strongly drives the nonlinear receptive field. We took ad-
vantage of retinal anatomy to drastically lower the number of parameters
required to fit a nonlinear subunit model. Instead of estimating subunit
filters separately, we shifted the problem focus to inferring subunit weights,
and robustly learned the correct subunit scale through the stimulation with
gratings of variable spatial frequencies. Indeed, grating stimuli are com-
monly used to determine the scale of nonlinear spatial integration (Crook
et al. 2008a; Crook et al. 2008b; Krieger et al. 2017; Turner and Rieke 2016).
Our approach resulted in models whose subunit sizes matched anatomical
measurements and also generalized in other stimulus classes including natu-
ral stimuli. The analytical framework we introduced for defining and fitting
subunit grid models allows for multiple extensions that model circuit mech-
anisms, namely subunit surrounds with temporal dynamics (Turner et al.
2018), and electrical synapses between subunits (Kuo et al. 2016; Manookin
et al. 2018). Furthermore, our approach can be used to construct models
with inputs from multiple subunit grids, mirroring ganglion cell types that
receive inputs from multiple bipolar cell types, such as ON-OFF ganglion
cells.

Subunit grids fitted with flashed gratings include an explicit subunit
nonlinearity that can be directly compared to experimental data. We focused
on how different shapes of this nonlinearity vary across cell types and how
these shapes may affect natural stimulus encoding. Because the nonlinearity
in our model is shared across all subunits, it will dictate how the synap-
tic inputs respond to light when visual stimulation of the receptive field
center is homogeneous. We propose that the subunit nonlinearity can be
measured by determining the contrast-response function of the synaptic
current entering or leaving a cell under spots of different contrasts. The
current measurements should be done close to the resting potential, to re-
flect the combined contribution of excitatory and inhibitory currents. In the
case of dorsal transient OFF alpha cells, our predicted nonlinearities may
match the contrast-response function of previously measured input currents
(Manookin et al. 2008). If the inhibitory contributions onto the ganglion
cell are small, the nonlinearity reduces to the contrast-response function of
the excitatory inputs (Schwartz et al. 2012; Turner and Rieke 2016), and the
subunit profile is the size-response function of the excitation (Jacoby and
Schwartz 2017; Mani and Schwartz 2017), both measurements typically con-
ducted in whole-cell patch clamp recordings. It thus becomes clear that our
model can be validated in single cell recordings, first by sampling ganglion
cell spikes to fit the subunit grid model, and then measuring the contrast
response function of the total synaptic current. Another model parameter,
namely the distribution of subunit weights, could be validated anatomically
through the quantification of bipolar cell synaptic contacts with ganglion
cell dendrites (Schwartz et al. 2012).

The subunit grid approach can be readily extended to visual neurons
with more complex receptive fields, such as those encountered in the visual
cortices. Compared to white noise, grating stimuli provide a stronger drive
to V1 neurons, thus facilitating the estimation of their linear receptive fields
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(Ringach et al. 1997). We also used gratings to fit subunit grid models, whose
responses were analytically derived based on the original calculations of
Soodak (1986). The same work also contains calculations predicting the
responses of Gabor-type receptive fields to gratings. Such Gabor-type recep- A Gabor recep-

tive field extracts
specific spatial
frequency and ori-
entation content in
an image region

tive fields emerge from other nonlinear subunit methods based on white
noise (McFarland et al. 2013; Shah et al. 2020; Vintch et al. 2015). Thus, our
method could be readily extended to determine presynaptic parameters in
other parts of the visual system, even up to V2 (Liu et al. 2016).

5 .4 retinal coding of natural spatial structure

In Chapter 3, we showed that sensitivity to the spatial structure of natural
images is ubiquitous in the retinal output. Besides spatial correlations,
natural scenes contain additional structure, such as sharp edges, gradients
and textures (Turiel and Parga 2000). Nonlinear spatial integration can
distinguish between those structures and homogeneous illumination within
the receptive field center, but such a separation disappears when contrast
differences between center and surround dominate (Turner et al. 2018).
These facts may point to an encoding strategy that prioritizes edge detection
in a wide range of spatial scales, but also raises the question of whether
information about spatial structure is used by downstream visual circuits.
For example, it may be used to guide gaze, as humans make saccadic eye
movements towards natural image regions that have high spatial contrast or
low spatial correlation (Baddeley and Tatler 2006; Reinagel and Zador 1999).

How to understand what kind of structure ganglion cells might be
extracting? The coding perspective we introduced in Chapter 2 may guide us
in answering this question, by trying to find how populations of ganglion
cells encode spatial structure. It is clear that center-surround structure is
involved in decoding raw natural images from the retina (Brackbill et al.
2020), but the reconstructions are missing high spatial frequency components.
Spike-train information beyond the spike count can help decode some of
these finer features of natural scenes (Kim et al. 2021). However, multiple
experiments including ours (Cao et al. 2011; Karamanlis and Gollisch 2021;
Turner et al. 2018; Turner and Rieke 2016), suggest that there is a significant
amount of spatial structure information in the spike count itself. What
features of natural images beyond raw light intensity can we decode using
the spike count? A way to approach this question is to decode filtered
versions of images, using filters that facilitate, for example, edge detection,
such as the Sobel operator or the local standard deviation, which we also The Sobel operator

approximates the
gradient of an im-
age by convolving
the image with
filters in the hori-
zontal and vertical
directions

used in our definition of spatial contrast (Karamanlis and Gollisch 2021;
Liu and Gollisch 2021). To isolate the spiking responses relevant to spatial
structure, a prediction from a linear receptive field could be subtracted from
the response. If a particular feature emerges as a likely candidate, further
questions can be posed. Do nonlinear subunit models account for these
decoded features related to spatial structure? And what is the spatial scale
relevant for the decoded features?

Using natural movies, we measured the redundancy in the neural code of
the retina. The efficient coding theory (Barlow 1961) postulates that the goal
of the retina is to reduce such redundancy, which is usually measured with
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pairwise response correlations of cells belonging to the same type. Using
artificial stimuli that match the correlation profile of natural scenes, previ-
ous measurements revealed that pairwise correlations in the salamander
retina were much lower than those of the underlying stimulus, but remained
substantial in close distances (Pitkow and Meister 2012). We confirmed this
finding in the mouse retina using actual natural movies, and in a precise
cell-type-specific manner. Additionally, we found that pairwise correlations
calculated from white-noise-fitted LN models overestimated the actual pair-
wise correlations, confirming a similar finding from the guinea pig retina
(Simmons et al. 2013). LN models with components fitted under white noise
underestimate the receptive field surround (Wienbar and Schwartz 2018).
For this reason, we estimated LN models from flickering gratings, with a
separate filter for the surround. These models could more accurately capture
pairwise correlations, highlighting the importance of retinal inhibition in
decorrelating neural responses.

Do subunit nonlinearities also play any role in retinal decorrelation? Sim-
ulations of nonlinear subunit models suggested that subunit nonlinearities
are responsible for most of the response decorrelation (Maheswaranathan
et al. 2018a). We also tested this hypothesis by calculating pairwise correla-
tions between subunit grid models fitted to ON alpha sustained cells under
flickering gratings. Surprisingly, subunit grid models were more correlated
on average than simpler LN models, even though they predicted spiking
responses better. A potential reason is that these correlations are driven by
common bipolar cell input, which is well captured by subunit grid models.
The addition of a subunit surround with its own temporal dynamics is
expected not only to lower these pairwise correlations, but also to further
improve ganglion cell responses (Turner et al. 2018).

5 .5 applications of retinal encoding models

Computational models of the retinal circuit can summarize our current
knowledge about the functional organization of retinal output under nat-
uralistic vision. The potential uses of models extend beyond providing
such a compact description, and here we provide two major examples. The
first is related to basic research: subunit grid models of the receptive field
can provide a window to the functional connectivity between bipolar and
ganglion cell types, i.e. how specific connections between them are coordi-
nated to generate computations. The second is translational: models with
ethologically-relevant components can guide the design of neural prosthetic
devices that replace parts of a diseased retina.

5 .5 .1 Functional connectivity between bipolar and ganglion cells

Understanding connectivity on a functional level may refine our definitions
of cell types and cell-type-specific computations (Seung and Sümbül 2014;
Vlasits et al. 2019). The subunit grid model provides a template for under-
standing bipolar-to-ganglion cell connectivity: presynaptic bipolar cells of a
particular type tile visual space (the grid), and their outputs are pooled by a
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ganglion cell. Properties of the subunit grid, such as the coverage factor or
subunit surrounds and nonlinearities, reflect both functional properties of
presynaptic bipolar cells, but also the inhibition acting on them. We found
that these properties are largely consistent within ganglion cell types, with
the exception of regional variation in OFF alpha transient cells. Thus, just
by examining connectivity properties, or simply spatial integration, we can
infer functional differences between ganglion cell types. For example, we dis-
covered spatially linear and nonlinear subtypes of OFF orientation-selective
cells (Karamanlis and Gollisch 2021), which also had different preferred
orientations, possibly matching the previously identified subtypes (Nath
and Schwartz 2017).

The subunit grid framework we introduced can also be used to guide
modeling when the wiring diagram between bipolar and ganglion cells is
known. If a ganglion cell receives excitatory inputs from two types of bipolar
cells, it can be modeled as receiving input from two independent subunit
grids whose properties would be then fit to data. An example is the case of
ON-OFF cells which receive both ON- and OFF-type excitation (Jacoby and
Schwartz 2017) and could be represented by two grids constrained to have
opposite response polarities. Another example is ON direction-selective cells
in the mouse retina, which receive excitation asymmetric in its temporal
dynamics and aligned with the preferred-null direction axis (Matsumoto
et al. 2019). This direction-selective circuit could be modeled with two types
of ON-type subunits (fast and slow), and direction-selectivity could be par-
tially captured just by the model itself. The subunit grid framework may also
find direct application on the primate retina, where only one or two bipolar
cell types converge onto a ganglion cell type and the connectivity diagram
is mostly known (Grünert and Martin 2021). Besides offering functional
bipolar cell characterizations, one can infer the involvement of different in-
hibitory components in ganglion cell processing by examining fitted subunit
surrounds or nonlinearities. Thus, subunit grids can be used as templates for
generating connectomically-exact models of the retina, which will probably
further improve response predictions to natural stimuli.

5 .5 .2 Vision restoration

Neural prostheses could achieve vision restoration in some forms of retinal
degeneration, such as retinitis pigmentosa, where the photoreceptors progres-
sively degenerate, but the ganglion cell layer remains mostly intact (Sahel
et al. 2021). Currently, there are two major approaches for stimulating the
remaining ganglion cells. In the first one, electrical current is applied to
ganglion cells through a prosthetic device to mimic bipolar cell excitation
(Goetz and Palanker 2016). This strategy mirrors the successful cochlear im-
plant, where electrical stimulation bypasses the diseased cochlea and directly
drives the spiral ganglion neurons that form the auditory nerve. The second
approach is optogenetic, where light-sensitive ion channels are expressed
in the ganglion cells (Ferrari et al. 2020; Sahel et al. 2021; Sengupta et al.
2016), and driven by laser stimulation through the cornea. Both approaches
use an external camera and convert the visual scene to either electrical or
laser signals that in turn activate the ganglion cells. While both approaches
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can achieve reasonable spatial resolution, they end up stimulating all gan-
glion cell types in the same way, completely disregarding cell-type-specific
differences that arise from the cells’ synaptic inputs. This cell-type indif-
ference may be the reason that patients with such treatments only "see" by
correlating the qualities of phosphene-like percepts to known objects in their
environment (Erickson-Davis and Korzybska 2021), an experience strikingly
different from natural vision. A way to resolve this issue is through cell-type-
specific activation by selective electrical stimulation (Shah and Chichilnisky
2020). Such stimulation protocols are being actively developed for parasol
and midget cells (Jepson et al. 2013; Madugula et al. 2020; Sekirnjak et al.
2006) which are the types responsible for the majority of the retinal output
in primates.

Computational models are key to designing the activation pattern of
ganglion cells for any type of prosthesis. Indeed, the existence of an encoder
between the excitation device and the camera input, based on the LN model,
could achieve responses that better match the natural patterns of ganglion
cell activity (Nirenberg and Pandarinath 2012). If prostheses ever achieve
cell-type-specific stimulation, fully restoring the retinal output will require
encoders that can capture subtle differences in the nonlinear response prop-
erties of cell types, such as those captured by our subunit grid models. These
encoders may be especially relevant for highly nonlinear cell types, such as
the ON DS cells involved in non-image-forming functions. Our modeling
efforts, expanding upon very rich previous work (Chichilnisky 2001; Liu
et al. 2017; Pillow 2005; Schwartz et al. 2012; Shah et al. 2020; Turner and
Rieke 2016), may thus find application in creating type-specific excitation pat-
terns that match the ones existing in healthy retinas driven with naturalistic
stimulation.

5 .6 conclusion

In this thesis, I showed that the results of nonlinear spatial processing appear
in the retinal output under naturalistic stimulation. Nonlinear processing
may differ between ganglion cell types and thus affects how they process nat-
ural visual scenes. To capture this nonlinear processing, I developed a novel
framework for fitting nonlinear subunit models to ganglion cell responses.
Using the fitted models, I thoroughly described the types of nonlinearities
present in the retinal output, and could further improve response predic-
tions under naturalistic stimulation. The modeling framework I introduced
incorporates many reasonable assumptions about signal processing in the
retina, can be readily extended with various biophysical mechanisms, and
can potentially be applied to responses in downstream visual areas. Together,
my investigations offer new avenues for understanding nonlinear processing
in different cell types of the retina, and provide new questions about how
these signals might be used downstream.
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