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Primate visual perception is built on the 20-25 parallel pathways in the retina that carry infor-

mation of the visual world to the rest of the brain. Each parallel pathway is represented by a unique

type of primate retinal ganglion cell, the outputs of which are formed by a collection of upstream

retinal circuits. While each primate retinal ganglion cell type maintains its own unique function, all

retinal ganglion cells share a common receptive field structure: an excitatory center enveloped by

a suppressive surround. The center-surround receptive field functions to enhance spatial structures

likes edges, and in some ganglion cell types contributes to the encoding of color and temporally

modulated inputs. Visual motion is well studied across many cortical and subcortical regions of

the primate visual system, but our knowledge of how visual motion affects encoding properties

of retinal ganglion cells is limited. This thesis aims to characterize visual motion sensitivity in a

subset of primate retinal ganglion cell types from the perspective of the classical center-surround

receptive field. Our results fall along two major themes. First, that the receptive field centers of



some ganglion cell types are far more sensitive to motion of approaching objects than receding ob-

jects (Chapter 2). Second, in some ganglion cell types, the presence of motion in the receptive field

surround shifts the center-surround relationship from antagonistic to facilitatory (Chapter 3 and 4).

Our work suggests that neural inputs to primate retinal ganglion cells are activated dynamically as

visual contexts shift, particularly for contexts that involve visual motion. Overall, we demonstrate

that the primate retina has the computational complexity required for motion sensitivity that was

previously considered to be present only in the primate cortex.
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Chapter 1

Introduction

Photoreceptors transduce energy from photons that contain spatial, temporal, and spectral infor-

mation about the visual world into electrochemical signals that are the basis of nearly all visual

perception [1, 2]. Visual signals are passed from the photoreceptors through a mesh of converg-

ing and diverging retinal circuits [3], becoming increasingly abstracted from their original form.

In the rhesus macaque monkey retina, the visual inputs of about 3.1 million cones [4] are sent

through around 1.5 million axons [5] in the optic nerve of a single eye. Visual signals from more

than 10 cones can converge before reaching the macaque retina’s optic nerve [6], representing a

pre-processing and consolidation of visual information into pathways necessary for cortical re-

construction of the visual world. Convergence of visual signals through the retina necessitates a

reconciliation between the loss of visual fidelity and the maintenance of perceptual richness. The

primate retina’s answer to this problem lies in its ∼20 output pathways, each represented as a type

of retinal ganglion cell (RGC), that transmit parallel streams of visual input from the neural cir-

cuits of the retina to the rest of the brain ([7, 8]). What aspects of the visual world are encoded in

each retinal ganglion cell’s output, and how does each ganglion cell pathway curate visual inputs

in order to select its outputs? These are the overarching questions that motivate the work of this

thesis.

For over 100 years, encoding properties of sensory neurons have been characterized by their re-

ceptive fields, which measure the extent over which sensory input is captured [9]. Retinal ganglion

cell receptive fields are classically described over a spatial extent, where changes in light intensity
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over a circumscribed area change the spiking output of the cell. Across species, retinal ganglion

cell receptive fields share a ubiquitous structure where luminance contrast across a center region of

space increases spiking output of the neuron, while matching contrast in an area surrounding the

center suppresses spiking output. The antagonistic center-surround structure of retinal ganglion

cell receptive fields was established early in the 1960s in primate [10–12], and even earlier in non-

primate retina [13]. One proposed function of surround suppression is to emphasize spatial edges

[14, 15], a critical part of identifying object boundaries in natural scenes.

In order for the surround suppression to emphasize edges, an RGC need only be sensitive to the

relative distribution of light contrast across the center and surround. Alone, center-surround antag-

onism provides a framework for describing RGCs as edge detectors with preferred spatial scales

across types. Experimental evidence suggests that this is not the case. Primate RGC receptive field

centers are sensitive to spatial contrast without input from the receptive field surround [16, 17].

Moreover, the surround plays a role in tuning sensitivity of the receptive field center to contrast

[18]. Therefore, the center-surround receptive field structure plays a role in spatial encoding, but

that role is not limited to classical edge detection. Center-surround function, then, shifts as spatial

stimuli become more complex.

Stimulus complexity is not limited to variations in black and white spatial contrast. Visual

inputs also contain information about color, depth, and motion. In primate RGCs, center-surround

receptive field function also extends to the color domain. A majority of midget ganglion cells are

selectively activated by either green or red input into its receptive field center and are non-selective

to color inputs to its surround, granting the cell chromatic opponency [19, 20]. In this case, the

center dominates color functionality, whereas the surround is achromatic but still spatially antag-

onistic. It is unknown whether other RGC types have receptive field centers that are selectively

activated by color or other visual inputs beyond spatial contrast. Moreover, the extent to which

RGC receptive field surrounds show stimulus-specific sensitivity in primate retina is unknown.

Type-specific stimulus selectivity is informed by the larger visual function that each ganglion
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cell effectuates, but tying low-level inputs from the retina to the complexity of visual perception is

difficult–even for the best studied RGC types. Early studies of the relationship between RGC type

and visual function relied on the overabundance of retinal outputs to the lateral geniculate nucleus

(LGN), where primate RGC projections are separated by type into magnocellular and parvocellular

layers [21]. Visual deficits in primates after lesion of magnocellular LGN include loss of most, but

not all, motion perception and flicker perception, while parvocellular LGN lesions cause a loss of

color vision, depth, and texture perception [22, 23]. Given the major deficits in motion perception

when magnocellular pathways are lesioned, RGCs that project to magnocellular LGN may be

more likely to carry motion information. How this bears out at the level of magnocellular- and

parvocellular-projecting RGC receptive fields in terms of motion sensitivity is an ongoing area of

study, and a central theme of this thesis.

Sensitivity of primate RGCs to motion has largely focused on the parasol RGC type, which

projects to the magnocellular LGN [24]. The receptive field center of the parasol RGC has been

found to be more sensitive to motion inputs than non-motion inputs [25], and population studies

suggest that parasol RGCs respond with high temporal precision as an object moves from one

parasol RGC receptive field to the next [26, 27]. The magnocellular pathway also contains projec-

tions from another RGC type: the smooth monostratified cell [28]. Motion sensitivity in smooth

monostratified RGCs has not been shown. Recently, the broad thorny ganglion cell type, which

projects to the koniocellular LGN, an area situated between the parvo- and magnocellular LGN

regions, has been found to be particularly sensitive to motion stimuli presented simultaneously to

its receptive field center and surround [29, 30]. The role of the center-surround receptive field in

motion sensitivity in these cell types, or others, is unclear. Moreover, the breadth of motion sen-

sitivity in the receptive field center across RGC types, and whether the receptive field surround is

sensitive to motion in any RGC type, is also unknown.

In terms of the classical center-surround receptive field, any stimulus encoded by the surround

modulates the encoding of receptive field center input. Therefore, sensitivity to motion by the

3



surround is not necessarily linked to motion encoding, but rather motion modulates the RGC’s

output–which may or may not contain motion information. Conversely, an RGC’s receptive field

surround could be non-selective for motion, but the RGC could still encode motion through motion

sensitivity of the receptive field center. Therefore, questions about the role of the classical center-

surround in motion processing are two pronged. One, does the RGC encode motion in its output?

This is a central question of Chapter 2, which characterizes receptive field center sensitivity in

a subset of RGCs to observer-induced motion. Chapter 3 explores selectivity of specific motion

types by RGCs through an interaction of receptive field center and surround. Second, how does

a motion-sensitive surround affect signal integration in the receptive field center? Chapter 3 also

looks at receptive field surround sensitivity to motion in a subset of primate RGCs, and tests how

surround motion sensitivity affects RGC output. Finally, Chapter 4 details how the midget RGC’s

receptive field surround affects input sensitivity of the center in the context of eye movements.

1.1 Retinal architecture

1.1.1 Structure of the RGC Center-Surround Receptive Field

The RGC receptive fields that transform visual inputs into spiking outputs rely on a relatively

simple organization of perpendicularly oriented neural circuits. Phototransduction in the photore-

ceptors begins a vertical relay of visual signals through the excitatory bipolar cells to the ganglion

cells, where action potentials (spikes) are generated and ultimately propagated down axons through

the optic nerve. Lateral to the receptive field’s vertical circuitry lies a set of inhibitory interneu-

rons that shape the spiking outputs of ganglion cells. These inhibitory neurons come in two broad

types: horizontal cells and amacrine cells. Horizontal cells act at the photoreceptor-to-bipolar cell

synapse, while the amacrine cells work in the inner layers of the retina, most commonly at the

level of the ganglion cell and associated pre-synaptic circuitry [31–33]. The columnar and lateral
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arrangement of retinal circuitry creates a radial receptive field, where excitation at the RGC cor-

responds to a center locus of photoreceptors and inhibition corresponds to a surrounding field of

photoreceptors.

The spatial extent of an RGC’s dendrites describes the diameter over which the receptive field

center extends. Dendritic extent is RGC-type specific, but also grows as a function of distance

from the fovea [7]. Indeed, much of conscious perception corresponds to visual input from the

fovea, a small area in the temporal region of the retina with tightly packed ganglion cells [34].

Recordings in this thesis are made from peripheral RGCs, whose receptive fields are wider than

their foveal counterparts and receive a higher number of converging inputs from upstream circuits

[10, 6]. Each retinal neuron type evenly tiles space, from the fovea to the far periphery, allowing

complete coverage of visual input across the eye to each retinal cell type regardless of receptive

field size [35].

Connectivity in the retina, and in the nervous system at large, is not limited to classical chem-

ical transmission where a synaptic cleft forms between a projecting neuron’s axonal bouton and

a receiving neuron’s dendrite. Neurons can also directly link via gap junctions, which are close

connections between adjacent cell bodies. Gap junctional connections are created by combinations

of the protein connexin, which form hemichannels from each neuron that join together into a gap

junctional pore [36]. Gap junctional connections between neurons are made up of many pores,

ultimately allowing the quick spread of visual signals as electrical current between neurons [37].

Anatomical evidence of electrical coupling between bipolar cells exists in primate retina [38–40].

Electrical coupling of neurons by gap junctions in the primate retina has been suggested to increase

the size of the bipolar cell receptive field by lateral spread of visual input [41]. Evidence suggests

that visual signals through bipolar gap junctions may enhance the spread of spatio-temporally cor-

related stimuli, increasing RGC spiking output to stimuli like motion, which contain strong space-

time correlations [42, 25]. Gap junctional spread of signals between ganglion cells, particularly

the parasol types, has also been suggested via an intermediary amacrine cell [43, 44].
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1.1.2 Bipolar cells

The retinal bipolar cells constitute the only connection between the outer layer of the retina, the

domain of the photoreceptors and horizontal cells, with the inner retina, where amacrine and gan-

glion cells reside. In primate, there are ∼12 types of bipolar cell that respond to either Onset or

Offset of light [45, 46]. Each primate retinal bipolar cell has its own center-surround receptive field

structure [41]. While direct recordings from primate bipolar cells are scarce, non-primate bipolar

cell pathways have been characterized by the specific spatial, temporal, and spectral properties of

the visual input that they project to amacrine and ganglion cells [47, 48]. Between RGC pathways,

spatial density and cell-type input of bipolar cells contributes to pathway specialization. For exam-

ple, bipolar cell input to the On smooth monostratified cell is more spatially hetereogenous across

the cell’s dendrites than in the On parasol, but the On parasol receives inputs from a more diverse

set of bipolar cell types [49].

Bipolar cell outputs are highly rectified. Rectification limits signal transfer to changes in light

contrast that match the bipolar cell’s On or Off type, though the extent of rectification changes

between On and Off types and depends on ambient light level [50–52]. Rectified signal transfer

from bipolar cells causes ganglion cells to receive uni-polar input relative to stimulus contrast.

Consequently, a ganglion cell receiving input from only On bipolar cells (an On-type ganglion

cell) will spike if half of the ganglion cell receptive field’s spatial extent is covered by an increase

in light contrast, while the other half is covered by a corresponding decrease. A spatially linear

ganglion cell presented with the same visual pattern would have the signals from the two halves

subtracted, resulting in no spiking output. Non-linear spatial summation has been well established

in both primate and non-primate retinal ganglion cells. The scale of each summed nonlinear unit

within the receptive field center often matches the width of bipolar cell receptive fields, while the

strength of nonlinear summation across ganglion cell types changes based on the extent of bipolar

cell rectification [28, 53–55, 17].
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1.1.3 Amacrine cells

Amacrine cells are a diverse set of retinal interneurons, broadly separated into narrow- and wide-

field types according to the spatial extent of their processes (reviewed in [33]). Inhibition from

amacrine cells is received by both ganglion cells and bipolar cells, often described as post-synaptic

(at the level of the ganglion cell) or pre-synaptic (at the level of the bipolar cell) inhibition.

Amacrine cells do not send their processes to the optic nerve, however some types of amacrine

cells project axon-like processes across large extents (>4mm) of the retina [56, 57].

Molecular and morphological characterizations of amacrine cells in primate suggest anywhere

from 25 to 35 unique types [58, 8]. Each retinal ganglion cell circuit receives its own unique

cocktail of amacrine cell type connectivity, indicating that amacrine cells likely play a large role

in shaping functional outputs in each retinal ganglion cell pathway [59–61]. Functional charac-

terizations of primate amacrine cells are very limited. Still, two types of primate amacrine cells

have been shown to be potentially motion sensitive, though it is unknown how motion sensitive

amacrine cells might contribute to motion encoding in RGCs [62, 63].

An example of functional amacrine cell diversity is seen in salamander retina, where two wide-

field amacrine cells are selectively activated by two very different stimuli. A GABAergic wide-field

amacrine cell encodes mean luminance and affects surround size of RGCs [64]. The stimulus that

produces effective signaling of a glycinergic wide field poly-axonal amacrine type is dramatically

different. Effective inhibition by this amacrine type requires spatio-temporal contrasts apparent

in moving stimuli, and the inhibition generated by motion shows differing suppressive effects

between ganglion cell types [65]. In another salamander retina example, gap-junctioned somas of

a single type reside across the dendritic extent of a corresponding RGC, creating motion sensitivity

in the amacrine cell population that is transferred through inhibitory neurotransmitters to the RGC

[66, 67].

The circuit motifs that govern amacrine cell function are often described by their site of action.
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Feedforward inhibition is characterized by input from a bipolar cell to both an amacrine cell and

ganglion cell, where the amacrine cell supplies inhibition to the same ganglion cell. This type

of inhibition can modulate the temporal dynamics of the ganglion cell output, including those

involved in sensitivity to approaching objects [68, 69]. Feedback inhibition supplies inhibition

to the bipolar cell (or another amacrine cell). Feedback and feedforward motifs work together to

maintain sensitivity of the retinal circuitry involved in nighttime vision [70]. Crossover inhibition

supplies inhibition from the On pathway to the Off, and vice versa. This type of inhibition has

many functions, including altering the linearity of a ganglion cell’s input-output relationship and

changing the temporal patterning of RGC output [71, 16]. Serial inhibition puts multiple amacrine

cells in sequence, ultimately causing a decrease in inhibition either at the ganglion cell or the

bipolar cell. Functional consequences include increased sensitivity across background luminance

levels and increased effective inhibition for motion-sensitive cells in mouse ([72, 73]).

1.2 Adaptation in the Retina

The visual inputs encoded by RGC pathways are not monolithic in terms of the qualities that de-

scribe those inputs. For example, an edge enhanced by a center-surround receptive field may be

brilliantly illuminated or barely perceptible, subtly different than the mean luminance of a back-

ground or highly variable, textured, and/or presented at discreet time points across short or wide

intervals. As a tangible example, consider the moon. Lunar irradiance shifts around 3 fold from a

lunar phase of 10 degrees to 60 degrees, changing the intensity of light reflecting off the world over

the span of 5 days [74]. Imagine a retinal pathway equipped with complex circuitry designed to

extract relative object depths, but this machinery reaches complete saturation in terms of its output

with just a two-fold shift in the moon’s brightness. (i.e. ∼4 days of a 2 week lunar cycle). This

limited operating range might say something interesting about a visual species from an ethological

perspective, but for most diurnal species (or even nocturnal, in this case), a moonlight-particular
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pathway is incredibly inefficient.

In actuality, RGCs adapt to their time-varying inputs. Classical adaptation refers to an inverse

relationship between the strength of the input and sensory neuron sensitivity, where the dynamic

operating range of a neuron is shifted to avoid saturation to widely varying inputs [75]. Operating

range of a sensory neuron refers to the relationship between intensity or strength of input and

magnitude of the output response. Adaptation changes this input-output relationship, but does not

necessarily shift the nature of the selected inputs encoded by a visual pathway. Adaptation in a

sensory neuron is often characterized best by a change in gain where the slope of the input-output

relationship changes, increasing or decreasing output to a given amount of input. Sensory neurons

can also change their output threshold, adjusting the amount of input required to begin generating

an output. Gain and threshold changes are used throughout the nervous system to ensure efficiency

of information transfer [76].

Critical to the function of adaptation are the timescales over which input-output functions shift.

Rapid shifts in stimulus statistics require a fast rate of adaptation in order to avoid immediate

saturation. Rapid shifts in input intensity are common in a visual scene, like when an observer

moves their gaze from the ground to the sky. However, adaptational mechanisms can also shift

sensitivity over a longer term, to tune an input-output relationship for a new visual context (like

a change in environment, from an open field to a dense forest). Indeed, contrast adaptation in the

retina occurs on fast (<100ms) and slow (several seconds) timescales, across bipolar cells, ganglion

cells, and amacrine cells [77–81]. Moreover, sometimes adaptation timescales themselves can

adapt to the frequency with which input statistics change [82].

The retinal circuitry responsible for adaptation to the contrast distribution and mean luminance

in a visual scene have been reasonably well characterized–particularly in non-primate retina. Fast

contrast adaptation prevents saturation after a rapid shift in contrast variance, and can occur in

as little as 10ms [77–79]. Retinal ganglion cells contain an intrinsic mechanism for adaptation

of spike generation through sodium-channel inactivation, induced by changing the variance of
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injected current with and without sodium channels blocked [78]. Isolation of specific mechanisms

in non-ganglion cell retinal neurons has been done via recording a ganglion cell’s synaptic current

inputs. In this way, excitatory and inhibitory input to the ganglion cell have been shown to adapt,

indicating potential adaptation mechanisms within both bipolar cells and amacrine cells [77–79].

Notably, the outer retina seems to play a larger role in mean luminance adaptation than contrast

adaptation, though evidence for contrast adaptation in excitatory inputs to salamander bipolar cells

has been shown [77, 78, 83].

Fast and slow contrast adaptation occur simultaneously. The duration of slow adaptation runs

anywhere from 4 to 20 seconds [84, 72]. Slow contrast adaptation generally occurs following a

change from high to low contrast, where sensitivity to low contrast inputs takes time to recover

from the high contrast regime. This type of adaptation dulls the output of RGCs by putting them in

a hyperpolarized state that, in guinea pig, lasted 6.2 seconds on average ([80]). The mechanism of

recovery following adaptation to a high contrast stimulus has been attributed to bipolar cell output,

as determined by an increase in adaptation magnitude when the spatial scale of the input stimulus

matches the size of the bipolar cell receptive field ([80]). Onset of high variance contrast can also

cause adaptation at longer timescales, although reported duration varies between 1 and several

seconds [77, 78, 80].

In the primate retina, contrast adaptation has been found in the dominant inputs to the mag-

nocellular pathway, the On and Off parasol cells [85–87]. Contrast adaptation in the parasol cell

is best elicited following a high temporal frequency grating [85, 88]. The mechanism for con-

trast adaptation in parasol ganglion cells seems to be located in the cell’s receptive field surround

([88]). Curiously, the On and Off midget ganglion cell of the parvocelluar pathway show little to

no adaptation to a moving grating of high contrast [85, 87], but both midget and parasol cells show

adaptation to noise stimuli delivered to their receptive field centers [89]. Chapter 3 and Chapter

4 of this thesis tests the ability of primate RGC surrounds to induce adaptation during motion and

other spatio-temporally modulated stimuli.

10



1.2.1 Neural Sensitization

Adaptation maintains RGC sensitivity after a shift in the visual input from low to high contrast.

However, the hyperpolarization period following the shift renders the cell insensitive to subtle

contrasts [80]. Separate from adapting RGCs are sensitizing RGCs, which have been found in

mouse, rabbit, zebrafish, and salamander retina [90, 91]. Sensitizing RGCs show an opposite

reaction to strong stimulus input where they increase their output rather than decrease it like in

classically adapting cells. As a consequence, sensitizing RGCs are still able to respond to subtle

contrasts following a change from high to low contrast conditions [90, 92, 91]. Together, pairs

of adapting and sensitizing like-type RGCs transmit information from visual scenes more reliably

than RGCs that only adapt [90].

A sensitization mechanism has been found in salamander RGC receptive field surrounds, where

a decrease in tonic inhibition is required to elicit sensitization [92, 93]. The center receptive field

can show classical adaptation even when the surround sensitizes [92]. No such sensitization mech-

anism has been insofar found in the primate retina. Sensitization of primate RGC output via stim-

ulation of the receptive field surround is explored in depth in Chapter3 and Chapter 4.

1.3 Modeling the RGC Receptive Field & Its Outputs

Retinal neurons encode visual scenes into spike trains transmitted through the optic nerve, with sta-

ble and repeatable stimulus-to-response transformations. These transformations can be described

mathematically, in part by using linear algebra to compare matrices of visual inputs and response

outputs, like contrast and spike rate, while also utilizing exponential, rectifying, or other more

complex functions to represent nonlinear steps in the transformation. Mathematical operations like

these provide a way of modeling the relationship between visual stimuli and neuronal responses,

giving a framework for investigating mechanisms of neural circuits when live experimentation is
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difficult or impractical.

In each chapter of this thesis, receptive field models are used to describe mechanisms by which

visual motion affects neural output of an RGC type. The models that best capture the dynamics of

moving inputs depend on the nature of the inputs. For example, the motion in the receptive field

surround might be best represented by a dynamic modulation of bipolar cell input to the receptive

field center. Alternatively, motion sensitivity by the receptive field center alone will require inter-

actions between bipolar cells, amacrine cells via crossover inhibition, or dendrites of a ganglion

cell over space and time. Choosing the appropriate model is dependent on stimuli used and ques-

tion asked. An ideal model is generalizable enough to capture multi-modal visual inputs, while

also capturing an element of biological structure that re-creates RGC output, ultimately describ-

ing a novel and meaningful role for biological mechanisms in visual encoding. The strengths and

weaknesses of models commonly used in visual neuroscience are outlined below.

1.3.1 Classical Models - Difference of Gaussians

In simplest form, an On or Off RGC receptive field can be modeled as its two dimensional extent,

where stimulus pixels located within that extent are weighed against their contrast values and

ultimately summed into a model output. A model such as this extracts information about the

polarity of the input (positive or negative relative to a mean light level, on average) and the size of

the input, but nothing else. And yet this simple model is a classical sensory neuron motif, often

represented mathematically by subtracting a pair of two dimensional gaussians of inverted polarity

[94–96].

The difference of gaussians (DoG) model is attractive in part because the model requires only

a few parameters (a shared mean and separate values for standard deviation and amplitude) that

are easily measured experimentally. Modeled in two dimensions (length and width), the surround

gaussian, larger in standard deviation and smaller in amplitude, in effect circumscribes the center

similar to the center-surround structure of an RGC receptive field. The opposite sign of the DoG’s
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surround gaussian relative to the center gaussian applies inhibition to the center, suppressing model

output. Depending on the properties of the input stimulus, the surround’s inhibitory actions on the

center can be reasonably modeled by the DoG as a linear process [10, 97, 53]. However, in reality,

the receptive field surround’s effect on signal integration and output of the receptive field center is

often not linear, as demonstrated by Kuffler’s early recordings in the frog retina [13, 53].

The DoG’s inability to capture nonlinear receptive field components is a major shortcoming

for modeling RGC receptive fields. Nonlinearities in the retinal circuitry appear at many levels,

and they are key in curating the unique outputs of an RGC pathway [98]. Bipolar cell rectification

and nonlinear input-output structure are two pivotal nonlinearities not captured by a DoG model.

Moreover, the ganglion cell itself has built-in nonlinearities that don’t change across cell types:

a spike rate that can’t reach below 0 and an upper bounded spike rate informed by the spiking

refractory period (1 to 2 ms). Ultimately, beyond a general center-surround receptive field shape,

the DoG model offers minimal representation of the neural circuits mechanisms that makeup an

RGC pathway.

1.3.2 Classical Models - Linear/Nonlinear

The linear-nonlinear (LN) model is comprised of a linear front end followed by an output non-

linearity [99]. The output nonlinearity of an RGC is generally half-wave rectified, with the non-

rectified wave modeled well by a sigmoid (that is, a curve with threshold and saturation points).

The linear portion of the LN model consists of a Gaussian representation representation of the

receptive field’s spatial extent and a temporal filter, generated by the kinetics of an RGC’s output

response to a stimulus. LN models can be used with On-Off RGCs when spatial and temporal com-

ponents of both pathways are the same, as the output nonlinearity can map positive and negative

activation values of its temporal filter.

The temporal element of the LN model is helpful for modeling adaptation states [78, 79, 100].

However, a single adaptation state changes the filter and/or the nonlinearity [78, 79], so the predic-
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tive power of the LN model is reduced when a stimulus with a wide range of statistics is used. Still,

in terms of describing how the kinetics or input-output properties change when RGCs adapt, the

LN model is a useful tool [89]. Moreover, multiple LN models can be added in series to model the

timescale of adaptation across different cell types [90]. Chapters 3 and 4 use LN models to com-

pare how static and non-static inputs to the receptive field surround affect input-output properties

of RGCs.

So far, the models described integrate stimuli linearly over space. Predicting outputs to scenes

with an abundance of spatial contrast is problematic for an LN model with a single temporal filter

and output nonlinearity [17, 101]. Adding multiple spatial subunits that match the receptive field

properties (in space and time) of rectified bipolar cells increases predictive power to naturalistic

(i.e. spatially heterogeneous) inputs [102, 17]. Interestingly, adding subunits across the center and

surround with appropriate temporal filters for each bipolar cell and amacrine cell subunit is enough

to generate motion sensitivity based on comparisons of object speed as it passes through the center

and surround of a salamander RGC [66].

Chapter 2 of this thesis investigates RGC sensitivity to dilating motion in the receptive field

center alone. Bipolar cells do not have any known intrinsic motion sensitivity in the primate retina.

However, when their outputs become correlated via gap junctions, they can contribute to motion

sensitivity [42, 25]. Crossover inhibition can also be generated from stimulation of the receptive

field center. Crossover inhibition does play a role in temporal processing of spatially heterogeneous

inputs to primate RGCs [16], though no clear role in motion sensitivity has been shown.

1.4 Motion in the Primate Visual System

Characterization of motion sensitivity in the primate retina has largely been focused on the suit-

ability of a population of On and Off parasols to encode moving visual inputs. In these studies, the

temporal precision of parasol RGC population responses to moving stimuli make them well-suited
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to encode the speed and direction of motion [26, 27]. A more recent study suggests that each

parasol RGC, as a function of its excitatory presynaptic input, is motion sensitive across a range of

speeds, though direction tuning has not been shown [25].

Beyond the primate retina, motion encoding by primate cortical neurons is well documented.

Areas of primate cortex that contain visual motion sensitive neurons include the superior colliculus

[103–105], middle temporal area of extrastriate cortex (area MT) [106], area V1 [107–109], and

inferior pulvinar [110]. Moreover, magnocellular LGN has been suggested as a primary input

pathway to motion areas described in the dorsal stream (largely V1 and area MT) of the primate

visual system [111–114].

RGCs in primate retina project, even among single types, to combinations of these areas [115].

The On and Off parasol ganglion cells, for example, send direct projections to magnocellular

LGN and superior colliculus [24, 116, 117, 28]. The information sent by an RGC to multiple

areas of the primate brain must be low-level enough to suit functions across both brain areas.

However, functional properties of, for example, V1 and superior colliculus, may overlap. In this

case, the visual system may prefer RGC input containing motion information so as not to overlap

motion computations across brain areas. The extent to which the primate visual system balances

the complexity of its retinal inputs, from a single cell and population perspective, against the needs

of each cortical and subcortical visual area is unknown. Some evidence of a mixed case is seen in

the mouse visual system, where motion sensitivity arises de novo in many area V1 neurons, but a

subpopulation of V1 neurons rely on motion sensitivity encoded directly by the retina [118].

Because motion processing in the primate retina must subserve the functions of the primate

visual system at large, it’s important to understand the types of motion encountered by the retina

and the motion types encoded by downstream cortical areas. In the following subsections, I briefly

outline each.
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1.4.1 Eye Movements

The eyes of many species, including humans, are constantly moving during visual perception,

including during periods of visual fixation [119]. Fixational eye movements are continuous, with

low amplitude movement trajectories that are often described as a tremor, which in aggregate can

drift the eye over 10s of microns (the length of several cone photoreceptor receptive fields) [120].

Classical studies suggest that fixational eye movements help keep the visual system from adapting

out repetitive inputs [121, 122]. More recent work has shown that fixational eye movements play a

role in humans’ ability to discriminate high spatial frequency patterns [123, 120]. In turtle retina,

fixational eye movements drive synchronous firing in RGCs, providing more robust estimates of

visual input to the cortex [124]. How fixational eye movements might affect visual encoding by

primate RGCs is currently unknown.

A separate type of eye movement is a saccade. Saccades are ballistic eye movements that move

the eye around a visual scene between bouts of visual fixation. The fixational interval between

saccadic eye movements can lie anywhere from 100 to 300 ms, though in some cases intervals

can be longer or shorter [125]. Generally, saccades bring the fovea of the eye towards regions of

interest in the visual scene, which can be driven consciously by goal-driven visual behavior.

In Chapter 3 we test how ganglion cells respond to stimuli that have trajectories that mimic

the tremor of fixational eye movements. Chapter 4 looks at how saccadic eye movements affect

encoding of natural scenes.

1.4.2 Object and Global Motion

As a primate moves through its environment, the visual world moves globally across the primate’s

retina. Compensatory eye movements help combat observer motion in terms of keeping the eyes

tracked on a fixation point [126]. However, compensatory eye movements do not counteract the

complex flow fields that are created by objects moving around the eye’s foveating point during
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observer-induced global motion. Indeed, when a primate walks forward without rotating its head

or eye, a dilation of the visual world occurs. When translation and rotation by movement of the

eye, head, and body simultaneously, optic flow vortexes and shears, creating complex percepts

that can shift rapidly during naturalistic movement [127, 128]. The information contained within

optic flow fields is important for survival of the animal. For example, the speed and trajectory

information within optic flow patterns is used by primates in order to intercept and avoid objets

[129, 130].

The primate visual system encodes many varieties of global motion across cortical and subcor-

tical areas, including optic flow. Neurons in the medial temporal area (area MT) respond well to

global motion translation in a particular direction [131]. Neurons in the dorsal region of the medial

superior temporal (MST) area of primate cortex are selective for translating or vortexing motion

across particular areas of the visual scene [132]. Area V3a also contains neurons sensitive to a

combination of optic flow pattern and visual scene location [133]. Critical elements of optic flow

are the expansion and outward movement of objects. Chapter 2 compares responses of RGCs

to stimuli that expand over time (approaching motion) to stimuli that recede, testing whether the

primate retina shows sensitivity to stimuli that are similar to the dilating motion that occurs as

primates move through their environment.

Object motion refers to any type of visual motion not generated by the observer. Object motion

encoding is prevalent across the primate visual system. Classic studies in Area V1 show that

neurons encode the direction of moving objects [134]. It is also critical for an animal to separate

object motion from background motion. Many neurons in area MT of primate cortex encode the

differential motion of an object in their receptive field center relative to background motion in

their receptive field surround [131, 135, 136]. Chapter 3 shows a primate RGC type with similar

selectivity for differential motion between center and surround.
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1.5 RGC Pathways in Primate and Non-Primate: What do we

know?

A handful of primate RGC types have spatial, temporal, and chromatic characterizations, all within

the framework of the classical antagonistic center-surround receptive field [115, 137]. On and Off

parasol and On and Off midget RGCs are the most well studied of all primate RGCs, owing to

their overwhelming representation in terms of density in the primate retina [117]. Both midget

and parasol cells have high flicker fusion rates, with parasols increasing their temporal frequency

sensitivity with retinal eccentricity [138]. Parasol RGCs have been found to be somewhat more

spatially nonlinear than the midget [55]. The midget encodes red vs green color inputs, while the

parasol is achromatic [22]. As previously mentioned, parasols have been implicated in motion

perception, largely (but not completely) from a population encoding perspective [26, 27, 25].

Compared to the parasol and midget ganglion cell types, other RGC types are sparsely ex-

pressed. The next-most abundant RGC type, at about 8% of the overall primate RGC volume,

are the small-bistratified type ([7]). The small bistratified type is a blue vs yellow color opponent

RGC, with blue and yellow receptive field centers that are somewhat co-extensive ([139]). The

small bistratified cells project to the koniocellular LGN ([117] [29]). Another blue vs yellow color

opponent primate RGC is the more sparsely expressed large bistratified cell, which projects to ko-

niocellular LGN and superior colliculus ([117] [29])). Receptive field and functional properties of

this cell are yet to be determined.

Beyond the small bistratified cell, three distinct subtypes of the sparsely expressed RGC types

have been physiologically characterized in terms of their receptive field structure. These are the

broad thorny and On and Off smooth monostratified ganglion cells [55, 28, 30, 140]. The smooth

monostratified ganglion cells show very spatially nonlinear receptive fields, particularly compared

to parasols [55, 140]. Dendrites of On and Off smooth monostratified RGCs have active properties,
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and their receptive field centers have spatially non-uniform spiking outputs and bipolar cell inputs

[140, 49].

Broad thorny ganglion cells respond at both increments and decrements of contrast, making

it an On-Off cell type, and both On and Off outputs are heavily suppressed by a distinctly strong

receptive field surround [30]. The broad thorny ganglion cell shows interesting response properties

during motion, where a moving full field plaid (that is, a simple texture that spans both center and

surround) completely suppresses response output. Other cell types, including the Off parasol,

respond well to this stimulus [30]. Broad thorny RGCs have uniquely slow linear filters and a high

sensitivity to objects moving through their center field centers [30]. Motion sensitivity of the broad

thorny and On smooth monostratified cells are explored in Chapters 2 and 3.

10-15 other RGC types exist, known by their distinct morphologies, but a majority of them

have little to no physiological or functional description [24, 97, 117, 29].

Non-primate RGCs have well established pathways for direction selectivity, orientation se-

lectivity, and object motion sensitivity, among other complex output pathways [32]. A notable

pathway in the non-primate retina that ties together center-surround interaction with motion sen-

sitivty are the object motion sensitive RGCs found in salamander, rabbit, and mouse [66, 141].

These cells use an amacrine-cell mediated mechanism to select for motion speed differences be-

tween center and surround [66, 67]. In Chapter 3, we test for center-surround interactions that

promote object motion sensitivity using stimuli similar to those used to characterize non-primate

object motion sensitive RGCs.

19



Chapter 2

Selectivity to approaching motion in retinal

inputs to the dorsal visual pathway.

The study presented in this chapter has been published as: Todd R. Appleby and Michael B.

Manookin (2020). Selectivity to approaching motion in retinal inputs to the dorsal visual pathway.

eLife Feb 24:9:e51144

2.1 Summary

To efficiently navigate through the environment and avoid potential threats, an animal must quickly

detect the motion of approaching objects. Current models of primate vision place the origins of

this complex computation in the visual cortex. Here, we report that detection of approaching mo-

tion begins in the retina. Several ganglion cell types, the retinal output neurons, show selectivity

to approaching motion. Synaptic current recordings from these cells further reveal that this prefer-

ence for approaching motion arises in the interplay between presynaptic excitatory and inhibitory

circuit elements. These findings demonstrate how excitatory and inhibitory circuits interact to me-

diate an ethologically relevant neural function. Moreover, the elementary computations that detect

approaching motion begin early in the visual stream of primates
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2.2 Introduction

As an object approaches, the image of that object becomes larger on the surface of an observer’s

retina. Many animals use these size changes to estimate whether and when an object will collide

with the animal [142–144] and also to estimate the animal’s own motion through the environment

[145, 146]. Neurons with such selectivity for approaching motion have been found in the dorsal

visual pathway of primates [147, 148, 109]. However, it is not known whether similar approach

selectivity is found earlier in the visual pathway of primates.

Several ganglion cell types found in the retinas of humans and non-human primates project to

the dorsal visual pathway, including parasol (magnocellular-projecting) cells [149]. These cells

can detect small changes in the reflectance of an object relative to the background (i.e. contrast),

and their high contrast sensitivity has resulted in the hypothesis that these cells contribute primarily

to representations of object form [150, 151]. Less is known about how motion affects the response

properties of these cells [26, 27, 25].

Here, we report that parasol and other ganglion cell types in the macaque monkey retina display

a preference for approaching motion. We show that visual circuits downstream of parasol cells can

detect approaching motion based solely on the spike output of these cells. We further study the syn-

aptic basis for this computation using direct recordings and a computational model. In summary,

the elementary computations for detecting approach are present in the retinal input to the dorsal

visual pathway of primates.

2.3 Results

We recorded the spike responses of five ganglion cell types—broad thorny, On and Off smooth

monostratified, and On and Off parasol ganglion cells—in an in vitro preparation of the macaque

monkey retina to determine whether these cells showed preference for approaching or receding
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motion. Cells were identified based on their characteristic cell body sizes and shapes under infrared

illumination, their distinct light response properties, and dendritic morphologies [30, 152, 28, 140,

55]. We begin by demonstrating that these cells show strong selectivity for approaching textures.

2.3.1 Five primate ganglion cell types show preference for approaching tex-

tures

Humans and non-human primates use changes in spatial scale or object size in estimating the

speed of approaching objects and their own motion through the environment [142–146]. Further,

this selec- tivity for approaching motion is commonly thought to originate in the thalamus or

visual cortex of primates [109], and a retinal origin for this type of motion sensitivity has not been

considered.

To determine whether ganglion cells in the primate retina exhibited a preference for approach-

ing motion, we recorded cellular responses to moving stochastic textures (see Materials and meth-

ods). The spatial scale of the textures changed as a function of time—increasing in scale to simu-

late approaching motion or decreasing in scale to simulate receding motion. Further, both stimulus

clas- ses contained the same ranges of images scales—the receding motion stimuli were simply

the time- reversed image sequences of the approaching stimuli (Figure 2.1B; [146, 109]) Further,

we tested the same range of scale changes that have been shown to elicit percepts of approaching

motion in humans [146].

As shown in Figure 1, approaching textures elicited larger spike responses than receding tex-

tures in parasol, smooth monostratified, and broad thorny (On-Off type) ganglion cells. A large

bistratified ganglion cell–another type of On-Off cell—also showed increased spiking to approach-

ing textures, but the bias to approaching motion was not as strong as that observed in the other cell

types (Figure 2.1A, bottom). This finding indicated that preference for approaching motion was

not a universal property of all primate ganglion cells, but was restricted to a subset of these cell
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types.

We quantified the degree to which a cell preferred approaching or receding motion by cal-

culating the difference between the spike responses to approaching (Rapproaching) and receding

(Rreceding) motion divided by the sum of those responses, as described by Equation 2.1.

approach selectivity =
Rapproaching −Rreceding

Rapproaching +Rreceding
(2.1)

Positive values indicate a preference for approaching motion and negative values for receding

motion while values near zero indicate a lack of preference. Indeed, the approaching textures eli-

cited higher spike rates in On- and Off-type parasol and smooth monostratified ganglion cells,

resulting in significant approach selectivity values in all four cell types (Figure 2.1c; p<7.8 x 10−3;

Wilcoxon signed rank test).

The smallest texture scales used in these experiments corresponded in size to the dendritic tree

diameters of the diffuse bipolar cells that provide excitatory synaptic input to parasol and smooth

monostratified ganglion cells in the mid-peripheral retina (∼30–40 mm) [153, 154, 45, 46, 17].

However, to reliably contribute to vision, these mechanisms must operate across the broad range

of spatial scales encountered in the natural environment [155, 156]. To ensure that approach selec-

tivity was not restricted to a limited subset of texture scales (i.e. spatial frequencies), we repeated

the texture experiments using four distinct scale ranges in the same cell. The smallest scales in the

texture sequences ranged from the approximate width of diffuse bipolar cells (3.3 cycles/degree)

to the approximate dendritic tree width of parasol ganglion cells in the mid-peripheral macaque

retina (0.8 cycles/degree).

Varying the scale ranges of the texture sequences did not change the preference for approaching

textures. Approach selectivity persisted in parasol and smooth monostratified cells across these

stimulus conditions (parasol: n = 16 cells, p<2.4 x 10−4; smooth monostratified: n = 7 cells, p<7.8

x 10−4; Wilcoxon signed rank test). In fact, approach selectivity increased with increasing texture
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scale (i.e. decreasing spatial frequency) in both parasol and smooth monostratified cells (Figure

2.2D). These results indicated that the mechanisms mediating approach selectivity in these .

cells operate across awide range of spatial scales. Further, the texture stimuli contained similar

statistical properties to the types of motion encountered during optical flow, indicating that signals

from parasol and smooth monostratified cells could be utilized in detecting this type of motion.

2.3.2 Approach motion selectivity predicted from nonlinear subunits

Neurons in macaque visual cortex show a preference for approaching textures, which is thought to

arise from the linear spatiotemporal receptive-field structure of these cells [109]. However, neural

mechanisms operating much earlier in the visual pathway might also contribute to the observed

preference for approaching motion.

We considered the excitatory synaptic output from retinal bipolar cells onto the dendrites of

gan- glion cells as a strong candidate for contributing to this type of stimulus selectivity. The

synaptic output of retinal bipolar cells is strongly rectified (nonlinear) [50, 157] and this recti-

fication is critical for detecting certain types of visual motion [51, 67, 42, 25]. Thus, we used

a combination of computational modeling and synaptic current recordings to determine whether

bipolar cells contributed to approach selectivity in parasol and smooth monostratified cells.

We created subunit receptive-field models based on direct measurements of the spatiotempo-

ral filtering properties and output nonlinearities of the diffuse bipolar cells that provide excitatory

synaptic input to parasol and smooth monostratified ganglion cells in the macaque monkey retina.

The spatial components of the model bipolar cell receptive fields were based on previous measure-

ments of these cells [153, 154, 45, 17]. and the temporal filtering properties, electrical coupling,

and output nonlinearities were based on our own direct measurements [25].

The receptive-field profile of ganglion cells was modeled as a difference-of-Gaussians in which

the receptive-field center was opposed by a surround of opposite contrast polarity. This receptive-

field profile set the weighting of subunit inputs to model ganglion cells. The sizes and strengths of
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Figure 2.1: Ganglion cells exhibit a preference for approaching textures. (A) Responses of
several ganglion cell types to receding (red) and approaching (black) Gaussian textures. Average spike
rate is shown across 50–200 distinct randomly generated textures. The gray region indicates the period of
motion. (B) Example of receding and approaching texture stimuli used in the experiments (top). Scale bar
indicates 0.5 mm. Bottom, Optical flow fields computed from an example approaching texture movie. White
areas show regions from which the texture expanded during the stimulus sequence. (C) Approach selectivity
index values for cell types in (A) to the texture stimuli. Transparent shapes indicate individual cells. Opaque
shapes and error bars indicate mean ± SEM. (D) Approach selectivity (y-axis) as a function of the initial
spatial frequency (x-axis) in parasol (n = 16) and smooth monostratified ganglion cells (n = 7). Approach
selectivity persisted at all spatial frequencies tested.
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the center and surround regions of the receptive field were determined directly by measuring spike

responses to sinusoidally modulated spots that varied in diameter (14–720 mm)—the relative sizes

and strengths of center (wc) and surround (ws) regions of the receptive field were estimated from

these response patterns (Figure 2.2B, C; see Materials and Methods).

Both center and surround regions were comprised of subunits and the surround provided lateral

inhibition to the model ganglion cell with a temporal delay (see Materials and Methods). This delay

occurs because surround inhibition typically arises via feedback from horizontal cells or amacrine

cells and, thus, must traverse an extra synapse relative to the direct excitatory synaptic input from

bipolar cells. We directly measured the surround delay by recording responses to spots presented

over the receptive-field center or annuli presented in the surround. Spot or annulus contrast was

drawn from a Gaussian distribution on each frame and the temporal filtering properties of center

and surround regions were measured directly by cross-correlating the contrast trajectory of the

stimulus with the cell’s spike output (see Materials and Methods). The temporal delay between

center and surround regions was determined from the difference in the time-to-peak of the temporal

filters measured in the center and surround regions of the receptive field (Figure 2.2D, E). This

delay was then incorporated into the model at the level of the surround subunits.

To determine whether the subunit models predicted the observed approach selectivity, we ob-

tained the model outputs to moving textures. To simulate approaching or receding motion, the spa-

tial frequency content (i.e. spatial scale) of the textures changed as a function of time [146, 109].

We compared two models that were identical except for the input-output function of the subunits—-

in one case the function was linear and in the other it was nonlinear. The outputs of the linear

subunit model were similar for both approaching and receding textures, resulting in a lack of

approach selectivity (p>0.4 at all expansion rates; Figure 2.3A). However, the nonlinear subunit

model showed a very different pattern—-approaching textures produced significantly larger out-

puts than receding textures for each expansion rate and this bias for approaching motion increased

with increasing rate (Figure 2.3B). These modeling results suggest that the nonlinear output of
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retinal bipolar cells may contribute to approach selectivity in some ganglion cell types.

These results are particularly important in the context of canonical models of motion sensitivity

in primates. Previous studies posited that this type of approach selectivity arose in the cortex or

thalamus [109]. Our physiological recordings, however, indicated that some primate ganglion cell

types showed approach selectivity. Moreover, our modeling results indicated that approach sensi-

tivity was predicted as a consequence of ganglion cells pooling across several nonlinear subunits.

We will directly test the contribution of bipolar cells to approach motion selectivity later in this

work, but first we examine whether retinorecipient brain regions could detect approaching motion

from the outputs of parasol ganglion cells.

2.3.3 Circuit model predicts selectivity for approaching motion

Our physiological recordings indicated that individual parasol cells could distinguish between ap-

proaching or receding texture motion with a high degree of accuracy (Figure 1). We employed our

computational models to gain insight into how accurately the direction of moving textures could

be inferred by downstream neurons from the outputs of populations of On and Off parasol cells.

Each subclass of parasol ganglion cell (On or Off) forms a regularly spaced mosaic with neigh-

boring cells of the same class, but the dendritic-field and receptive-field locations between On and

Off types are uncorrelated [152, 139]. Thus, we randomly shifted the locations of the model On

and Off cell mosaics relative to each other. We tested the model on 500 different textures moving

at five different speeds (0.5–8 degrees s−1). As with our direct recordings, the On and Off models

showed larger responses for approaching textures relative to their receding counterparts (Figure

2.4B).

We tested linear and quadratic decoding models to estimate how accurately downstream neu-

rons could distinguish between approaching and receding texture motion based on the outputs of

the model On and Off parasol cells. The output of the linear decoding model was the scaled sum

of the model parasol cell responses, and the quadratic model squared the outputs of these cells
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Figure 2.2: Direct measurement of spatiotemporal receptive-field model parameters. (A)
Model architecture. Center (left) and surround (right) regions of the receptive field were comprised
of subunits. Subunits also exhibited center-surround receptive field structures based on published
measurements. Following spatiotemporal filtering, signals were passed through a static input-
output nonlinearity after which they were normalized and integrated at the level of model ganglion
cells. (B) The sizes and weightings of center (wc) and surround (ws) inputs to the model ganglion
cells in (A) were calculated by recording spike responses to spots presented over an On parasol
ganglion cell’s receptive field. Spot contrast (0.5) was modulated sinusiodally at 2 Hz and spot
radius varied on each trial. The modulation depth (F1 amplitude) of the average cycle was largest
at 145µ m (left) and fell off at smaller and larger radii (right). Solid line shows difference-of-
Gaussians fit to the data (right). (C) Same as (B) for an Off parasol cell. (D–E) The temporal lag
between center (D) and surround (E) regions of the receptive field was measured using a Gaussian
flicker stimulus. On each frame, the contrast of either a spot (center condition) or annulus (surround
condition) was drawn randomly from a Gaussian distribution with a mean of 0.0 and a standard
deviation of 0.1. Temporal filters were determined by cross-correlating the cell’s spike output with
the stimulus sequence (left) and the temporal lag between center and surround was determined
from the time-to-peak of these filters. Middle, Input-output nonlinearities were determined for
the center and surround noise. Right, Unique contrast sequences were interleaved with repeated
sequences. The repeated sequences were not used in computing the temporal filters, but were used
to cross-validate the model. The average response to the repeated sequences (black) showed high
correspondence to the model prediction (green).

prior to scaling and summation (see Materials and methods). We assessed the models’ ability to

distinguish between approaching and receding motion by calculating the Jensen-Shannon distance

between the model outputs to these stimuli [158, 159]. This metric quantifies the degree of dissim-

ilarity between the response distributions—values near zero indicate a high degree of similarity

while values near one occur when the distributions are more distinct (see Materials and methods;

Equation 17). Indeed, both decoding models showed Jensen-Shannon distance values ≥0.28 un-

der all conditions and values near one at the higher speeds tested (Figure 2.4D, E). These results

indicated that downstream circuits could accurately detect approaching motion with very simple

processing of the inputs from On and Off parasol cells.

To determine whether decoding accuracy varied with the number of ganglion cell outputs, we

calculated model performance while varying the number of On/Off output pairs (1–6 pairs). Pair-

ings were established by calculating the nearest Euclidean distance between neighboring cells.
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Figure 2.3: Approach selectivity to moving textures predicted from nonlinear receptive-field
subunits. (A) Normalized outputs of linear subunit models to 500 textures that either approached
or receded at five different rates. Approaching and receding motion was not distinguishable at any
rate for either the On or the Off subunit models. (B) Outputs of models containing nonlinear sub-
units. Adding a nonlinearity at the model bipolar cell output produced selectivity for approaching
textures at all expansion rates. Error bars indicate mean ± SEM

Increasing the number of model ganglion cell pairs providing input to the linear decoder pro-

duced a modest increase in performance (Figure 2.4D). The effect on the quadratic decoder was

more varied—increasing the number of ganglion cells greatly improved performance at the slow-

est expansion rates, but the effects were inconsistent at faster expansion rates. These results are

consistent with the premise that integrating over a larger number of retinal outputs improved per-

formance in detecting approaching textures. However, model performance was high for single

ganglion cell pairs, indicating that little integration or post-processing of the retinal output was
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Figure 2.4: Computational model predicts selectivity for approaching textures. (A) Example
approaching and receding textures. The same texture sequence was presented from highest-to-
lowest spatial frequency (approaching) or lowest-to-highest spatial frequency (receding). Models
were run on 500 unique texture sequences at five different expansion rates. (B) Average responses
of On (top) and Off models (bottom) to 500 textures that approached or receded at 2.0 degree
s−1. (C) Basic organization of decoding models. Model bipolar cells provided input to ganglion
cell mosaic which, in turn, provided input to the decoder. (D) The output of the linear decoding
model was the weighted sum of the outputs from the On and Off models. The model produced
larger outputs for approaching than receding motion for each of the textures, shown as individual
circles (left). Jensen-Shannon distance values computed between the distributions for approach-
ing and receding textures at five expansion rates (middle). This approach bias persisted across a
range of expansion rates and was highest at higher rates. Lines are color coded for the number of
ganglion cells combined by the decoder. Right, Jensen-Shannon distance (y-axis as function of the
maximum spatial frequency in the moving textures (x-axis). Discriminability of the approaching
textures persisted across a broad range of spatial frequencies and fell off when spatial frequency
content was very low (<0.3 cycles degree–1). (E) Same as (D) for the quadratic decoding model.
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required to reliably detect approaching motion.

The type of motion that we studied with the approaching and receding texture stimuli is com-

monly encountered as an animal moves through the environment [157, 156]. The results presented

thus far in our study support the premise that the output of the primate retina contains reliable

information that could be used by downstream neural pathways for detecting approaching motion.

Our next goal was to understand the specific neural circuit mechanisms mediating the observed

motion preference.

2.3.4 Approach motion selectivity present for moving annuli

The subunit model in Figure 3 demonstrated that the nonlinear input-output properties of bipo-

lar cell subunits could account for much of the observed approach selectivity to texture motion.

We next wanted to determine whether this output nonlinearity accounted for all the observed ef-

fect or whether other circuit mechanisms also contributed. We did this by designing a stimulus

paradigm which should not elicit approach selectivity for the nonlinear subunit circuit motif de-

scribed in Figure 2.3. Thus, if approach selectivity were observed, other circuit mechanisms must

also contribute. The stimulus used was a ring (annulus) that expanded outwardly (approaching) or

contracted inwardly (receding) along the dendritic tree (Figure 2.5A). Figure 2.5B illustrates the

widest extent of the annulus relative to the receptive-field profiles of example On and Off parasol

cells that were measured using the stimulus paradigm described in Figure 2.2. The annulus was

contained within the receptive-field center, which allowed us to probe cellular and model response

properties without strongly engaging the surround.

We tested the predictions of three model configurations on the approaching and receding annuli:

(1) a model in which the subunit outputs were linear (linear subunit model), (2) a model in which

the output of each subunit was passed through an output nonlinearity (nonlinear subunit model),

and (3) a model in which simulated electrical coupling between subunits occurred prior to the

output nonlinearity (coupled subunit model).
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Figure 2.5: Canonical receptive-field models predict a lack of approach selectivity. (A) Stim-
ulus paradigm for approaching and receding annuli. Annuli either rapidly increased in radius
(approaching) or decreased in radius (receding). (B) Two-dimensional spatial receptive-field pro-
files used in the model. Values were determined directly from parasol cell recordings as shown
in Figure 2. Gray regions indicate the widest extent of the moving annuli. (C) The linear subunit
model was created in which subunit input was integrated linearly prior to a single nonlinearity at
the ganglion cell output. Model parameters came directly from measurements of spatiotemporal
receptive field properties. On and Off models predicted similar responses for both approaching and
receding annuli. (D) A model in which the output of each subunit was passed through the output
nonlinearity prior to integration at the level of the ganglion cell also predicted similar responses
to approaching and receding annuli. The nonlinear subunit model also predicted similar responses
in Off parasol cells to approaching and receding annuli of a given contrast. (E) Output of On and
Off models with electrical coupling between bipolar cells. This models produced excitatory con-
ductances that were biased toward approaching motion. (F) A model in which coupling between
subunits was absent, but the subunit receptive-field sizes were enlarged to simulate lateral spread
through gap junctions. Approach selectivity was absent from this model, indicating that the in-
crease in subunit receptive-field size alone could not account for the approach selectivity observed
in (E). (G) Approach selectivity index calculated for the On and Off cell coupled subunit models at
a series of coupling gains. Approach selectivity was highest for gains of ∼0.1–0.4. (H) Approach
selectivity for the enlarged subunit models calculated for a series of subunit diameters. Selectivity
was relatively low even at large diameters.

Unlike their predictions for the texture stimuli (Figure 2.3), the linear and nonlinear subunit

models both predicted a lack of approach selectivity for the moving annuli, as model outputs were

similar for the approaching and receding annuli at all contrasts (Figure 2.5C, D). The coupled

subunit model, however, predicted larger responses to approaching annuli than to receding annuli

(Figure 2.5E).

What accounts for the approach bias predicted by the coupled subunit model? It was pro-

posed to us that the effect of coupling in expanding the subunit receptive-field size could explain

the observed approach motion bias. Indeed, some studies have proposed that electrical coupling

significantly increases the size of bipolar cell receptive fields [153, 160–162]. We sought insight

into whether altering the subunit receptive-field size could account for the observed approach bias.

We did this by varying the subunit receptive-field diameters in models lacking electrical coupling

between subunits.
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We used a receptive-field diameter of 32 µm in our coupled subunit model that exhibited ap-

proach selectivity to moving annuli (two-standard-deviation diameter; Figure 2.5E). This value

was based on a previous study in which we used direct measurements of excitatory synaptic cur-

rents in parasol ganglion cells to determine the subunit size, coupling gain between subunits (gain,

0.1), and space constant for electrical coupling in the diffuse bipolar cell networks (λ , 36.4 µm)

[25]. These model parameters would expand the subunit receptive field by ∼7 µm. Thus, if ap-

proach selectivity were a result of subunit receptive-field expansion, we would expect to observe

comparable approach selectivity values for the coupled model and a model lacking electrical cou-

pling with subunit diameters of ∼39–40 µm. However, this was not the case (Figure 2.5G, H). The

coupled subunit models showed approach selectivity values of ∼0.5 when the coupling gain was

0.1 (On model, 0.56; Off model, 0.46), but the same models that lacked coupling and with subunit

diameters of 40 m exhibited much lower approach selectivity (enlarged subunit model: On model,

0.09; Off model, 0.03). In fact, doubling the subunit receptive-field diameters did not reproduce

the level of approach selectivity observed in the coupled subunit model or in our direct recordings

from parasol ganglion cells (Figure 2.5G, H). Thus, approach bias does not arise primarily from

enlarging subunit receptive fields.

These modeling simulations produced two principal results. First, the nonlinear subunit model

predicted approach selectivity to the expanding texture stimuli (Figure 2.3), but not to the expand-

ing annuli. Thus, if this model accurately reflects the underlying circuitry, then we should observe a

lack of approach selectivity to the annulus stimulus in our direct recordings from primate ganglion

cells.

Another important result of the simulations was the divergent predictions of the nonlinear and

coupled subunit models (Figure 2.5D, E). These models were identical other than that the latter

model simulated electrical coupling between subunits prior to the output nonlinearity. Thus, the

differences in predicted output pattern between these two models suggested that electrical coupling

in the bipolar cell network contributes to approach bias for certain classes of stimuli such as the
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moving annuli (see Appendix 2.8). If such a mechanism were engaged by these stimuli, we would

expect to observe approach selectivity to the moving annuli in our cellular recordings. Indeed, we

next tested these predictions by recording the responses of ganglion cells to the moving annulus

stimulus paradigm.

Consistent with the predictions of the coupled subunit model, parasol cells exhibited pro-

nounced asymmetries to approaching and receding annuli. In On parasol cells, approaching bright

annuli evoked much larger spike responses than receding annuli of the same contrast—at the high-

est contrast, approaching motion elicited 85.4 ± 10.9 spikes s−1 versus 7.1 ± 4.3 spikes s−1 for

receding motion (contrast, +1.0; mean ± SEM; n = 26 cells; p=8.3 × 10−6; p<2.6 × 10−5 at all

contrasts; Wilcoxon signed rank test, here and below). Likewise, approaching motion to strong

negative contrasts in Off parasol cells evoked 148.7 ± 12.8 spikes s−1 versus 55.2 ± 9.4 spikes s−1

for receding motion (contrast, –1.0; mean ± SEM; n = 24 cells; p=2.1 × 10−5; p<3.4 × 10−5 at all

contrasts).

We calculated the approach selectivity index for each cell (Figure 2.6H). Unlike to the moving

textures, Off smooth monostratified and broad thorny cells lacked consistent approach selectivity

to the annulus stimulus, but approach selectivity persisted in On smooth monostratified and On and

Off parasol cells. Besides demonstrating that approach selectivity generalized to a broader range

of visual stimuli in the latter three cell types, these results aligned well with the predictions of the

coupled subunit model, suggesting that electrical coupling or other lateral interactions within the

network contributes to approach selectivity in these cells. To gain further insight into the circuit

mechanisms involved, we performed synaptic current recordings from parasol cells to the moving

annulus stimulus paradigm.
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Figure 2.6: Approach motion selectivity for moving annuli. (A) Spike responses in an On parasol
ganglion cell to receding (left) and approaching (middle) annuli presented at a series of contrasts. Right, Av-
erage spike rate during movement of receding (red) and approaching (black) annuli as a function of stimulus
contrast. (B–F) Same as (A) for Off parasol (B), On smooth monostratified (C), Off smooth monostratified
(D), broad thorny (E), and large bistratified ganglion cells (F). (G) Approach sensitivity index values for
the stimulus paradigm. Transparent shapes indicate individual cells. Opaque shapes and error bars indicate
mean ± SEM. Asterisks indicate statistically significant values, determined using the Wilcoxon signed rank
test.

2.3.5 Distinct contributions of the On and Off visual pathways to approach

motion selectivity

We presented the approaching and receding annuli while recording the excitatory and inhibitory

synaptic inputs to parasol ganglion cells (see Materials and methods). Excitatory and inhibitory

currents were measured by holding a cell’s membrane voltage at the reversal potentials for in-

hibitory (ECl , –70 mV) and excitatory synaptic currents (Ecation, 0 mV), respectively. The pat-

tern of excitatory synaptic inputs mirrored the observed spiking pattern—excitatory currents were

largest for approaching annuli matching the cell’s preferred contrast polarity—positive contrasts in

On cells and negative contrasts in Off cells (compare Figure 2.6, Figure 2.7). For example, 100%

preferred-contrast approaching annuli evoked excitatory inputs that were much larger than reced-

ing annuli in both On (approaching, 40.4 ± 9.3 pC; receding, 0.7 ± 5.5 pC; n = 16 cells; p=4.4 ×

10−4) and Off parasol cells (approaching, 97.5 ± 17.2 pC; receding, 29.0 ± 10.5 pC; n = 19 cells;

p=1.3 × 10−4). In addition, receding annuli that were of a non-preferred contrast evoked larger

responses than approaching annuli of the same contrast. These data indicated that the sensitivity to

approaching motion observed in the parasol cell spike outputs was present in the excitatory synap-

tic inputs from diffuse bipolar cells to parasol ganglion cells (Figure 2.7). Inhibitory synaptic input

to parasol cells showed the opposite pattern to that of excitation. Preferred-contrast receding annuli

produced larger inhibitory currents than approaching annuli of the same contrast polarity (On: ap-

proaching, 89.4 ± 26.9 pC; receding, 127.4 ± 28.6 pC; n = 13 cells; p=0.15; Off: approaching, 64.1
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Figure 2.7: Asymmetrical synaptic input patterns underlie approach motion selectivity.Excitatory
synaptic currents measured in an On parasol ganglion cell to receding (left) and approaching (middle) annuli
presented at a series of contrasts. Right, Excitatory charge during movement of receding (red) and approach-
ing (black) spots as a function of stimulus contrast. (B) Same as (A) for an Off parasol cell. (C) Approach
selectivity index for excitatory synaptic currents for On (green) and Off parasol cells (blue). Individual
cells are shaded; solid circles indicate mean ± SEM. (D) Inhibitory synaptic currents measured in an On
parasol ganglion cell to receding (left) and approaching (middle) annuli presented at a series of contrasts.
Right, Inhibitory charge as a function of contrast in the On cell. (E) Same as (D) for the Off parasol cell.
(F) Approach selectivity index for inhibitory synaptic currents for On (green) and Off parasol cells (blue).
Individual cells are shaded; solid circles indicate mean ± SEM. Statistical significance is indicated with an
asterisk and was determined using the Wilcoxon signed rank test.

± 27.7 pC; receding, 114.4 ± 29.3 pC; n = 13 cells; p=1.7 × 10−2). This finding indicated that the

increased selectivity to approaching motion was mediated by a combination of increased synap-

tic excitation and reduced synaptic inhibition relative to receding motion; this pattern of synaptic

input amplified the differences in parasol cell responses to approaching and receding motion.
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Our synaptic current recordings revealed an apparent contribution of inhibitory synaptic in-

put to approach selectivity. Inhibitory input to parasol cells arises primarily from crossover in-

hibition [163, 16]. This type of inhibition emerges from amacrine cells with opposing contrast

polarity—Off-type amacrine cells inhibit On parasol cells and On-type amacrine cells inhibit Off

parasol cells. In addition to directly inhibiting ganglion cells, circuits for crossover inhibition can

modulate glutamate release from retinal bipolar cells by directly inhibiting their synaptic termi-

nals, and this can produce pronounced effects on ganglion cell firing [16, 164]. Thus, crossover

inhibition can manifest in both the direct inhibition onto the ganglion cell and in the excitatory

input from bipolar cells.

To measure the presynaptic and postsynaptic contributions of crossover inhibition to approach

motion selectivity, we recorded synaptic currents in Off parasol cells while blocking crossover in-

hibition with agents that selectively disrupt signaling between photoreceptors and On-type bipolar

cells [165]. We used an mGluR6 agonist/antagonist combination (L-APB, 5 µM; LY341495, 7.5

µM), which has been shown to silence crossover inhibition while minimizing off-target effects in

primate retina [166]. A comparable pharmacological manipulation was not available for isolating

crossover inhibition on On-type ganglion cells [25], so we focused on Off parasol cells for these

experiments.

Crossover inhibition can act both presynaptically, by modulating bipolar cell glutamate re-

lease, and postsynaptically, by directly inhibiting ganglion cell dendrites [167–169, 16, 164, 170].

We measured these effects by recording excitatory and inhibitory synaptic input before and after

blocking crossover inhibition (Figure 2.7—figure supplement 1). The effect of blocking crossover

inhibition on excitatory synaptic inputs differed for approaching and receding motion. Block-

ing crossover inhibition did not significantly affect the magnitude of evoked excitatory synaptic

currents to approaching motion, but to receding motion, excitatory currents increased following

crossover blockade relative to the control condition (Figure 2.6—figure supplement 1A, B). This

subsequently reduced approach selectivity relative to the control condition (Figure 7—figure sup-
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plement 1C; n = 6 cells; p=1.6 × 10−2; Wilcoxon signed rank test). These data indicated that

during receding motion, the amacrine cell responsible for crossover inhibition provided inhibition

at presynaptic bipolar terminals, but this presynaptic inhibition was not present during approaching

motion.

These excitatory and inhibitory synaptic recordings indicated that crossover inhibition was

more strongly recruited by receding motion than approaching motion. Thus, crossover inhibi-

tion enhanced approach motion selectivity by suppressing excitatory synaptic release and directly

inhibiting ganglion cell dendrites during receding motion. Despite the apparent contribution of

crossover inhibition to approach motion selectivity, excitatory synaptic input was larger for ap-

proaching motion than receding motion with crossover inhibition blocked. This indicated that

the observed bias for approaching motion was present in both the bipolar cell and amacrine cell

circuitries and was amplified by interactions between these circuit elements.

2.4 Discussion

We compared the responses of several primate ganglion cell types to approaching and receding

motion. We found that parasol and smooth monostratified ganglion cells consistently showed larger

responses to approaching textures and annuli relative to receding stimuli of the same type (Figure

2.1, Figure 2.6). We further demonstrated that the asymmetrical response patterns of these cells

to approaching and receding motion arises from the concerted activity of excitatory and inhibitory

synaptic inputs to these ganglion cells (Figure 2.5, Figure 2.7, Figure 2.7—figure supplement 1).

Further, approach selectivity was weak or absent from several On-Off type cells indicating that it

was not a general property of primate ganglion cells. Below, we note some functional implications

of these results.

Canonical receptive-field models have been used to describe the visual properties of many gan-

glion cell types including parasol cells [53, 171] and smooth monostratified cells [28, 55]. These
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models can accurately predict neural responses to a small subset of potential visual inputs such

as briefly presented stimuli (Figure 2.5—figure supplement 1) or spatiotemporally uncorrelated

noise [171], but they perform poorly at predicting responses to stimuli containing spatiotemporal

correlations [25, 42], including naturalistic stimuli [101, 17, 18]. These failures occur because

retinal circuits contain many nonlinearities that are not considered in classical receptive field mod-

els. Indeed, the traditional linear-nonlinear spatiotemporal model failed to accurately predict the

strong asymmetries observed to approaching and receding motion (Figure 2.5, Figure 2.5—figure

supplement 1, Figure 2.6).

In vertebrates, the principal retinal nonlinearities arise at the level of bipolar cell glutamate re-

lease [50, 51]. Additional nonlinearities are produced by electrical coupling between bipolar cells

[42, 25, 172, 173] and by inhibitory amacrine cells [174–176, 67]. Further, a recent study revealed

strong nonlinearities in the interactions between different dendritic branches of smooth monostrat-

ified ganglion cells, providing an additional level of nonlinear interactions after the bipolar cell

nonlinearities [140]. Besides frustrating attempts by researchers to produce accurate computa-

tional models of retinal processing, these nonlinearities form the basis for extracting (or rejecting)

specific features from visual inputs. For example, amacrine cell input allows the ∼15 bipolar

cell types to differentially affect the ∼30–40 ganglion cell pathways [177, 178, 32, 179]. Further,

these interactions contribute to spatial selectivity [180, 66, 64, 181, 182] and short-term plasticity

[183, 90, 92, 184, 93].

The prominent type of inhibitory input at play in approach motion selectivity, crossover in-

hibition, arises via interactions between the On and Off visual pathways. The circuit motif for

crossover inhibition has been conserved across several vertebrate species including fish [185],

salamanders [168], guinea pigs [164, 72], rodents [68, 169], rabbits [170], and primates [163, 16],

and it contributes to a variety of visual functions (reviewed in [186]). Here, we demonstrate that

crossover inhibition amplifies the asymmetrical responses of primate ganglion cells to approaching

and receding motion by providing inhibition both at the level of the diffuse bipolar cell terminals
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and at the level of the ganglion cell dendrites (Figure 2.7, Figure 2.7—figure supplement 1; [68]).

In addition, our findings highlight the utility of electrical synapses in neural computation. Elec-

trical coupling between neighboring bipolar cells enhances responses to visual inputs containing

spatiotemporal correlations and endows certain ganglion cells with generalized motion selectivity

[42, 25] and enhanced direction selectivity in others [173]. Our results here suggest that the effects

of electrical synaptic transmission varies with the type of motion—potentiation occurs during ap-

proaching motion and was absent during receding motion (Figure 5, Appendix 2.8). Perhaps, the

prevalence of these synapses in the retina was partly an adaptation, early in vertebrate evolution, for

processing the spatiotemporal correlations that are so common in visual environments [37, 155],

including those generated during an animal’s own motion through the environment (Figure 2.1,

Figure 2.4; [145, 146, 156]).

2.4.1 Relationship to previous findings

In rodent retina, approach selectivity is found only in a single ganglion cell class—the Off Alpha

ganglion cell and is absent from several other types [68]. We found approach selectivity to be

more ubiquitous in the primate retina, manifesting in parasol, smooth monostratified, and broad

thorny ganglion cells to varying degrees (Figure 2.1, Figure 2.6). This variation may reflect the

distinct ethological demands on these species. For example, the need to quickly detect approaching

dark objects, such as overhead predators would be necessary for survival in prey species like mice

[187]. Thus, expression of approach selectivity in an Off-type ganglion cell would allow these

vital computations to occur early in the visual pathway. Likewise, the arboreal habitats of early

primates increased the need to quickly and accurately perform visually guided movements with

the arms and hands and led to the expansion of areas in the parietal cortex responsible for these

tasks [114]. These habitats may have also produced a need for light/dark symmetry in detecting

approaching motion as well as self-motion through the environment [145, 146].
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2.4.2 Contributions to visual processing in primates

The selectivity of these macaque ganglion cell types to approaching motion should be distinguished

from the looming-sensitive neurons found in retinorecepient brain regions. For example, looming-

sensitive neurons in the optic tectum of pigeons respond when an object moves toward the animal,

but do not respond when the animal moves toward the object [188]. The ganglion cells that we

tested would not be able to distinguish self-motion and object motion in this way. Instead, the

approach motion selectivity that we observed would be an initial step in a series of computations

culminating in the detection of approaching objects.

Indeed, the same circuit nonlinearities that enhanced selectivity to approaching motion also

produced ambiguities between the direction (approaching/receding) and contrast (light/dark) of

moving objects. This result indicates that downstream visual circuits receiving input from parasol

and smooth monostratified ganglion cells would also require input from other retinal pathways to

resolve these ambiguities. For example, downstream circuits might obtain a more faithful readout

of the reflectance of a moving object from the concerted activity of midget ganglion cells and

then, with the aid of this information, determine whether the object were approaching or receding.

However, future studies will be needed to determine how and where in the visual stream such

ambiguities are resolved.

2.5 Materials and Methods

Experiments were performed in an in vitro, pigment-epithelium attached preparation of the macaque

monkey retina [63]. Eyes were dissected from terminally anesthetized macaque monkeys of either

sex (Macaca fascicularis, mulatta, and nemestrina) obtained through the Tissue Distribution Pro-

gram of the National Primate Research Center at the University of Washington. All procedures

were approved by the University of Washington Institutional Animal Care and Use Committee.
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2.5.1 Tissue preparation and electrophysiology

The retina was continuously superfused with warmed (32–35°C) Ames’ medium (Sigma) at ∼6–8

mL min−1. Recordings were performed from macular, mid-peripheral, or peripheral retina (2–8

mm, 10–30° foveal eccentricity). Physiological data were acquired at 10 kHz using a Multiclamp

700B amplifier (Molecular Devices), Bessel filtered at 3 kHz (8-pole [900 CT, Frequency Devices]

in series with 4-pole in Multiclamp), digitized using an ITC-18 analog-digital board (HEKA Instru-

ments), and acquired using the Symphony acquisition software package developed in Fred Rieke’s

laboratory (http://symphony-das.github.io).

Recordings were performed using borosilicate glass pipettes containing Ames medium for ex-

tracellular spike recording or, for whole-cell recording, a cesium-based internal solution containing

(in mM): 105 CsCH3SO3, 10 TEA-Cl, 20 HEPES, 10 EGTA, 2 QX-314, 5 Mg-ATP, and 0.5 Tris-

GTP, pH ∼7.3 with CsOH, ∼280 mOsm. Series resistance (∼3–9 MΩ) was compensated online

by 50%. The membrane potential was corrected offline for the approximately –10 mV liquid

junction potential between the intracellular solution and the extracellular medium. Excitatory and

inhibitory synaptic currents were isolated by holding cells at the reversal potentials for inhibitory

currents (Echloride, ∼–70 mV) and excitatory currents (Ecation , 0 mV), respectively.

2.5.2 Visual stimuli

Visual stimuli were generated using the Stage software package developed in the Rieke lab (http://stage-

vss.github.io) and displayed on a digital light projector (Lightcrafter 4500; Texas Instruments)

modified with custom LEDs with peak wavelengths of 405, 505, and 640 nm. Stimuli were fo-

cused on the photoreceptor outer segments through a 10X microscope objective. Mean light levels

were in the medium photopic regime, (in photoisomerizations [R*] cone−1 s−1) L-cone: 1.5 ×

104–1.5 × 105, M-cone: 1.2 × 104–1.3 × 105, S-cone: 3.9 × 103–5.5 × 104, rod: 3.6 × 104–4.0

× 105. The ratios of L-cone:M-cone:S-cone activations approximate the equal-energy white point
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after removing the lens (J. Kuchenbecker and M. Manookin, in preparation). Contrast values for

annuli are given in Weber contrast and for texture stimuli in root-mean-squared (RMS) contrast.

Spike rate values in the text are given relative to the maintained spike rate prior to presenting

the stimulus. For several of the stimulus conditions (e.g. receding motion of a preferred contrast),

these spike rates fell below zero and, as a result, the values were set to zero when calculating the

approach selectivity index.

For extracellular recordings, currents were wavelet filtered to remove slow drift and amplify

spikes relative to the noise [189] and spikes were detected using either a custom k-means clustering

algorithm or by choosing a manual threshold. Spike rate (in spikes s−1) was calculated using a

Gaussian temporal envelope (SD, 0.67 ms). Prior to analysis, data were downsampled to 1 kHz

using a Chebushev filter (type I IIR; filter order, 8). Whole-cell recordings were leak subtracted

and responses were measured relative to the median membrane currents immediately preceding

stimulus onset (0.25–0.5 s window).

2.5.3 Stochastic textures

The stochastic texture stimuli used in the model were generated by bandpass filtering a matrix

of random noise [146]. To simulate approaching or receding motion, the center frequency of the

filter changed on each frame such that each frame was a rescaled version of the original texture

(geometric mean spatial frequency, 1.6 cycles degree−1). This bandpass filter was a cosine function

in the spatial frequency domain:

F̂(ω) = .5+ .5cos(W ),−π ≤W ≤ π (2.2)

where

W = log2

(
ω

2 f (t)

)
(2.3)

where ω are the spatial frequencies in the image with the F0 component shifted to the center of the
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spectrum (using the fftshift function in MATLAB). Values of W (in radians) were constrained to

fall between ±π . Texture spatial frequency ( f ) changed exponentially as a function of time:

f (t) = exp(loge[ f0]− rt) (2.4)

where f0 is the peak frequency of the filter at time zero and r is the rate of texture expansion in

Hz. Spatial frequency proceeded from the highest to the lowest values for approaching textures

and from the lowest to the highest values for receding textures as in Equation 2.4.

2.5.4 Difference-of-Gaussians receptive field model

For each of the computational circuit models, the parasol cell receptive field was modeled as a

difference-of-Gaussians. Receptive-field parameters were measured using sinusoidally modulated

spots that varied in size. Spike responses were fit with Equation 5 [190, 191]:

R = ωcenter

(
1− exp

(
− r2

2σ2
center

))
−ωsurround

(
1− exp

(
− r2

2σ2
surround

))
(2.5)

where wx is the weighting of the center or surround and x is the standard deviation of the center or

surround. The sizes and weightings of center and surround regions were then used in the pooling

stage of our computational models.

2.5.5 Determining the difference in kinetics between center and surround

The kinetics of center and surround regions of the receptive field were measured using a Gaussian

temporal flicker stimulus. On each stimulus frame, center or surround regions were uniformly

presented with a single contrast which was drawn pseudo-randomly from a Gaussian distribution

with a mean of 0.0 and a standard deviation of 0.1. Temporal filters were then determined by

cross-correlating the presented contrast trajectory (S) with the cell’s spike output (R; Equation 6;

[79]).
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F(t) =
∫

R(τ)S(t + τ)(dτ) (2.6)

These filters were then modeled as a damped oscillator with an S-shaped onset [113, 192] as

described by Equation 7,

F(t) = A
(t/τrise)

n

1+(t/τrise)n exp
(
−t/τdecay

)
cos

(
2πt

τperiod
+ϕ

)
(2.7)

where A is a scaling factor, τrise is the rising-phase time constant, τdecay is the damping time

constant, τperiod is the oscillator period, and ϕ is the phase (in degrees). For surround subunits, a

temporal lag of 15 ms was included in the temporal component of the receptive field to account for

the delay relative to the center (see Figure 2.2).

The relationship between input and output (i.e. the nonlinearity) was calculated by convolving the

temporal filter and stimulus to generate the linear prediction (P)

P(t) =
∫

F(τ)S(t − τ)(dτ) (2.8)

The prediction (x-axis) and response (y-axis) were modeled as a cumulative Gaussian distribution

[99].

N(x) = ε +
α√
2π

∫
α

−∞

e
−(β t+γ)2

2 dt (2.9)

where α indicates the maximal output value, ε is the vertical offset, β is the sensitivity of the output

to the generator signal (input), and γ is the maintained input to the cell. In practice, Equation 9

was invoked using MATLAB’s cumulative distribution function (normcd f ).

We created models of the retinal circuitry to gain a deeper understanding of how synaptic non-

linearities and circuit motifs could shape neural response properties. The model was implemented

in the following stages:
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Space-time filtering stage

• Generate the subunit spatiotemporal receptive fields (F)

• Generate a stimulus (S) with the same dimensionality as the receptive field. Stimulus values

are given in contrast.

• Generate the subunits linear response (R) by convolving the stimulus and receptive field; add

Poisson noise.

Coupling stage (coupling model only)

• Calculate the Euclidean distance between each pair of subunits (d).

• Calculate the change in current in each subunit due to simulated electrical coupling.

Subunit input-output stage

• Pass the result (R) through the appropriate input-output function.

Pooling stage

• Apply temporal delay to subunits forming the ganglion cell’s receptive-field surround.

• Weight each subunit according to its distance from the model ganglion cell’s receptive field

center.

• Sum subunit inputs to the model ganglion cell.

2.5.6 Stage 1: Subunit spaec-time filtering

We first generated a hexagonal grid of model subunits with an average spacing of 32 µm between

neighboring units. The location of each subunit was randomly shifted in the x and y dimensions

to simulate randomness in the bipolar cell mosaic (s. d. ±2 µm). Subunit spatial filtering was
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modeled with a difference-of-Gaussians receptive-field model (Equation 2.5) using parameters

based on previous measurements from diffuse bipolar cells in macaque retina (Dacey et al., 2000;

Boycott and Wässle, 1991; Tsukamoto and Omi, 2015; Tsukamoto and Omi, 2016). Temporal

filtering was performed using parameters from Equation 2.7 obtained by direct measurement of

excitatory synaptic outputs of diffuse bipolar cells onto parasol cell dendrites (Manookin et al.,

2018). Thus, the subunit’s spatiotemporal receptive field (F) was the product of a two-dimensional

difference-of-Gaussians (spatial domain, x) and a temporal filter (time domain, t). The output of

each subunit (R) was determined by convolving the stimulus (S) with the subunit’s spatiotemporal

receptive field (F) as described in Equation 10.

R(t) =
∫ t

0
dτ

∫
d2xF(−→x ,τ)S(−→x , t − τ) (2.10)

Random fluctuations in membrane potential were simulated by adding Poisson noise to subunit

responses; noise values were based on our previous direct measurements of diffuse bipolar cell

synaptic outputs [25].

2.5.7 Stage 2: Apply coupling between subunits

For the coupling model, we first calculated the Eucliean distance between model subunits from

their x- and y-locations.

di j =
√

(xi − x j)2 +(yi − y j)2 (2.11)

where di j is the distance between the ith and jth subunits.

Subunits in the coupling model shared a portion of their output based on differences in driving force

and distance between subunits (Equation 12). The response of each subunit following coupling was

determined by adding the change due to coupling to the response prior to coupling (R0).
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Ri(t) = R0i(t)+

[
n

∑
j=1

g(R0i(t)−R0 j(t))exp(−di, j/λ )

]
(2.12)

where g is the coupling gain or portion of the response shared between subunits, λ is the coupling

length constant, di, j is the pairwise Euclidean distance between the ith and jth subunits, and n is

the total number of subunits in the model.

2.5.8 Stage 3: Subunit input-output functions

The response of each subunit was then passed through the appropriate input-output function—responses

in the linear subunit model were passed through a linear function (i.e., y = x) and the nonlinear

and coupled subunit models were passed through the nonlinear function that we directly measured

from excitatory synaptic inputs to parasol ganglion cells (see Equation 2.9).

2.5.9 Stage 4: Pooling

The final stage of the model, the pooling stage, was then performed for each of the three subunit

models. Model ganglion cell responses were the weighted (wx) sum of inputs from center and

surround subunits (zx).

zRGC(t) = ωcenterzcenter(t)−ωsurroundzsurround(t) (2.13)

where the weightings of the center and surround regions of the ganglion cell receptive field (ωx)

were determined via direct measurements from parasol cells (see Figure 2, Equation 2.5). To de-

termine the pooled inputs from center and surround subunits (zx), subunit responses (N) following

spatiotemporal filtering (linear subunit model) or the output nonlinearity (nonlinear and coupled
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subunit models) were pooled according to Equation 14,

zx(t) =
n

∑
i=1

Ni(t)exp(−d2
i /2σ

2
x ) (2.14)

where di is the Euclidean distance from the ith subunit’s receptive field center to the center of the

ganglion cell’s receptive field and σx is the standard deviation of the center or surround regions of

the ganglion cell’s receptive field (see Figure 2.2, Equation 2.5).

2.5.10 Decoding models

We employed two decoding models to better understand how accurately downstream visual circuits

could determine the direction of texture motion from the outputs of model On and Off parasol cells.

The linear model summed the scaled outputs of the model On and Off cells as described in Equation

15,

flinear = aonron +ao f f ro f f (2.15)

where aON and aOFF are scaling constants. The quadratic model was similar in structure except

that the response from each pathway was squared prior to summation (Equation 16),

fquadratic = aon1ron1 +aon2r2
on2 +ao f f 1ro f f 1 +ao f f 2r2

o f f 2 (2.16)

We evaluated the ability of the decoding models to distinguish between approaching and reced-

ing textures using the Jensen-Shannon distance. Model output was discretized by rounding to the

nearest integer value. The Jensen-Shannon distance (i.e. the square-root of the Jensen-Shannon

divergence) was calculated from the Kullback-Leibler divergence (DKL) between the probability

distributions for the model outputs to each approaching (P) and receding (Q) texture sequence.

JSdist(P,Q) =

√
1
2

[
DKL

(
P
∣∣∣P+Q

2

)
+DKL

(
Q
∣∣∣P+Q

2

)]
(2.17)
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The Kullback-Leibler divergence between the model output distributions was calculated ac-

cording to Equation 18.

DKL = ∑
n

pnlog2

(
pn

qn

)
(2.18)

where pn is the probability of observing an output of magnitude n in the sample window during

approaching motion and q is the probability of observing an output of n in the sample window

during receding motion.

2.5.11 Quantification and statistical analysis

All statistical analyses were performed in MATLAB (R2018b, Mathworks). Reported p values in

this study were paired and were calculated using the Wilcoxon signed-rank test. Final figures were

created in MATLAB (version R2018b), Igor Pro (version 8), and Adobe Illustrator.

2.6 Appendix

We simulated the subunit activation patterns encountered during approaching and receding annuli

with diverging and converging network activations, respectively. Diverging network activation

occurred when proximal subunits imparted current to the distal subunits, and converging activation

occurred when the distal subunits imparted current to proximal subunits. In all cases, the total

amount of input current in the network was conserved (x-axis). Following subunit activation, the

input of each subunit was passed through an input-output function. Four different input-output

functions were tested—a function in which the mapping between input and output was linear (i.e.,

y=x) and three nonlinear functions with differing shapes to their input-output relationships.

To determine whether the overall output of the network differs with network configuration, we

varied the ratio of proximal and distal subunits and we computed the ratio of network output for
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Figure 2.8: Current redistribution and nonlinearity shape determine network bias. (A) Acti-
vation pattern for converging subunit network. Distal subunits (orange) imparted a portion of their input to
proximal subunits (blue). Subunit inputs then pass through input-output functions prior to being summed
as the converging response (Rconverging). (B) Activation pattern for diverging subunit network in which
proximal subunits impart a portion of their current to distal subunits. (C) Shapes of different input-output
functions evaluated with the network model. (D) Ratio of outputs from diverging (Rdiverging) and converg-
ing (Rconverging) activations (y-axis) as a function of the percentage of proximal subunits in the network
(x-axis). The nonlinearity measured directly from excitatory synaptic inputs to parasol cells produced a
large bias for diverging network activation when distal subunits outnumbered proximal subunits by ≤ 3:1.
(E–F) Contributions of nonlinearity shape to output bias of subunit networks. (E) During convergent ac-
tivation, the numerical mismatch between proximal and distal subunits and the shape of the input-output
nonlinearity drives the small number of proximal subunits to saturating regions of the output curve, whereas
the large number of distal subunits decrease their outputs. This results in a relatively small network output
(Rconverging). (F) During divergent activation, a small number of distal subunits are suppressed while a large
number of distal subunits are potentiated, causing the network output to increase (Rdiverging).
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diverging activation (Rdiverging) and converging activation (Rconverging). For the linear and rectified

linear unit (ReLU) input-output functions, the ratio of diverging and converging network activa-

tions was equivalent for all conditions tested, and the Softplus nonlinearity also lacked a bias for

diverging subunit activation (Selectivity to approaching motion in retinal inputs to the dorsal visual

pathway Appendix 1—figure 2.8D). However, the input-output function that we directly measured

in parasol ganglion cells produced a very different result. Under conditions in which the relative

number of proximal subunits was low, the network output was much (>100%) larger for diverg-

ing network activation than for converging activation, reminiscent of the approach motion bias

observed in our subunit models (Figure 2.3, Figure 2.5).

Why does the shape of the input-output function produce such different network behaviors?

The key to answering this question is in understanding the way in which the input currents are re-

distributed during network activation. When subunits impart a portion of their current, this current

is divided equally among the recipient subunits. Thus, the current from a large number of subunits

would produce a large positive movement along the input (x) axis if it were divided among a rela-

tively small number of recipient subunits, and the subunits imparting the current would then show

smaller negative movements along the input axis. Under conditions in which the movements occur

along linear regions of the input-output function, the loss of current by imparting subunits and the

gain in current by recipient subunits would cancel. However, if this gain in current occurred in

a region in which the function saturates, as is the case for the function we directly measured in

parasol cells, further increases along the input axis would produce negligible changes along the

output axis; however, loss of current by imparting subunits would still produce a decrease along

the output axis, resulting in a relatively small network output (Selectivity to approaching motion in

retinal inputs to the dorsal visual pathway Appendix 1—figure 2.8E). Indeed, this is precisely the

case in our network model when distal subunits greatly outnumber proximal subunits—converging

network activation increases the inputs of a relatively small number of proximal subunits and de-

creases inputs of a large number of distal subunits. Proximal subunits are then pushed to regions of
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the curve that produce saturation in the output. The output of distal subunits, however, decreases

and this, coupled with the saturation of proximal subunits, produces a relatively small output from

the network.

Diverging subunit activation produces a very different pattern. A relatively small number of

proximal subunits impart a portion of their current to distal subunits. As a result, the proximal

subunits decrease their outputs, while the distal subunits increase their outputs. Because the im-

parted current of a few proximal subunits is spread out over many more distal subunits, these distal

subunits are unlikely to end up in a saturating region of the curve. Together, these factors result in

a relatively large network output (Selectivity to approaching motion in retinal inputs to the dorsal

visual pathway Appendix 1—figure 2.8F).

These simplified network simulations highlight two principles that are key to understanding

how bias for approaching motion can arise from networks of electrically coupled subunits. First,

the sequence in which the subunits are activated is critical—activation of a few subunits that then

spreads to a larger number of subunits, as is the case during approaching motion, potentially pro-

duces the largest network outputs (Selectivity to approaching motion in retinal inputs to the dorsal

visual pathway Appendix 1—figure 1D). Second, the shape of the input-output function is essen-

tial to the observed effects. Linear (linear; ReLU) or accelerating (e.g., Softplus) functions did

not strongly affect network output. The nonlinearity we directly measured with our synaptic input

recordings was sigmoidal, causing saturation at large positive values along the input axis. This sat-

uration favors conditions in which activation is distributed over a larger number of subunits rather

than strongly activating a few subunits. Thus, prudent selection of the shape of an input-output

nonlinearity can be as important to neural circuit function as the placement of that nonlinearity

within the circuit.
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Chapter 3

Surround motion modulates the encoding prop-

erties of primate retinal ganglion cells

A version of this chapter is being peer reviewed for publication:

Todd R. Appleby, Fred Rieke, Michael B. Manookin (2024). Surround motion modulates the

encoding properties of primate retinal ganglion cells Cell Reports. In review

3.1 Summary

Antagonistic interactions between center and surround regions of the receptive field are widely ob-

served across sensory systems. In the early visual system, these interactions contribute to impor-

tant computations such as edge detection. Less is known about how center-surround interactions

depend on the spatiotemporal properties of the visual input. Here, we show that surround mo-

tion strongly modulated the response properties of two understudied primate ganglion cell types.

Broad thorny cell responses were strongest when motion in the center and surround was uncor-

related, similar to object-motion-sensitive cells found in other species. A different pattern was

observed in On smooth monostratified cells: surround activation was suppressive for static stimuli

and facilitatory for motion. These effects of surround activation diverge significantly from classi-

cal center-surround models and more closely resemble how surround motion affects responses in

primate visual cortex.
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3.2 INTRODUCTION

The receptive field provides a concise summary of the stimulus selectivity of a sensory neuron, and

much of what we know about early sensory systems has been learned by measuring receptive-field

properties [9, 193]. In the early visual system, spatial receptive fields are classically composed

of center and surround regions with distinct stimulus selectivity – the same stimulus falling in

the center versus surround typically elicits responses with opposite polarity [193, 13, 10]. These

differences in stimulus preference between center and surround subserve important general com-

putations such as edge detection, wavelength selectivity, and efficient encoding of natural scenes

[14, 15, 194, 28, 195, 196].

The canonical center-surround receptive field is described as a linear combination of responses

to two opposing Gaussian spatial weighting functions – a relatively compact one describing the

center, and a broader one describing the surround. In this framework an important function of the

surround is to decorrelate spatial inputs. However, receptive field surrounds of different retinal

ganglion cell types can be generated by distinct circuitry, and correspondingly surrounds can differ

in their functional properties [197]. Cell type specific suppression of non-primate ganglion cells to

saccade-like image shifts provides an example of specialized surround function [198–200]. Object-

motion-sensitive cells provide another example. These cells respond strongest when motion in

the center and surround is uncorrelated, thus enhancing the cell’s response to local motion [66,

141, 201]. It is unclear whether primate ganglion cell surrounds share this diversity of motion-

related function, in large part because the majority of primate cell types have not been characterized

functionally.

To better understand the contributions of the receptive field surround to early visual processing

in primates, we measured the effects of surround activation to moving and non-moving stimuli on

the response properties of several understudied cell types – specifically broad thorny and smooth

monostratified ganglion cells. Both cells exhibit classic center-surround antagonism for stationary
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stimuli. However, motion in the receptive field surround produced distinct effects on the response

properties of these cells. Broad thorny cells show sensitivity to differential motion between the

center and surround regions of the receptive field, similar to the object-motion selectivity observed

in other vertebrate retinas [66, 141, 201]. Unlike the broad thorny cells, motion in the receptive-

field surround increased (facilitated) responses of On smooth monostratified cells to motion and

non-motion stimuli. Thus, the receptive-field surround can produce varying effects on primate

ganglion cells that depend on the retinal pathway and the statistics of incoming stimuli.

3.3 RESULTS

Our goal was to determine the impact of center-surround interactions on motion processing in

several understudied primate ganglion cell types – particularly On smooth monostratified and broad

thorny cells. First, we show that center-surround interactions cause broad thorny cells, but not On

smooth monostratified cells, to respond more strongly to local motion relative to global motion.

Second, we show that luminance and motion in the receptive field surround have distinct effects

on the responsiveness of On smooth monostratified cells – changes in luminance produce classical

receptive-field antagonism while motion produces non-classical response facilitation. Third, we

show that the enhancement of On smooth monostratified cell responses produced by surround

motion persists after motion ends.

On and Off parasol, On and Off smooth monostratified, and broad thorny ganglion cells were

identified based on their characteristic responses to light steps, receptive field size, and dendritic

morphology (Figure 3.1A, B; [30, 140]). We focused on how center-surround interactions influence

responses to motion in On smooth monostratified and broad thorny cells, and we were particularly

interested in cases in which such center-surround interactions differed from those observed in

better-studied cells such as On and Off parasol cells.

Many of our experiments required targeting stimuli separately to the receptive-field center and
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Figure 3.1: Ganglion cells show classical surround suppression to stationary spots (A) Spike
responses to a 250 ms light step from On parasol, Off parasol, On smooth monostratified, and broad
thorny ganglion cells measured with cell-attached recording. The duration of the light increment is
highlighted in yellow. B) Spots of multiple sizes (40–720 µm radius) delivered for 500 ms to the
receptive field center of each cell type. Spots were either contrast increments or decrements from a
background, with contrast polarity matching the response polarity of each cell type. Broad thorny
ganglion cell responses were elicited by contrast decrements to match the dominant polarity of the
cell. (C) Fluorescence images of each cell’s morphology generated on a confocal. Scale bar on
each image is 100 µm.

surround. In each recorded cell, we used an annulus of increasing inner diameter to determine the

radius at which responses switched from center dominated to surround dominated – the point at

which either the annulus stopped generating spikes or the response polarity flipped (Supplementary

Figure 3.8). Center-targeted stimuli were restricted to circular discs smaller than this radius, while

surround-targeted stimuli were restricted to annuli with a larger inner radius. A gap between the
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center and surround stimuli helped ensure good separation.

3.3.1 The On smooth monostratified and broad thorny cells show distinct

sensitivities to center-vs-surround motion

Objects moving in a visual scene produce inputs that are uncorrelated relative to inputs created

by global motion such as those produced by eye movements. To test for such object motion sen-

sitivity, we used two stimuli previously used to identify this motion computation in non-primate

retinal ganglion cells. The first stimulus captures several features of motion elicited by fixational

eye movements([66]). This stimulus consists of randomly moving gratings with three conditions

(Figure 3.2A, left; Supplementary Video 1 3.6): 1) a condition in which motion occurred only

in the receptive-field center (‘Center’), 2) a condition in which the random motion trajectories of

the center and surround gratings were identical (‘Correlated’), and 3) a condition in which the

random trajectories of the center and surround gratings differed (‘Uncorrelated’) (see Methods).

Across cell types, the center-only stimulus evoked instantaneous firing rates of at least 100 Hz.

Figure 3.2B shows the mean spiking response to multiple random trajectory presentations for each

condition.

We quantified these responses by comparing responses in the presence and absence of surround

motion. Specifically, we measured the normalized difference between responses with surround

motion and those with center motion only (see Methods). Object-motion-sensitive cells in non-

primates produce weak responses to the ‘Correlated’ condition relative to the ‘Center’ condition

and strong responses to the ‘Uncorrelated’ condition relative to the ‘Center’ condition17. Broad

thorny ganglion cells in our recordings responded most strongly when the motion trajectory be-

tween center and surround was uncorrelated, similar to object-motion-sensitive cells found in other

species (Figure 3.2B, C). Unlike broad thorny ganglion cells, On smooth monostratified cells re-

sponded well to motion in the surround regardless of whether it was correlated or uncorrelated with
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Figure 3.2: Broad thorny and On smooth monostratified cells show distinct motion sensitivi-
ties (A) Jittering grating (left) and moving texture stimuli (right) used to characterize object versus
background motion sensitivity. Single frames of each stimulus condition are depicted at the top of
each column, along with a diagram indicating the relative trajectory of motion in the center and
surround receptive-field regions (top). For example, in the Uncorrelated condition, the center and
surround gratings follow distinct trajectories and this is indicated by blue and red arrows in the
center and surround. (B) Spike responses for the stimulus in (A) for four cell types: On parasol
(top row), Off parasol (second row), On smooth monostratified (third row), and the broad thorny
(bottom row). Each response corresponds to the stimulus condition indicated in the aligned top
panel. Spike rate responses to the flowing texture stimulus are shown starting at motion onset,
two seconds after the stationary texture was presented. (C) Motion preferences were quantified
by comparing responses with the surround (Rx) with those for the center-only stimulus (Rcenter).
The normalized difference between these responses (y-axis) measures the spiking preference for
each full-field condition relative to its center-only condition. Numbers of cells for each stimulus
(Grating/Texture) are as follows: Broad thorny (n=2/n=2), On smooth monostratified (n=2/n=1),
Off parasol (n=4/n=4), On Parasol (n=4/n=4). Points are mean ± S.E.M.

the center, but spiked less for motion limited only to the receptive-field center. Off parasol cells

responses were modestly suppressed by motion in the surround and On parasol cells responses

were enhanced, but, in both cases, these surround effects did not depend on the relation between

center and surround motion.

The second stimulus comprised textures that flowed in a single direction, originally used to

separate object-motion-sensitive ganglion cell types in the mouse retina18. Three stimulus con-

ditions were tested: 1) a condition in which motion occurred only in the receptive-field center, 2)

a condition in which motion in the center and surround were synchronous, and 3) a condition in

which the direction of texture motion in the center was orthogonal to the direction of the surround

texture.(Figure 3.2A, right; Supplementary Video 3.6). As with the jittering grating stimulus, the

flowing texture stimulus evoked instantaneous firing rates of at least 100 Hz in each cell type.

Broad thorny cells showed a strong preference for differential motion relative to center-only and

synchronous motion (Figure 3.2B, C). Responses of On smooth monostratified cells and both On

and Off parasol cells were not strongly affected by surround motion for this stimulus (Figure 3.2B,

C).
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In summary, these experiments revealed the distinct effects of surround motion on the response

properties of four primate ganglion cell pathways. Surround motion did not strongly affect the

responsiveness of On and Off parasol cells, but affected broad thorny and On smooth monos-

tratified cells. Broad thorny cells, however, were strongly modulated by the degree of correlated

motion between the center and surround regions of the receptive field. This dependence on the

center-surround correlation structure was similar to object-motion-sensitive cells that have been

described in salamander, rabbit, and mouse retina17–20. The responses of On smooth monostrati-

fied cells were also modulated by surround motion, but they did not depend on the center-surround

correlation structure. Instead, surround motion facilitated responses in these cells. Thus, the effect

of surround stimulation for On smooth monostratified cells depends on the stimulus properties –

the surround is classically suppressive to changes in luminance and facilitatory for motion (Figures

3.1, 3.2).

3.3.2 Spatial correlations between moving objects modulates ganglion cell

spike outputs

The classic stimuli used in Figure 3.2 distinguish cells that are sensitive to local versus global

motion. This distinction has been helpful in identifying the roles these cells may play in vision.

However, local and global motion represent two extreme forms of motion correlations, and testing

sensitivity only to these extremes may not fully capture how the spatial scale of motion correlations

impact responses. Such spatial scales will be important in relating motion preferences to natural

vision (see Discussion). Hence, we measured how a cell’s responses change as we systematically

altered the spatial scale of motion correlations.

The stimulus that we used to measure tuning to the spatial scale of motion correlations con-

sisted of small moving squares, with the motion trajectories of the squares consisting of two com-

ponents: motion that was independent for each square, and motion that was correlated across

64



Figure 3.3: Spatial correla-
tions modulate ganglion cell
responses to motion. A) Stim-
ulus diagram showing an in-
crease in motion coherence be-
tween squares with increasing
space constant. A larger cor-
relation distance increases the
coherent motion between dis-
tant squares. B) Example spike
rates (average of 8 random tri-
als) for a On smooth monostrat-
ified (top) and a broad thorny
cell (bottom). Traces correspond
to the correlation lengths shown
in (A). (C) Average responses
to the correlated motion stimu-
lus for eight primate retinal gan-
glion cell types. Bold traces
correspond to On smooth and
broad thorny cell types. Included
cell types are the On smooth
monostratified (n=11), On nar-
row thorny (n=1), On para-
sol (n=8), Off parasol (n=11),
broad thorny (n=6), Off smooth
monstratified (n=5), Off narrow
thorny (n=1), and recursive bis-
tratified (n=2). Points are mean
± S.E.M.

65



squares. We measured responses to stimuli with a range of discrete distances of the correlated

motion component (Figure 3.3A, B). The mean spike rate was determined at each correlation dis-

tance for each cell, creating a measure of sensitivity across a range of motion correlation distances

(Figure 3.3C). Different ganglion cell types exhibited quite different dependencies on motion cor-

relation distance – On parasol and On smooth monostratified cells showed little dependence on

correlation distance, while broad thorny and several other understudied cell types showed a strong

preference for motion correlations occurring over short distances.

Figures 3.2 and 3.3 show that broad thorny cells share several characteristics with the object-

motion-sensitive cells identified in other species, most notably a strong preference for local over

global motion. The On smooth monostratified cells showed a facilitatory interaction between mo-

tion in the surround and responses elicited in the receptive field center. This differs from the

same cells’ receptive fields for luminance, which show classic center/surround antagonism. Hence,

we turned to additional experiments that further characterize how surround motion influences On

smooth monostratified responses.

3.3.3 Motion in the receptive field surround shifts the input/output relation-

ship of the receptive field center

We next asked whether surround facilitation for On smooth monostratified cells was truly motion

sensitive or whether surround facilitation persisted when surround motion was replaced by local

contrast variations over time [42, 25]. To answer this question, we measured a cell’s spike output to

a flickering spot over the receptive field center while modulating the surround with motion or non-

motion stimuli. Equal numbers of black and white bars were presented in the surround under three

different conditions (Figure 3.4A; Supplementary Video 3 3.6): (1) an apparent motion condition

in which the bars moved from left to right across the screen, (2) a condition in which the bar

locations were randomized to eliminate coherent motion, and (3) a static condition in which the
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Figure 3.4: The effects of surround motion on spike output vary with ganglion cell type. A)
Stimulus diagram (top) shows example bar space-time trajectories delivered to a cell’s receptive-
field surround in each surround condition. An example stimulus contrast trajectory delivered to the
receptive field center is shown above the surround conditions. Surround condition diagrams align
with example spiking responses for a single On smooth monostratified and broad thorny cell. B)
Population data for On smooth monostratified (n=20), On parasol (n=14), Off parasol (n=10), Off
smooth monostratified (n=12), broad thorny cells (n=4) tested using the surround motion stimulus.
Statistical significance calculated by Wilcoxon signed rank test (*: p < 0.05; **: p < 0.01). Aster-
isks over means indicate a significant change from baseline. The asterisk and line above the broad
thorny results indicates significance when motion and random samples are summed. The asterisks
flanked by lines above the On smooth monostratified results indicate a significant difference be-
tween motion and random conditions. Error bars represent mean ± SEM.

bars were stationary.

The impact of the surround was determined by comparing changes in spike responses during

the motion and random conditions to those during the static condition (Figure 3.4B). Both motion

and random surround stimulation significantly increased responses of On smooth monostratified

cells (p = 8 x 10-4) and significantly decreased responses of broad thorny cells (p = 1.6 x 10-2;

Figure 3.4), whereas activation of the surround by preferred-polarity changes in luminance were
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suppressive for both cell types (Figure 3.1). The increase in On smooth monostratified responses

produced by the motion condition was significantly larger than that produced by the random condi-

tion (p = 9 x 10-3; Figure 3.4). Thus, dynamic activation of On smooth monostratified surrounds,

particularly by coherent motion, facilitates spiking in these cells.

Several circuit mechanisms could account for modulation of the spike output by surround ac-

tivitation. One mechanism is an additive/subtractive effect, in which surround activity controls the

offset or bias of responses generated by activation of the center. Another is a multiplicative or

gain scaling of responses generated in the center. These mechanisms produce distinct changes in

a neuron’s input-output relationship: changes in offset shift the relationship along the input axis

while changes in gain change the slope.

We fit the responses with a linear-nonlinear model to distinguish between changes in offset

and gain (Figure 3.5). In this paradigm, the relationship between the input stimulus and the neural

response is described by a linear filtering stage and a nonlinearity that maps the output of the linear

filter to spike rate23. A common linear filter was used for each cell and separate nonlinearities were

calculated for each condition (Figure 3.5A-C). These nonlinearities were compared to determine

whether the effect of motion in the receptive-field surround was to modulate the offset or the gain

of the ganglion cell pathways. Changes in offset will be reflected by lateral shifts along the input/x

axis, as suggested in Figure 3.5B, while changes in gain will affect the slope of the nonlinearity.

Different surround conditions produced clear changes in nonlinearities, especially in On smooth

monostratified cells (Figure 3.5B). For On smooth monostratified cells, this analysis produced sig-

nificantly lower error values for changes in horizontal offset (p < 1.5 x 10-4; n = 20; Figure 3.5D).

The horizontal shift was significantly larger for the motion condition relative to the random bar

condition, indicating that the observed facilitation was strongest when motion was present in the

receptive-field surround (p = 1.2 x 10-3, Wilcoxon signed rank test, Figure 3.5E). Moreover, the

On smooth monostratified cell motion and random conditions both had a mean horizontal shift that

was significantly greater than baseline (p = 8 x 10-5 for motion and 1.9 x 10-3 for random, n =
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Figure 3.5: Additive Mechanism Generates Surround Motion Sensitization. A) To gener-
ate input-output nonlinearities, a single temporal filter is generated from responses to the contrast
trajectory (left) during surround conditions from stimulus in Figure 3.4 The temporal filter and
stimulus create a shared generator signal, which is compared with the spiking output to each sur-
round condition, creating an input-output nonlinearity for each stimulus condition. B) Example
input-output nonlinearities from a On smooth monostratified cell shows sensitization during mo-
tion. Inset: numbers next to each nonlinearity show spike rate for a shared input. C) Example
nonlinearities and average filters for On and Off parasol, Off smooth monostratified, and broad
thorny cell types D) Mean squared error for either gain (y-axis) or horizontal shift (x-axis). Values
above the unity line show a better fit when the horizontal shift parameter is allowed to change
across modeled input-output curves. Error bars represent mean ± SEM. E) Percent change for each
free parameter (either horizontal shift or gain) from the static condition. Statistical significance
calculated by Wilcoxon signed rank test (*: p < 0.05, **: p< 0.01). Significance labels are the
same as in Figure 3.4 Error bars represent mean ± SEM

20; Figure 3.5E, left). Changes in horizontal offset in other cell types were smaller, although they

were still significant in On parasol cells for both motion and random conditions (p-value: motion,

2.5 x 10-2 ; random, 8.5 x 10-3, n = 14; Figure 3.5E, left).

Broad thorny cell changes in gain were widely variable across cells, with some showing sizable

shifts (Figure 3.5E, right). While gain changes were not significant when the surround conditions

were considered individually, the gain of the combined surround conditions differed significantly

from the static surround condition. Gain changes in other cell types were smaller, although the

gain differed significantly from baseline for Off parasol and Off smooth cells (Off parasols: p =

3.9 x 10−3 for motion and 2.0 x 10−3 for random, n= 10; Off smooth monostratified cells: p = 2.7

x 10−2 for motion and 3.4 x 10−2 for random, n = 12; Figure 3.5E, right).

3.3.4 Facilitation in On smooth monostratified cells persists following mo-

tion offset

To determine whether the facilitation in the On smooth monostratified cell to surround motion

persisted after motion offset, we presented a grating in a cell’s receptive-field surround that was

either stationary or moving (Figure 3.6A). Following the offset of the stationary or moving grating,
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Figure 3.6: The effects of surround motion persist following motion offset. A) Stimulus se-
quence and corresponding example responses of the On smooth monostratified cell to center spots
of increasing contrast. The surround contains either a drifting grating or stationary grating, de-
pending on stimulus condition. The curve gray-scale value corresponds to percent contrast from a
mean luminance. B) Enlarged view of example spike rates for motion or static conditions for On
smooth monostratified and On parasol cell types C) Normalized contrast response functions for On
smooth monostratified (left) and On parasol cells (right) following the moving and static surround
conditions. The center panel plots the change in the horizontal offset for the moving grating rela-
tive to the stationary grating as calculated in Figure 3.5 (*: p < 0.05). Error bars represent mean ±
SEM.

a spot was presented over the receptive-field center to measure the corresponding contrast-response

function. For On smooth monostratified cells, the contrast-response function following the moving

grating showed a leftward shift along the x-axis relative to the stationary grating (Figure 3.6).

This persistent leftward shift indicates that facilitation from motion in the receptive-field surround

persists following motion offset (Figure 3.6C). On parasol cells did not show such a shift.

To measure the extent of the response shift for each cell type after surround motion, we used

a similar nonlinearity modeling paradigm to that in Figure 3.5. The horizontal offset parameter

changed significantly for flash responses following surround motion compared to conditions with a

static surround (p = 1.5 x 103.5, n = 8; Figure 3.6C, middle). In contrast, the On parasol cell did not

show a significant horizontal offset (Figure 3.6C, middle) or change in gain (data not shown). This

finding indicates that facilitation from surround motion can persist following motion offset. This

may contribute to visual processing in behaviorally relevant ways by increasing responsiveness in

these cells following wide-field motion such that produced by ballistic eye movements.

3.4 Discussion

A central pursuit of systems neuroscience is to understand how circuit structure shapes the com-

putational properties of neural circuits. Here, we demonstrate that the parallel output pathways

in the primate retina show a wide diversity in the strengths and properties of their receptive-field
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Figure 3.7: Circuit model for surround facilitation in On smooth monostratified cells. A)
Synaptic current recordings from an On smooth monostratified ganglion cell. A moving grating was pre-
sented to the receptive-field surround while a constant gray stimulus was presented over the center region.
Shaded region indicates period of surround motion. Inward excitatory synaptic currents were observed at
motion onset and offset, consistent with surround modulation of presynaptic glutamate release from bipolar
cells. B) Serial inhibition circuit model for generating surround facilitation that is consistent with synaptic
recordings in (A). An amacrine cell located in the receptive-field surround inhibits another amacrine cell,
which, in turn, provides inhibition to bipolar cells that provide excitatory synaptic input to a On smooth
monostratified cell. Activation of the surround amacrine cell inhibits the second amacrine cell, which then
produces disinhibition at the level of the bipolar cell resulting in an increased glutamate release onto the
ganglion cell dendrites.

surrounds. This heterogeneity in receptive-field surrounds contributes to a diversity in computa-

tional properties and stimulus selectivities across these ganglion cell pathways. At one end of the

spectrum, the strongly suppressive surround of the broad thorny ganglion cell produces similar

properties to the object-motion-sensitive cells found in other vertebrate retinas (Figures 3.2, 3.4;

[66, 141, 201, 187]). At the other end of the spectrum, the surround of the On smooth monostrati-

fied cell is suppressive for stationary stimuli and facilitatory for motion, a retinal property that, to

our knowledge, is unique to primates (Figures 3.1, 3.2, 3.4 - 3.6).

3.4.1 Diversity of receptive-field surround strength in the primate retina

We observed a wide diversity in both the strength of receptive-field surround antagonism and in the

functional consequences of the surround across ganglion cell types (Figures 3.1-3.6). Broad thorny
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and On smooth monostratified cells appear to bookend much of the range, but the effects of spatial

correlations on ganglion cell spike output formed a continuum across the cell types tested rather

than falling into two distinct operating modes (Figure 3.3). This variability in surround effects

likely arises from the ways in which the many amacrine cell types interact with bipolar cells,

ganglion cells, and with one another. However, the properties of these amacrine cells and their

interactions with other circuit elements is only beginning to be understood [66, 67, 17, 64, 177, 63].

3.4.2 Source of surround facilitation in On smooth monostratified cells

The component of the receptive-field surround arising in horizontal cells in the outer retina is

shared by all ganglion cell types [31, 202]. Thus, the distinct effects of surround activation and

surround motion on these cell types likely arises from differences in surround structure formed

by amacrine cells in the inner retina [58, 56]. For example, serial inhibition by amacrine cells

is an established circuit motif that could explain the surround facilitation observed in On smooth

monostratified cells (Figure 3.5). Serial inhibition involves two different amacrine cell types – one

type directly inhibits bipolar cells that provide excitatory synaptic input to ganglion cells and/or

the ganglion cells themselves (Figure 3.7). This amacrine cell is, in turn, inhibited by another

amacrine cell type that, in the case of the On smooth monostratified cell, would be located in

the receptive-field surround. Stimulating this second amacrine cell with motion in the surround,

would then inhibit the amacrine cell and would produce disinhibition at the level of the bipolar cells

and/or ganglion cell. While serial inhibition is the most parsimonious explanation, future studies

are needed to understand the circuit motifs and neural mechanisms that govern visual computations

in On smooth monostratified cells and in the primate retina more generally.
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3.4.3 Implications of surround motion sensitivity during natural viewing

Correlated motion can occur across multiple spatial scales during natural vision. For example, self

motion caused by eye movements or an observer’s movements through the scene produce corre-

lated motion over large distances. By contrast, local motion correlations can be produced when

an object moves relative to the observer, and the length of those correlations on the retina depend

on the object’s size and its distance from the observer. Thus, sensitivity to these correlations can

significantly benefit sighted animals in navigating the environment, avoiding predators, capturing

prey, and other important functions.

Our experiments revealed a wide range of sensitivities to spatial motion correlations (Figure

3.3). The spike output of broad thorny ganglion cells was strongly suppressed by medium and

long-range correlations, and other ganglion cell types were likewise suppressed by these correla-

tions, though to a lesser extent. Still other cells, such as On smooth monostratified cells, showed

little sensitivity to the spatial extent of motion correlations, and continued to respond strongly for

motion with long-range correlations. Natural images do not have a characteristic size or scale, in

large part because an object of a given physical size can appear at any distance from an observer.

The same consideration should apply to motion, and hence the highly diverse sensitivities to mo-

tion correlation length could help provide an efficient encoding of the range of motion signals

encountered in natural vision.

3.4.4 The broad thorny as a candidate object-motion sensitive cell in pri-

mates

Detection of an object moving relative to an animal’s own motion is an important, behaviorally

relevant neural computation. Ganglion cells have been found in the salamander, rabbit, and mouse

retinas that show this type of motion selectivity [66, 141, 201, 25, 187][141][201]. Our experiments

reveal similar stimulus selectivity for broad thorny ganglion cells – they show strong surround
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suppression, slow response kinetics, and respond most robustly when differential motion occurs

between the center and surround regions of the receptive field (Figures 3.1-3.3). In addition to these

similar light response properties, the dendritic morphology and stratification within the retinal

neuropil of broad thorny cells resembles that of object-motion sensitive cells found in other species

[30, 141].

Broad thorny cells may also share a common circuit motif with object-motion sensitive cells

in other species. In mice, object-motion sensitive ganglion cells receive excitatory synaptic input

from vGlut3-positive amacrine cells, and this synaptic input is a key feature to the motion sensitiv-

ity of these cells [201, 187]. Recent electron microscopic reconstructions of broad thorny ganglion

cells in macaque retina have shown that these cells receive synaptic contacts from an amacrine cell

that resembles vGluT3-positive amacrine cell in the baboon retina34,35. However, more work is

needed to determine the potential similarities and differences between the broad thorny circuit and

the object-motion sensitive cells found in other species.

3.4.5 Feature selectivity in the dorsal visual pathway of primates

The classical center-surround receptive field has been a foundational concept in sensory neuro-

science for more than a century [9, 193, 13, 10]. Indeed, with few exceptions, models of the

early vision in primates have been based on the idea that retinal responses can be adequately

described as a simple weighted sum of the stimuli falling within the receptive-field center and

surround regions [28, 203, 204, 86]. However, over time, findings in several sensory systems, in-

cluding the vertebrate retina, have challenged this traditional model of receptive-field organization

[17, 205, 131, 206–209].

Notably, in the medial temporal (MT) area of the primate cortex, cells have been found with

center-surround receptive fields akin to those reported here for the broad thorny and On smooth

monostratified ganglion cells – motion in the receptive-field surround strongly suppressed the re-

sponses of one set of cortical neurons and facilitated the responses of another set of neurons [131].
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Other aspects of motion processing, such as motion direction, similarly appear to occur both at the

retinal and cortical levels in primates [134, 210] and non-primates [118].

The parallel computation of motion in the retina and cortex likely indicates its ethological

importance, such as its roles in reflexive eye movements that center the fovea on specific image

structure and in higher level computations such as parsing a scene into objects. Here, we show

that interactions of the receptive field center and surround in primate retinal ganglion cells are not

restricted to spatial filtering, but instead also contribute to the extraction of visual motion.

3.5 Methods

3.5.1 Tissue preparation

Macaque monkey eyes were enucleated and hemisected, and vitreous humor was removed by

hand. Retinas were dissected out of the eye under infrared light and kept in a sim32-34°C Ames

bicarbonate solution (Sigma) bubbled with 5% CO2 and 95% O2. Before experimental use, retinas

were dark adapted for at least 1 hour. Pieces of pigmented epithelium-attached retina (2-8 mm,

sim10-30° foveal eccentricity at temporal or nasal positions relative to the eye) were mounted

ganglion cell-side up onto a poly-D-lysine-coated coverslip (BD Biosciences) and placed in a dish

perfused at sim6-8 mL min-1 warmed (32°C) Ames solution. Tissue was illuminated at 940 nm

for visualization.

3.5.2 Electrophysiology and Data Analysis

To obtain spiking responses from ganglion cells, cell-attached and extracellular recordings were

performed with borosilicate glass pipettes filled with Ames solution. Data was acquired at 10 KHz

using a Multiclamp 700B amplifier (Molecular Devices) and Symphony data acquisition software.
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All analysis of spiking data was performed using customized scripts in MATLAB (R2019 and

R2022b, Mathworks). Wavelet filtering was used to amplify spikes relative to the noise. Spike

detection was performed using k-means clustering on spike waveforms or by choosing a manual

threshold of standard deviation relative to baseline.

3.5.3 Visual Stimulation

Stimuli were displayed on either an 800 x 600 pixel OLED monitor (eMagin) or an 1140 x

912 Lightcrafter 4500 digital light projector (Texas Instruments) before being focused via a mi-

croscope objective onto the photoreceptors of each retinal specimen. Light levels were in the

mid- to high- photopic range (4 x 103 to 4 x 104 cone photoisomerizerizations s−1). Symphony

(http://symphony-das.github.io) and Stage (http://stage-vss.github.io) software packages were used

to generate visual stimuli. Stimuli were presented at 60 Hz refresh rates.

For each recording, stimuli were centered on the receptive field center using a sinusoidally

modulated bar in either horizontal or vertical orientation (bar size, 50 x 1000 µm). The peak

response along each orientation determined x and y coordinates used to center stimuli. We then

determined the size of the receptive field center using an annulus of increasing inner diameter.

The inner diameter at which the cell either reversed its firing phase (that is, from an onset to an

offset response) or stopped responding was determined as the inner diameter of the receptive-field

surround. An additional ring of mean luminance of 25-50 µm width was used as a buffer between

center and surround (see Supplementary Figure 3.8).

To ensure that motion stimuli caused strong spiking responses in the parasol, On smooth

monostratified, and broad thorny cells, we calculated interspike intervals to measure momentary

firing rates during center-only conditions for stimuli in Figure 3.2. We calculated the percentage of

interspike intervals with durations less than 10 ms, reflecting instantaneous spike rates of >100 Hz.

Spiking intervals at this scale are near the refractory limit for spiking, indicating a robust response.

The percentage of interspike intervals at less than 10 ms for each cell type were 42% and 43% for
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the On parasol (grating and texture conditions), 46% for both for the Off parasol, 32% and 4.6%

for the On smooth monostratified cell, and 40% and 26 percent for the broad thorny cell.

Our temporal flicker stimulus was generated by drawing contrasts from either a gaussian dis-

tribution with variance of 0.3 or a binary distribution. Linear filters were computed as cross cor-

relations of the flicker stimulus and its responses22,52. Input-output curves were generated by

convolving the linear filter with the stimulus to create a generator signal (filtered contrast) that

was compared against the spiking response to each surround stimulus condition (ganglion cell out-

put). The input-output nonlinearities were modeled in Figures 3.5 and 3.6 as cumulative Gaussian

distributions23:

O(I) = ε +
α

2π

∫ I

−∞

e
−(β t + γ)

2
dt (3.1)

where I is filtered input contrast. Four parameters control the shape of the resulting curve. The

curve is scaled to its maximum response α , the slope of the curve is generated by β , horizontal

offset is controlled by γ , and vertical offset is controlled by ε . To compare whether nonlinearities

shifted predominately along the input axis (horizontally) or by the gain of the response (slope of

the curve) nonlinearities for each stimulus condition of Figure 3.4 were fit together for three of the

parameters and allowed to be fit independently by either β or γ . Performance of fits relative to the

data for each fit curve type (horizontal shift change or gain change) was determined by comparing

a mean-squared error measure.

The motion preference index used in Figure 3.2 is given by the equation below:

Motion Pre f erence Index =
RX −Rcenter

RX +Rcenter
(3.2)

3.6 Supplementary Videos

Supplementary videos can be found on YouTube:
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Video 1: Grating

Video 2: Texture

Video 3: Surround Motion

Video 4: Dots (spatial correlation stim)

3.7 Supplementary Figures
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https://youtu.be/4QNVQfXe_Cs
https://youtu.be/1npYIewaMuA
https://youtu.be/xwQ9BimvDMo
https://youtu.be/UxmEtTdZ1XE
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Figure 3.8: Determining Extent of Receptive Field Center with Spots and Annuli. Two stim-
ulus paradigms were used to separate ganglion cell receptive field centers from surrounds. A) Top:
Spots of multiple sizes (40 - 720 µm radius) delivered to an Off smooth monostratified cell. Top
Inset: Spike response to a 160 µm radius negative contrast spot. Bottom: Annuli of multiple sizes
(40 - 720 µm inner radius) delivered to the same cell. Bottom Inset: Spike response to a 220 µm
radius negative contrast annulus. Arrows indicate point to spot response on the left panel to which
inset panel corresponds. B) Annuli of multiple sizes change their contrast relative to the center on
a 2 cycles/sec sinewave trajectory. Left: mean PSTHs for each annulus inner diameter are shown
for cell in (A). The magenta dotted line indicates the halfway point of the final cycle. Block dotted
lines on either side of the magenta line indicate contrast peak of each cycle half. Right: phase data
indicates cycle preference (increase or decrease in contrast as indicated by spiking output) for each
annulus inner radius. Arrow indicates phase shift of red trace in left panel.
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Chapter 4

Neural Sensitization Improves Encoding Fi-

delity in the Primate Retina

The study presented in this chapter has been published as: Todd R. Appleby and Michael B.

Manookin (2019). Neural Sensitization Improves Encoding Fidelity in the Primate Retina. Nature

Communications 10, 4017

4.1 Summary

An animal’s motion through the environment can induce large and frequent fluctuations in light

intensity on the retina. These fluctuations pose a major challenge to neural circuits tasked with

encoding visual information, as they can cause cells to adapt and lose sensitivity. Here, we report

that sensitization, a short-term plasticity mechanism, solves this difficult computational problem

by maintaining neuronal sensitivity in the face of these fluctuations. The numerically dominant

output pathway in the macaque monkey retina, the midget (parvocellular-projecting) pathway, un-

dergoes sensitization under specific conditions, including simulated eye movements. Sensitization

is present in the excitatory synaptic inputs from midget bipolar cells and is mediated by presynaptic

disinhibition from wide-field amacrine cells. Direct physiological recordings and a computational

model indicate that sensitization in the midget pathway supports accurate sensory encoding and

prevents a loss of responsiveness during dynamic visual processing.
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4.2 Introduction

The fundamental constraints on sensory coding require that neural circuits adjust their outputs

based on the statistical properties of their recent inputs [211, 206, 212]. Neurons respond to dy-

namic inputs using two distinct strategies—adaptation and sensitization. Adapting cells respond

to strong stimulation by decreasing their sensitivity and this decrease in responsiveness can persist

for several seconds after the stimulus intensity decreases [79, 213, 78, 212, 80, 77]. Thus, adapting

cells are relatively insensitive to weak stimuli occurring during these transition periods. Sensitizing

cells show the opposite pattern—increasing their responsiveness at these transitions [90, 92, 91].

For this reason, adaptation and sensitization are commonly thought to constitute opposing and

complementary forms of short-term neural plasticity [90, 92].

This hypothesis requires that a sensitizing cell type have an adapting counterpart that encodes

common information [90]. However, this constraint could potentially decrease the amount of in-

formation that can be encoded in an neural ensemble and increase the metabolic demands on a

sensory tissue [212, 214]. Nowhere is the need for metabolic and encoding efficiency more ev-

ident than in the macula of the primate retina where the tight packing of cells places space and

metabolic resources at a premium. Alternatively, adaptation and sensitization might be signatures

of fundamentally distinct neural coding strategies [215]. Further, these alternative hypotheses are

not mutually exclusive—adapting and sensitizing cells could mirror each other in some species and

neural pathways and not in others, depending on the particular coding and metabolic constraints

in those systems [206, 212, 214, 216]. However, given that neural sensitization was only recently

discovered, relatively little is known about its roles in neural information processing.

To address this issue, we recorded from five types of output neurons in the macaque monkey

retina—broad thorny (koniocellular-projecting), On and Off parasol (magnocellular-projecting),

and On and Off midget (parvocellular-projecting) ganglion cells. These cells have well described

roles in visual processing and no known functional counterparts. We studied how these cells re-
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sponded to global fluctuations in contrast and other stimulus statistics. We report that whereas

broad thorny and parasol cells strongly adapted, midget cells sensitized—increasing their respon-

siveness to certain types of visual stimulation, including simulated eye movements. Synaptic cur-

rent recordings revealed that this increased sensitivity was present in the excitatory input from

midget bipolar cells and was mediated by presynaptic disinhibition. The mechanism that increased

sensitivity in midget cells originated in the receptive-field surround and showed a spatial extent

in excess of 0.5mm (>2.5 degrees). A computational model based on synaptic input recordings

further indicated that this increase in sensitivity greatly enhanced the fidelity of encoding natural

scenes. Moreover, the lack of an adapting counterpart to midget cells indicated that sensitizing cir-

cuits performed a distinct role in primate retina relative to that observed in other vertebrate neural

systems [90, 92, 91, 217].

4.3 Results

4.3.1 Midget ganglion cells exhibit contrast sensitization/facilitation

The midget pathway of the primate retina is commonly believed to lack short-term plasticity mech-

anisms such as contrast gain control. This belief is based on reports that midget cells do not ex-

hibit noticeable changes in responsiveness following transitions from high to low-contrast regimes

[87, 85]. The assay used to measure adaptation was a sinusoidally modulated drifting grating in

which contrast was high for several seconds after which it transitioned to low contrast. Following

the offset of high-contrast stimulation, midget cells did not exhibit a noticeable change in spiking

relative to the period prior to the onset of high-contrast stimulation. This was in stark contrast to the

behavior observed in parasol ganglion cells. Parasol cells showed a strong and persistent depres-

sion in spiking following the offset of high contrast—behavior consistent with cells undergoing

contrast adaptation [87, 85].
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The grating stimulus that did not elicit visible adaptation in midget cells was comprised of

a spatial frequency tuned to the size of each cell’s receptive-field center, which is narrower than

many other retinal cell types. Thus, if plasticity in the midget pathway depended on mechanisms

with broader spatial tuning, this assay would not have engaged these mechanisms.

To determine whether short-term plasticity in the midget pathway depends on the spatial prop-

erties of the stimulus, we repeated this assay while varying the spatial tuning of the gratings.

Consistent with previous reports [87, 85], midget cells did not exhibit a notable change in fir-

ing following the offset of a high contrast, high spatial frequency grating relative to the period

that preceded high-contrast stimulation (Figure 4.1A). To determine whether this lack of either

adaptation or sensitization persisted across a range of stimulus conditions, we varied the spatial

frequency content of the drifting gratings. Following the offset of low spatial frequency gratings,

most midget cells showed an increase in spiking relative to the period preceding grating onset

(Figure 4.1B). This increase in spiking following high contrast is characteristic of the contrast sen-

sitization observed in other vertebrate retinas [90, 92, 91]. The presence of sensitization at low

spatial frequencies suggested that it depended on the ability to engage elements in the midget cell

receptive field with broad spatial tuning relative to the midget bipolar cell.

To ensure that this increase in spiking was not an artifact of the phase of the grating at the

offset of high contrast, we randomized the grating phase on each trial in several cells. Indeed,

randomizing the grating phase did not produce significant changes at grating offset relative to cells

recorded with a fixed phase (midget cell p-value, 0.53; n=12 midget cells; parasol cell p-value, 0.3;

n=14 parasol cells; Wilcoxon rank sum test).

4.3.2 Stimulus dependence of contrast sensitization in midget ganglion cells

Our next goal was to determine how this putative wide-field component of the midget cell receptive

field contributed to contrast coding. To accomplish this goal, we sought a more spatiotemporally

precise assay of sensitivity following wide-field adaptation. Contrast tuning of parasol and midget
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Figure 4.1: Parasol and midget cells exhibit opposing forms of plasticity. (A) Spike rate in
an On midget ganglion cell to a high spatial frequency grating presented for 5s (temporal fre-
quency, 6Hz; spatial frequency, 3.5 cyclesdegree−1). The spike rate immediately after grating
offset showed little change relative to the period prior to grating onset. Right: Zoom of transition
period. (B) Spike responses from the same cell as in a to a low spatial frequency grating (0.35
cycles degree−1). Spiking showed a transient increase following the offset of high contrast, con-
sistent with contrast sensitization. (C) Spike rate in an On parasol ganglion cell to a low spatial
frequency drifting grating (0.35 cycles degree−1). After the offset of high contrast, the spike rate
declined below the level prior to grating onset (red dashed line). (D) Same as (A) in a broad thorny
(On-Off type) ganglion cell. (E) Change in spike rate for the period directly after grating offset rel-
ative to period prior to grating onset in parasol (left) and midget ganglion cells (right). Spiking in
parasol cells was significantly reduced for both spatial frequencies (p<6.0×10−3; n=14 cells) and
significantly increased in midget cells for the low spatial frequency grating (p=3.4×10−2; n=12
cells). Statistical significance calculated using the Wilcoxon signed rank test.

cells was determined with spots centered on the receptive field. Responses were measured in

isolation (unadapted condition) or 50–100ms following the offset of an adapting stimulus (adapted

condition). The adapting stimulus was a large, high-contrast spot modulated at 12–30Hz (diameter,

730µm). Presentations of the adapted and unadapted stimuli were interleaved to account for any

potential variability in cellular responses over time.

Our next goal was to determine how this putative wide-field component of the midget cell

receptive field contributed to contrast coding. To accomplish this goal, we sought a more spatially

and temporally precise assay of sensitivity following wide-field adaptation. Contrast tuning of

parasol and midget cells was determined with spots centered on the receptive field (duration, 0.1 s;

parasol diameter, 80-200 µm; midget diameter, 40-80 µm). Contrast responses were measured in

isolation (unadapted condition) or 50-100 ms following the offset of an adapting stimulus (adapted

condition). The adapting stimulus was a large, high-contrast spot modulated at 20-30 Hz (diameter,

730 µm; contrast, 0.5-1.0, duration, 1.25 s). Presentations of the adapted and unadapted stimuli

were interleaved to account for any potential variability in cellular responses over time.

Example spike responses to this stimulus paradigm are shown in Figure 4.2 Parasol cells in-

creased their spike rate at the onset of the adapting stimulus and the spike rate quickly decreased

88



to a steady-state rate by ∼0.25s. Test flashes presented after the offset of the adapting stimulus

evoked fewer spikes relative to the unadapted control (Figure 4.2A), resulting in a decrease in

gain, defined as the steepest slope of the contrast-response function [87, 85, 89]. Both of these

patterns—a transient increase in spike rate following the transition to high contrast and a decrease

in spiking after the transition from high contrast—are characteristic of cells undergoing contrast

adaptation [79, 78, 218]. This result confirms previous reports that parasol cells readily adapt to

changes in contrast (Figure 4.2G; [87, 85, 89]).
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Figure 4.2: Midget ganglion cells display contrast sensitization. (A) Spike responses from
an Off parasol ganglion cell to a series of spots centered over the receptive field. Spots were
either presented alone (left) or 50ms following the offset of an adapting stimulus (middle). Shaded
regions indicate sampling windows. Right: Average spike rate across the shaded regions. The
wide-field adaptation evoked a decrease in the slope (gain) of the contrast-response curve (black)
relative to the unadapted control condition (red). (B) Spike count distributions for the Off parasol
cell in (A) to a -6% contrast flash and the noise condition in which a flash was not presented
(i.e., 0% contrast). The adapting stimulus decreased spiking at low contrast and shifted the low-
contrast distribution toward the noise distribution (right) relative to the unadapted condition (left).
(C) Same as (A) for an Off midget ganglion cell. Right: Average spike rate across the shaded
regions. The wide-field adaptation evoked a leftward shift in the contrast-response curve (black)
relative to the unadapted control condition (red). (D) Same as (B) for the Off midget cell in (C).
The adapting stimulus increased spike counts at low contrast, increasing the separation between
the low-contrast and noise distributions. (E) Spike responses of an Off midget cell to wide-field
test flashes in the absence (left) or presence (middle) of the adapting stimulus. (F) Same as (D) for
the Off midget cell in (E). (G) Discriminability index (left) and Jensen-Shannon distance (right)
for preferred-contrast responses relative to background noise in parasol ganglion cells (n=10). (H)
Sensitivity indices in 21 midget ganglion cells for small diameter test flashes. Discriminability
index and Jensen-Shannon distance increased significantly at low contrast (≤25%) following the
adapting stimulus (p<0.01). (I) Sensitivity indices in 12 midget cells for wide-field test flashes. The
adapting stimulus produced a significant increase in the Jensen-Shannon distance at low contrast
(6%; p=1.5×10−3). Circles and bars indicate mean±SEM. Statistical significance calculated using
the Wilcoxon signed rank test

Midget cells showed a different pattern—instead of reducing sensitivity as it did for parasol

cells, the adapting stimulus significantly increased sensitivity in midget cells at low contrast (Figure

4.2H. To determine whether these effects differed between On and Off midget cells, we separately

analyzed the sensitivity metrics for On and Off cells for this stimulus paradigm. Following the

adapting stimulus, contrast sensitivity significantly increased relative to the unadapted control in

both On and Off midget cells at contrasts 0.25 (p<0.05; Wilcoxon signed rank test), indicating that

sensitization improved contrast sensitivity in both the On and Off midget pathways.

We next tested whether contrast sensitization varied with the size of the test flash by repeating

the adaptation experiment with wide-field test flashes to measure the contrast tuning of midget cells

(diameter, 730 µ m). Indeed, the adapting stimulus produced a significant increase in sensitivity

relative to the unadapted condition at low contrast (Figure 4.2I). These data indicated that sensiti-
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zation persisted for wide-field stimulation. We further tested the time course of the sensitization

effect and found that it could be engaged with relatively brief periods of stimulation (0.25s) and

persisted for ∼0.4s following the offset of high-contrast stimulation (Figure 4.3).

Figure 4.3: Time course of contrast sensitization and adaptation. (A) Change in spike rate
for the adapted condition relative to unadapted control for adaptation periods (contrast, ±0.25–0.5;
delay 0.05s). Adaptation period was varied between 0.25 and 1.25s (x-axis). The adapting stimulus
produced a significant increase in spiking for each of the durations tested (p<4.0×10−3; n=9 cells).
(B) Duration of contrast sensitization in midget ganglion cells. Test flashes (contrast, ±0.25–0.5)
were presented at different delays (x-axis) following the offset of an adapting stimulus. Percent
change in spike rate for the adapted condition relative to the unadapted condition is shown on the
y-axis. Increase in spiking was statistically significant for delays ≤0.4s (p<7.0×10−3; n=11 cells).
(C) Same as (B) for parasol ganglion cells. The adapting stimulus significantly reduced spiking at
delays ≤0.8s (p<7.0×10−3; n=10 cells). Error bars indicate mean±SEM. Statistical analyses were
paired and significance was calculated using the Wilcoxon signed rank test.

Collectively, the experiments described thus far indicated that mechanisms within the midget

cell receptive-field surround strongly contributed to contrast sensitization. To determine whether

the observed plasticity mechanisms persisted for surround stimulation alone, we repeated the

adapting stimulus paradigm while restricting both the adapting stimulus and the test probe to the

receptive-field surround. Just as with full-field adaptation, surround adaptation significantly im-

proved sensitivity at low contrast (Figure 4.4). These results indicated that surround stimulation

alone was sufficient to produce sensitization in midget cells. These data also indicated that the

surround mechanism responsible for sensitization in the midget cells must be much larger than

160µm in order to exert the observed effects on spiking in midget cells.
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To estimate the spatial extent of the surround mechanism mediating contrast sensitization, we

repeated the surround adaptation experiment using mask diameters of 160–640µm in the same

cell. Surround adaptation increased the spike output of midget cells to flashed annuli for mask

diameters ≤480µm (Figure 4.4E). This increase in evoked spiking resulted in significant increases

in sensitivity for a range of mask diameters (Figure 4.4F). These data indicate that this mechanism

must have a spatial extent well in excess of 480µm in order to exert the observed effects on spiking

in midget cells. This means that the sensitization mechanism we measured operates over spatial

scales that are >10 times the size of the classical receptive-field center—the spatial extent of this

effect narrows the candidate mechanisms to either horizontal cells in the outer retina or wide-

field amacrine cells in the inner retina. Below, we present evidence that wide-field amacrine cells

mediate contrast sensitization in the midget pathway.

4.3.3 Temporally uncorrelated stimuli reveal interactions between adaptive

and sensitizing mechanisms

To measure the effects of spatially localized changes in stimulus variance, we presented a randomly

flickering spot over the receptive field (Figure 4.5, top left). Cellular responses were modeled

using the linear–nonlinear (LN) paradigm. Separate nonlinearities were calculated for the high-

contrast condition, for the low-contrast region immediately following the transition from high to

low contrast (low early; 100–600ms following the transition), and for the more sustained period

of low-contrast stimulation (low late). Changes in gain (the steepest slope of the nonlinearity) and

horizontal offset were calculated by scaling the low contrast nonlinearities to match the nonlinear-

ity at high contrast (see Methods section) [89].

We measured responses from midget cells to the same stimulus protocol—the time-varying

contrast trajectory was presented within a small spot over the receptive field (diameter, 40–80µm).

As with the parasol cells, midget cells showed a reduction in gain that slowly recovered follow-
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ing the transition to low contrast (Figure 4.5C,D). This pattern of gain changes was consistent

with weak contrast adaptation in midget cells to continuous stimulation that was localized to the

cells’ receptive-field center and near surround. This result was surprising in the context of the

other experiments presented thus far indicating that midget cells sensitized to stimulation of the

receptive-field center+surround or of the surround alone. The differing results of these experi-

ments and the noise experiments could arise from differences in the temporal frequency content

of the stimuli—the stimuli eliciting sensitization were restricted to higher temporal frequencies

(12–30Hz) while the noise stimuli were temporally broad-band, equally sampling frequencies up

to the Nyquist limit of the display (30Hz). Another difference between these stimuli was their dis-

tinct spatial properties—the stimuli eliciting sensitization strongly modulated the receptive-field

surround whereas the noise stimuli were primarily localized to the receptive-field center.

Parasol cells showed a reduction in gain during the transition to low contrast relative to the later

period of low contrast (Figure 4.5A,H). Figure 4.5B illustrates the change in gain as a function of

time for an example Off parasol cell. Following the transition to low contrast, the cell’s gain

increased to a steady-state value over the course of ∼1s. This result was again consistent with

strong contrast adaptation in parasol cells.
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Figure 4.4: Sensitization arises in the receptive-field surround. (A) Spike responses from an
Off parasol ganglion cell to a series of stimuli presented in the receptive-field surround. Annuli
were presented in isolation (left) or following an adapting stimulus that was also presented in the
receptive-field surround (middle). The adapting stimulus evoked a decrease in spiking at positive
contrasts relative to the unadapted condition (red). (B) Discriminability index (d′; left) and Jensen-
Shannon distance (right) for contrast responses relative to background noise in parasol ganglion
cells (n=12). Statistically significant change in sensitivity indicated with asterisk. (C) Responses
from an Off midget ganglion cell to the surround adaptation stimulus paradigm. Consistent with
weak contrast sensitization, the adapting stimulus elicited a slight leftward shift in the contrast-
response function relative to the control condition (right). (D) Sensitivity indices in 12 midget
ganglion cells for surround test flashes. (E) Sensitization varies with the degree of surround stimu-
lation. Spike responses from an Off midget cell to the surround adaptation stimulus for three mask
diameters. For some mask diameters, surround adaptation (black) produced larger spike responses
during the surround flash relative to the unadapted condition (red). This increase in responsiveness
was not present for the largest mask diameter (640 µm, right). (F) Sensitivity metrics for four mask
diameters in midget ganglion cells (n=6 cells). Surround adaptation produced significant larger d′

values for mask diameters ≤320µm and Jensen-Shannon distance values for diameters ≤480µm
(p<0.05; Wilcoxon signed rank test). Error bars indicate mean±SEM

To distinguish between these possibilities, we repeated the noise experiments in the same cells

using large diameter spots that stimulated both the receptive-field center and surround (diameter,

730µm), and this stimulus elicited a distinct response pattern in midget cells. Following the tran-

sition to low contrast, gain rapidly increased after which it decreased gradually to the steady-state

level (Figure 4.5F). This increase in gain following the transition to low contrast was evidence

that contrast sensitization depended on the spatial properties of the adapting stimulus and could be

elicited with temporally white stimuli [90].

These results demonstrated that the midget cell receptive field contained two competing mech-

anisms contributing to short-term plasticity on different spatial scales—a center mechanism that

weakly adapted to fluctuations in contrast and a surround mechanism that produced sensitization

(i.e., prevented adaptation). We further tested how interactions between these narrow- and wide-

field mechanisms contribute to visual coding in midget cells below. First, however, we tested

whether midget cell responses saturated at high contrast similar to sensitizing cells in other species

[90].
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Figure 4.5: Changes in stimulus variance evoke changes in the input–output properties of
midget cells.(A) Temporal filters (left) and input–output nonlinearities (middle) in an Off parasol cell
for the high and low-contrast periods. Separate nonlinearities were also calculated for the low-contrast
region directly following the transition from high-to-low contrast (low early) and for the sustained low-
contrast region (low late; right). (B) Average spike rate (black) and linear–nonlinear model prediction (red)
for the repeated contrast trajectory (left). Data and model showed high correspondence (high contrast r2,
0.87±0.02; low contrast r2, 0.73±0.04; n=10 cells). Right, average gain as a function of time. Values are
shown relative to the sustained low-contrast period. Shaded regions indicate the period of low contrast. (C)
Same as (A) for an Off midget ganglion cell to a small spot (diameter, 80µm) presented over the receptive-
field center. (D) Left: Spike rate (black) and model prediction (red) for repeated contrast trajectory (high
contrast r2, 0.91±0.02; low contrast r2, 0.71±0.07; n=7 cells). The cell’s gain was reduced following the
shift to low contrast and recovered quickly to the level of sustained gain. e Linear–nonlinear model for the
cell in (C) to a large spot (diameter, 730µm). (F) Responses of the cell in (B) for the large diameter spot
(left). Following the transition to low contrast, gain quickly increased, exceeding the sustained level for
∼2s (right). (G) Left: Reduction in gain at high contrast relative to the low-contrast condition. Gain was
significantly reduced at high contrast for both midget and parasol cells (n=7 midget cells; n=10 parasol cells;
p<0.05). Right: Horizontal shift along the x-axis for the low contrast nonlinearity relative to high contrast.
Wide-field stimulation in midget cells evoked a shift of ∼10 RMS contrast for the low-contrast condition
indicating that lower contrasts were required to evoke the same spike rate as the high contrast condition.
(H) Change in gain (left) and horizontal shift (right) for the early versus late low-contrast periods. (I)
Nonlinearity saturation was measured for high contrast Gaussian noise (RMS contrast, 0.3) in midget and
parasol ganglion cells. Saturation was quantified by comparing the slopes for the high and low-variance
regions of the nonlinearity (left). The slope differences were near zero, indicating a lack of strong saturation
in both midget and parasol ganglion cells (right); only On parasol cells showed saturation values that were
significantly greater than zero (p=4.6×10−2; all other p>0.1). Error bars indicate mean±SEM. Statistical
significance for paired values determined using Wilcoxon signed rank test and unpaired values with the
Wilcoxon signed rank test

In salamander retina, sensitizing and adapting ganglion cells showed distinct sensitivity ranges.

During high-contrast stimulation adapting cells reduced their gain, allowing them to avoid satura-

tion and effectively encode contrast. However, their gain remained low for a time upon the shift

to low contrast while the cells re-estimated the stimulus variance [79, 77, 75]. Sensitizing cells

showed the opposite pattern—their gain remained high during transitions to low contrast, allow-

ing them to effectively encode contrast during these shifts from high-to-low variance conditions.

The downside of this behavior is that the gain of sensitizing cells was high during periods of high

contrast, which caused their responses to saturate. Based on these observations, it was proposed

that adapting and sensitizing cells function in a concerted manner with adapting and sensitizing
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cells encoding in high and low-contrast regimes, respectively10. Thus, if the same pattern holds

in primate retina, one would expect midget ganglion cells to saturate during high-contrast stim-

ulation and one would likewise expect to find an adapting cell type that encodes common visual

information to midget cells (i.e., red-green color, achromatic).

saturation index =
Mlow −Mhigh

Mlow +Mhigh
(4.1)

Values near zero would occur for nonlinearities with little or no saturation while values near one

occur for strongly sigmoidal nonlinearities that saturated at high contrast. Consistent with a lack

of saturation, index values were near zero for both On and Off midget cells (Figure 4.5G). Thus,

unlike sensitizing cells in other species, midget cells did not show saturation at high contrast10,

indicating that an adapting counterpart was not required to offset saturation in midget cells. This

further suggested that sensitization performs a distinct role in midget cells relative to that posited

for other species.

4.3.4 Sensitization enhances chromatic processing in midget cells

Midget ganglion cells in the central retina exhibit strong chromatic opponency which is formed

from differential input from long-wavelength cones (L cones) and middle-wavelength cones (M

cones) to the receptive-field center and surround [20, 19, 219]. To determine whether sensitiza-

tion affected chromatic processing, we measured contrast responses in midget cells with purely

chromatic (isoluminant) test flashes following the adapting stimulus.

Isoluminant (equiluminant) stimuli are commonly employed to study color mechanisms in iso-

lation. We measured contrast-responses to purely chromatic (L-M; isoluminant) flashes (duration,

0.1s) in the presence or absence of an achromatic adapting stimulus, as above. This stimulus was

specifically designed to modulate chromatic mechanisms that differentiate L- and M-cone inputs

(L-M; isoluminant) while silencing achromatic mechanisms that sum inputs from the L- and M-

99



cone pathways (L+M; isochromatic).

As with the achromatic stimuli, the adapting stimulus significantly improved sensitivity for

low-contrast test flashes (Figure 4.6C, indicating that contrast sensitization enhanced both achro-

matic and chromatic processing in midget cells. While chromatic processing was affected by sensi-

tization, the observation that an achromatic adapting stimulus was sufficient to evoke sensitization

demonstrated that chromatic stimuli were not necessary to elicit the phenomenon. These data did

not, however, rule out contributions from purely chromatic mechanisms to contrast sensitization.

Figure 4.6: Sensitization arises from an achromatic mechanism. (A) Spike responses from an
Off midget ganglion cell to a chromatic (isoluminant) contrast series. Spots were either presented
alone (left) or 50ms following the offset of an achromatic adapting stimulus (right). Shaded re-
gions indicate sampling windows. (B) Average spike rate across the shaded regions indicated in
(A). Achromatic adaptation evoked a leftward shift in the contrast-response curve (black) relative
to the unadapted control condition (red) for the chromatic test flash. (C) Sensitivity metrics for
the achromatic adapting stimulus followed by a chromatic contrast series in eight midget ganglion
cells. The adapting stimulus improved chromatic sensitivity at low contrast (contrast, ≤25; p<0.05;
Wilcoxon signed rank test). (D) Spike responses for the cell in (A) to a chromatic adapting stimu-
lus. (E) Average spike rate during the chromatic test flashes. The chromatic adapting stimulus did
not evoke a large change in the contrast-response curve relative to control. (F) Sensitivity metrics
for the chromatic adaptation experiment. Changes in sensitivity were not significantly different
relative to the unadapted control at any contrast (n=8 cells; p>0.1; Wilcoxon signed rank test).
Circles and bars indicate mean±SEM
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To determine whether such a chromatic mechanism contributed to the observed contrast sen-

sitization, we repeated the chromatic sensitivity tests following a chromatic adapting stimulus.

However, the chromatic adapting stimulus did not produce a significant increase in chromatic con-

trast sensitivity at any contrast (Figure 4.6F). We interpret this result as evidence that contrast

sensitization arose from an achromatic mechanism in the midget cell receptive field. Moreover,

given the role of horizontal cells in forming the L-versus-M opponent receptive-field surround,

these data excluded horizontal cells as the source of sensitization in the midget pathway [20].

4.3.5 Sensitization is present in excitatory synaptic input from midget bipo-

lar cells

The experiments above found contrast sensitization in the spike output of midget ganglion cells.

Our next goal was to understand the circuit mechanisms mediating sensitization. To accomplish

this goal, we measured the direct excitatory and inhibitory synaptic inputs to midget ganglion cells

with whole-cell, voltage-clamp recordings (see Methods). Excitatory currents were isolated by

holding a cell’s membrane voltage at the reversal potential for inhibition (-70mV), and likewise,

inhibitory currents were recorded at the excitatory reversal potential (0mV). An increase in excita-

tory input to a cell was indicated by a more negative (inward) current relative to the leak current.

Indeed, the adapting stimulus evoked larger inward excitatory currents relative to the unadapted

control at all contrasts tested (Fiure 4.7A). Plotting excitatory charge as a function of contrast re-

vealed a similar pattern to that observed in the spike recordings—the adapting stimulus evoked a

leftward shift in the contrast-response curve relative to the unadapted control (Figure 4.7B). These

results indicated that contrast sensitization was present in the excitatory synaptic input from midget

bipolar cells to midget ganglion cells.

We also tested for the presence of sensitization in the inhibitory synaptic inputs to midget cells.

Unlike the pattern observed in spiking and excitatory currents, the adapting stimulus did not elicit
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significant shifts in the inhibitory contrast-response functions relative to control (Figure 4.7C).

These data showed that contrast sensitization arose at or prior to the level of glutamate release

from midget bipolar cells. This finding was consistent with the circuit model for contrast sensi-

tization in bipolar cells in the retinas of fish, salamander, mice, and rabbits10–12. This model

posited a mechanism in which a strongly adapting amacrine cell drove sensitization by a mech-

anism of presynaptic inhibition at the bipolar cell terminal11. During the adapting stimulus, the

amacrine cell adapted such that, following stimulus offset, the cell decreased release of inhibitory

neurotransmitter to the bipolar cell synaptic terminal relative to the tonic level. This presynaptic

disinhibition, in turn, depolarized the bipolar cell synaptic terminal, allowing the cell to utilize its
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Figure 4.7: Sensitization was present in excitatory synaptic input from midget bipolar cells.
(A) Excitatory synaptic currents from a central Off midget ganglion cell to a series of spots (diam-
eter, 40–80µm) centered over the receptive field. Spots were either presented alone (left) or 50ms
following the offset of an adapting stimulus (right; diameter, 730µm). Shaded regions indicate
sampling windows. Right: Average excitatory synaptic charge across the shaded regions. The
wide-field adaptation evoked a leftward shift in the contrast-response curve (black) relative to the
unadapted control condition (red). (B) Population data from midget cells showing the x-axis shift
for adapted relative to unadapted conditions in excitatory synaptic currents. The adapting stimu-
lus evoked a significant leftward shift relative to the unadapted condition, indicating that contrast
sensitization was present in the excitatory input from midget bipolar cells to midget ganglion cells
(n=10 cells; p=1.4×10−2). Mean values are shown in gray. Open circles are individual cells. c
Inhibitory synaptic currents from the Off midget cell in (A). Inhibitory currents did not show a
noticeable shift along the x-axis (right) and were small relative to excitatory currents recorded in
the same cell (compare (A) with (C)). (D) Horizontal shift values for inhibitory synaptic inputs
as in (B). Inhibitory inputs did not show consistent leftward shifts, indicating that postsynaptic
inhibition was unlikely to contribute to the contrast sensitization observed in the spike output of
midget ganglion cells (n=10 cells; p=0.15). Error bars indicate mean±SEM. Statistical significance
determined with Wilcoxon signed rank test. (E) Excitatory current recordings from the Off midget
cell in (A) under the condition in which the stimulus intensity returned to the mean luminance af-
ter the offset of the adapting stimulus and an additional test flash was not presented (zero-contrast
condition). A sustained increase in excitatory current was observed at the offset of that stimulus.
(F) Proposed model for contrast sensitization in midget bipolar cells. Statistical significance was
determined using the Wilcoxon signed rank test

full dynamic range in signaling via glutamate release to postsynaptic ganglion cells (Figure 4.8).

Cleanly measuring the effects of presynaptic inhibition on circuit function has proven exceed-

ingly difficult as use of inhibitory receptor antagonists typically cause many off-target effects that

make data interpretation highly tenuous24. Indeed, adding inhibitory antagonists in primate retina

evoked significant increases in tonic glutamate release from bipolar cells and changed the con-

trast polarity of On parasol cells [25]. Nonetheless, our spike and whole-cell recordings strongly

supported the proposed model in which contrast sensitization arose from disinhibition at the presy-

naptic bipolar cell terminal11. First, the lack of sensitization to a purely chromatic (isoluminant)

adapting stimulus indicated that sensitization did not arise in the outer retina at the level of hori-

zontal cell feedback (Figure 4.6). Further, horizontal cells are unlikely to contribute significantly

to contrast sensitization as work in other species indicates that these cells do not exhibit contrast
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adaptation [79, 220, 221].

Second, the effect of presynaptic disinhibition was seen in our excitatory current recordings

(Figure 4.7E). In one of our stimulus conditions the test flash contrast was zero such that the stim-

ulus intensity returned to the average background intensity at the offset of the adapting stimulus.

Although this stimulus lacked a change in contrast following the adapting stimulus, we observed

a significant increase in excitatory synaptic input (adapted condition, +1.4 ± 0.6 pC; padapted=

3.7×10−2; unadapted condition, +0.06 ± 0.11 pC; punadapted=0.47; n=10 cells; Wilcoxon signed

rank test; Figure 4.7E).This response pattern was consistent with a decrease in presynaptic inhibi-

tion following the offset of the adapting stimulus, resulting in an increase in glutamate release from

midget bipolar cells. Thus, our recordings in the midget pathway of primate retina were consistent

with the circuit motif proposed in other vertebrate species (Figure 4.6 and 4.7F)11.

4.3.6 Sensitizing circuits more accurately reconstruct natural stimuli than

adapting circuits

We next sought to understand how these differing strategies of adaptation and sensitization im-

pacted encoding during naturalistic vision. This was done by testing the ability of adapting and

sensitizing models to accurately encode natural scenes. We specifically wanted to determine how

accurately downstream visual circuits could reconstruct naturalistic input stimuli based on the out-

puts of populations of model On and Off midget ganglion cells. The naturalistic stimuli used in the

model were taken from the DOVES database—a dataset of eye movements in humans recorded

while observing natural images [222]. Reconstruction accuracy was determined by calculating the

correlation between the stimulus and response of each model (see Methods). Periods of fixation

between ballistic eye movements are critically important to visual coding in primates; thus, model

performance was separately calculated for the complete movie or for periods of fixation only.

We considered two different decoding models for estimating the stimulus contrast based on the
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Figure 4.8: Sensitization model reproduces experimental results. (A) Sensitization model
structure. Visual inputs were convolved with a spatiotemporal linear filter comprised of a Gaus-
sian in space and a biphasic filter in time. Signals in the amacrine cell pathway were then passed
through an output nonlinearity before passing to the adaptation stage of the model. The output of
the amacrine cell model provided inhibitory input to the midget bipolar cell pathway upstream of
the bipolar cell output nonlinearity. (B) Inhibitory temporal filter (left) and input–output nonlin-
earity (right) determined from noise recordings. These filters were then used as components of the
computational model (A). (C) Excitatory current recording from an Off midget ganglion cell to
the wide-field adapting stimulus (see Figure 3.7). Model prediction (orange) was generated from
excitatory synaptic current recordings to the noise stimulus in the same cell. (D) Model output for
drifting grating stimuli at high and low spatial frequencies

outputs of On and Off midget ganglion cells (see Methods). Regardless of the decoding scheme

used, the sensitizing model showed higher accuracy for reconstructing the entire stimulus trajectory

than either the adapting model or the LN model (Figure 4.9C). The sensitizing model also outper-

formed the other models when the analysis was restricted to periods of fixation (Figure 4.9D). We

interpret the outperformance of the sensitization model over the adaptation and linear–nonlinear

models as support for the hypothesis that neural sensitization improves faithful encoding of visual

inputs to midget ganglion cells.

We next sought insight into the stimulus conditions in which neural adaptation would improve

encoding. Previous work supported a role for adaptation in determining when salient stimulus

features changed [215, 75, 82]. Thus, we fit our models to the change in contrast as a function
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Figure 4.9: Sensitization increases the fidelity of encoding natural movies.(A) Example image
from the DOVES database. The observer’s eye trajectory is shown in red. (B) Top: temporal contrast se-
quence from the eye movement data in (A). Bottom: responses of the adaptation and sensitization models to
the example contrast sequence. (C) Performance of the sensitization and adaptation (y-axis) models at recon-
structing 161 natural movies in the database. Model performance is shown relative to the linear–nonlinear
model performance for each movie (x-axis). Performance was measured as the Pearson correlation between
the stimulus and model predictions after adjusting for temporal lag. Performance for each movie is indicated
by a dot. The sensitization model outperformed the linear–nonlinear and adaptation models (p<6.2×10−26).
(D) Model performances as in (C), but restricted to periods of fixation. The sensitization model again outper-
formed the linear–nonlinear and adaptation models (p<4.4×10−25). (E) Model performance for the change
in contrast as a function of time. The adaptation model outperformed both the linear–nonlinear and sensi-
tizing models at decoding the change in the contrast trajectory (p<1.0×10−23. Statistical tests were paired
and were determined using Wilcoxon signed rank test
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of time (see Methods). Indeed, the adaptation model outperformed both the sensitizing and lin-

ear–nonlinear models at reproducing the change in contrast (Figure 4.9E). In fact, the adaptation

model performed significantly better at encoding the change in contrast than at encoding the con-

trast itself—model correlation improved by 149±10% for the linear decoding paradigm and 27±2%

for the quadratic decoding paradigm (p<3.9×10–21; n=161 movies; Wilcoxon signed rank test).

Possible benefits of representing the temporal derivative of contrast in natural vision are considered

in the Discussion.

4.3.7 Background motion evokes contrast sensitization in midget cells

The finding that the sensitization model outperformed the other model paradigms during periods

of fixation suggested that sensitization could play a particularly important role in vision during pe-

riods of fixation following the offset of global motion. Mechanisms that would maintain sensitivity

during eye movements would be particularly critical given the high frequency of these movements

in primates. We, thus, sought to determine whether background motion could evoke contrast sen-

sitization with direct recordings from midget ganglion cells. We measured contrast responses in

parasol and midget cells following the offset of a full-field moving texture (speed, 5–11 degrees

s−1; duration, 1s). The goal was to simulate, as closely as possible, the brief periods of fixation

following eye movements and to test sensitivity during these fixation periods. We interleaved these

recordings with measurements when the texture was stationary throughout the trial.

As with the other adapting stimuli, background motion elicited a reduction in sensitivity in

parasol cells (Figure 4.10. In midget cells, however, background motion elicited increased sensi-

tivity at low contrast (Figure4.10F). These results indicated that eye motion should produce pro-

foundly different effects on the two numerically dominant output pathways of the primate retina.

As with the computational model (Figure 4.9), adaptation in parasol cells would render them less

sensitive following eye motion. Due to sensitization, however, the midget pathway would be poised

to report information about a fixated object following eye movements.
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Figure 4.10: Background motion evokes adaptation in parasol cells and sensitization in
midget cells. (A) Averages spike rate as a function of time for an Off parasol ganglion cell a station-
ary texture followed by a series of test flashes centered over the cell’s receptive field (left) or following the
offset of texture motion (right; speed, 11 degrees s−1). (B) Contrast-response functions for the cell in (A)
for the measurements with a stationary texture (red) or a moving texture (black). (C) Sensitivity metrics
for this experiment across 10 parasol cells. (D) Spike responses from an Off midget ganglion cell to the
same experimental protocol. e Average spike rate across the shaded regions indicated in (D). The wide-field
adaptation evoked a leftward shift in the contrast-response curve (black) relative to the unadapted control
condition (red). (F) Sensitivity values for the motion experiment across 12 midget cells. Motion produced a
significant increase in sensitivity at low contrast relative to the stationary condition (contrast, ≤50%; p<0.05;
Wilcoxon signed rank test). Circles and bars indicate mean±SEM

4.4 Discussion

Our results support a novel role for neural sensitization in primates relative to the function proposed

in other species. Sensitizing cells are commonly thought to counteract the loss of responsiveness

experienced by adapting cells during transitions from high to low variance environments10. This

hypothesis requires that sensitizing cells have an adapting counterpart that encodes similar infor-

mation about the environment. Midget (parvocellular-projecting) ganglion cells are well known for

their roles in both chromatic and achromatic vision [20, 19, 223, 224]. Functional parallelism in

the midget pathway is achieved by splitting signals between different classes of cone photoreceptor

(L versus M) or bipolar cell (On versus Off) inputs to the midget cell receptive field. Further, we
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found that both On- and Off-type midget cells exhibited sensitization (Figures 4.14.24.3 and [90]),

and the primate retina lacks an adapting functional counterpart to midget cells with similar chro-

matic opponency or spatial acuity [179]; thus, sensitization does not counterbalance adaptation in

another functionally parallel pathway. This conclusion is further bolstered by the observation that

the spike output of midget cells did not saturate during high variance stimulation (Figure 4.10), in-

dicating the sensitization performs a distinct function in primate retina relative to other species10.

Instead, our findings support a role for sensitization in maintaining the responsiveness of the

midget pathway during dynamic visual processes, such as head or eye movements, that cause rapid

fluctuations in light intensity on the retina. We base this conclusion on several key observations.

First, sensitization was strongest following wide-field stimulation (Figure 4.1 and 4.2) or back-

ground motion (Figure 4.10). Second, sensitization persisted for >0.2s (Figure 4.3), a period that

roughly corresponds to the durations of fixations following eye movements in primates (reviewed

in [225]). Finally, sensitization greatly improved the fidelity of encoding natural movies, partic-

ularly during periods of fixation following ballistic eye motion (Figure 4.9). Thus, sensitization

appears to play a unique and crucial role in neural coding in primates.

A parallel study also found evidence supporting the link between the sensitization mechanisms

that we observed in midget ganglion cells and visual perception in humans33. Subjects showed a

significant enhancement in contrast sensitivity following the offset of wide-field motion; and this

increase in sensitivity was manifest as a leftward horizontal shift in the perceptual input–output

relationship, just as we observed in midget cells (compare Figure 4.2 in our study with Figure 5 of

ref. [183]). Together, these findings provide a rare example of a behavior that can be directly tied

to a specific neural circuit motif.

4.4.1 Distinct functions of adaptation and sensitization in primate retina

Our findings also speak to the roles of neural adaptation in the parasol and broad thorny ganglion

cell pathways. Previous work proposed that adapting cells could produce a nearly optimal faithful
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encoding of sensory inputs [75]. Our computational model, however, indicates that sensitizing

circuits outperform adapting circuits in faithfully encoding natural movies (Figure 4.9). The im-

proved reconstruction accuracy of the sensitizing model was consistent with a recent theoretical

report indicating that sensitizing cells are better for encoding faithful representations of sensory

input than adapting cells [215]. According to this paradigm, sensitizing cells such as midget gan-

glion cells would be useful for directly encoding information about the properties of the input (e.g.,

contrast, color). Adapting cells, on the other hand, are optimized for performing inference tasks

[215, 82].

Adapting cells dynamically adjust their input–output properties to align with the recent stim-

ulus distribution [79, 77]. These adjustments make the cells exquisitely sensitive to changes in

stimulus statistics, allowing them to infer when salient properties of the environment change. For

example, quickly detecting object motion is an ethologically relevant and phylogenetically ancient

neural computation [226, 227]; by decreasing their responsiveness during periods in which the

background is either stationary or coherently moving, adapting neural circuits would be poised to

report when an object moves relative to the background [66, 30]. Indeed, our adapting model out-

performed other models at representing the change in contrast as a function of time (Figure 4.9).

Algorithms that compute changes in image contrast as a function of time are commonly used in

computer-based vision systems that calculate visual motion features such as optical flow. Whether

the output of adapting retinal cells, such as parasol cells or broad thorny cells, might also be used

for similar computations by downstream visual circuits is not currently known. However, both

parasol and broad thorny ganglion cells have been implicated in motion processing [25, 30, 26, 27]

and they project to retinorecipient brain regions in the lateral geniculate body, superior colliculus,

and inferior pulvinar that contribute significantly to motion vision [149, 203, 228]).

110



4.4.2 Relationship to psychophysical measurements in humans

It has long been recognized that eye movements play important computational roles in visual pro-

cessing (reviewed in refs. [229, 119]). Periods in which an image is stabilized on the retina cause

that image to fade from perception45 and small fixational eye movements appear to counteract

this fading [123, 230]. These eye movements can, however, produce large temporal fluctuations

in contrast, particularly when viewing high-contrast objects. This would, in turn, produce fading

phenomena in cells that strongly adapt, such as parasol ganglion cells—a prediction that was con-

firmed with our background motion experiments and computational model (Figure 4.9 and4.10).

Neural mechanisms such as sensitization may serve to counteract adaptation by maintaining the

sensitivity of certain visual pathways during eye movements. Indeed, our computational model and

direct measurements indicated that contrast sensitization in the midget ganglion cell pathway was

engaged well by background motion such as that observed during eye movements (Figure 4.9 and

4.10). Thus, contrast sensitization might act to maintain sensitivity of image-forming visual path-

ways following eye movements that are commonplace in primate vision. Indeed, psychophysical

studies in humans indicated that contrast sensitivity increases following both ballistic (saccade) and

fixational eye movements [123, 230–232]. This increase in sensitivity was observed to chromatic

stimuli and high-spatial-frequency achromatic stimuli, mirroring our results in midget ganglion

cells. It was hypothesized that these increases in sensitivity arose in the thalamus47; however, our

results support an origin much earlier in the visual pathway—in the interplay between wide-field

amacrine cells and midget bipolar cells in the inner retina (Figure 4.7).

4.4.3 Future directions

Given its recent discovery, relatively few studies have investigated the role of sensitization in neural

processing [90, 92, 91, 215, 217]. Here, we used a complementary set of visual stimuli and a com-

putational model in our attempts to understand this phenomenon, but many questions remain. For
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example, the roles that sensitization plays during natural vision are not well understood, and we

developed a computational model to gain insight into this question. The parameters for this model

were determined from direct recordings of synaptic inputs to midget ganglion cells using uncor-

related noise. Recent work, however, has clearly demonstrated that the recruitment of different

neural mechanisms can vary dramatically between artificial and naturalistic stimuli [17, 18, 101].

Thus, studies of adaptation and sensitization in the context of more naturalistic stimuli are needed

to elucidate the roles of short-term plasticity mechanisms in visual processing.

4.5 Methods

4.5.1 Tissue preparation and electrophysiology

Experiments were performed in an in vitro, pigment-epithelium attached preparation of the macaque

monkey retina [63]. Eyes were dissected from terminally anesthetized macaque monkeys of either

sex (Macaca fascicularis, mulatta, and nemestrina) obtained through the Tissue Distribution Pro-

gram of the National Primate Research Center at the University of Washington. All procedures

were approved by the University of Washington Institutional Animal Care and Use Committee.

The retina was continuously superfused with warmed (32–35°C) Ames’ medium (Sigma) at

∼6–8 mL min−1. Recordings were performed from macular, mid-peripheral, or peripheral retina

(2–8 mm, 10–30 foveal eccentricity), but special emphasis was placed on recording from more

centrally located cells. Physiological data were acquired at 10kHz using a Multiclamp 700B am-

plifier (Molecular Devices), Bessel filtered at 3kHz (900 CT, Frequency Devices), digitized using

an ITC-18 analog-digital board (HEKA Instruments), and acquired using the Symphony acquisi-

tion software package developed in Fred Rieke’s laboratory (http://symphony-das.github.io).

Recordings were performed using borosilicate glass pipettes containing Ames medium for ex-
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tracellular spike recording or, for whole-cell recording, a cesium-based internal solution containing

(in mM): 105 CsCH3SO3, 10 TEA-Cl, 20 HEPES, 10 EGTA, 2 QX-314, 5 Mg-ATP, and 0.5 Tris-

GTP, pH 7.3 with CsOH, ∼280 mOsm. Series resistance (∼3–9 MΩ) was compensated online by

50%. The membrane potential was corrected offline for the approximately 11mV liquid junction

potential between the intracellular solution and the extracellular medium. Excitatory and inhibitory

synaptic currents were isolated by holding midget ganglion cells at the reversal potentials for inhi-

bition/chloride (∼-70 mV) and excitation (0 mV), respectively.

4.5.2 Visual stimuli and data analysis

Visual stimuli were generated using the Stage software package developed in the Rieke lab (ttp://stage-

vss.github.io) and displayed on a digital light projector (Lightcrafter 4500; Texas Instruments)

modified with custom LEDs with peak wavelengths of 405, 505 (or 475), and 640 nm. Stimuli

were focused on the photoreceptor outer segments through a ×10 microscope objective. Mean

light levels were in the low to medium photopic regimes (∼3 × 103–3.4 × 104 photoisomerizations

[R*] cone−1 s−1). Contrast values for contrast-response flashes are given in Weber contrast and

for periodic stimuli in Michaelson contrast. All responses were analyzed in MATLAB (R2018b,

Mathworks).

For extracellular recordings, currents were wavelet filtered to remove slow drift and amplify

spikes relative to the noise54 and spikes were detected using either a custom k-means clustering

algorithm or by choosing a manual threshold. Whole-cell recordings were leak subtracted and re-

sponses were measured relative to the median membrane currents immediately preceding stimulus

onset (0.25–0.5 s window).

113

http://stage-vss.github.io
http://stage-vss.github.io


4.5.3 Sensitivity calculations

We evaluated a cell’s ability to accurately detect a change in contrast using two independent mea-

sures—the discriminability index and the Jensen-Shannon distance. The discriminability index

(d) is a relatively simple metric for determining the amount of overlap between signal and noise

distributions:

d′ =
µS −µN√
1
2(σ

2
S +σ2

N)
(4.2)

where µ_S and µN are the mean of the signal and noise distributions and σ2
S and σ2

N are the

variances of those distributions, respectively.

The Jensen-Shannon distance was calculated from the Kullback-Leibler divergence (DKL) between

the spike count probability distributions for the signal (P) and noise (Q).
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The Kullback-Leibler divergence between the spike count distributions was calculated as:

DKL(P||Q) = ∑
n

pnlog2

(
pn

qn

)
(4.4)

where pn is the probability of observing n spikes in the sample window and qn is the probability of

observing n spikes in the sample window during presentation of a uniform mean background.

4.5.4 Temporal noise analysis

To directly measure how changes in stimulus variance affected temporal filtering and sensitiv-

ity, we presented a Gaussian flicker stimulus. Equivalent periods of high and low variance were
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presented on each trial, and separate temporal filters were calculated for these periods by cross-

correlating the contrast trajectory (S) with the cell’s spike output (R)4.

F(t) =
∫

R(τ)S(t + τ)dτ (4.5)

The resulting filters were fit with a function commonly used to model time-domain filtering of

retinal cells55,56:

(t) = A
(t/τrise)

n

1+(t/τrise)n e−(t/τdecay) cos
(

2πt
τperiod

+ϕ

)
(4.6)

where A is a scaling factor, τrise is the rising-phase time constant, τdecay is the damping time

constant, τperiod is the oscillator period, and ϕ is the phase (in degrees).

The input–output nonlinearity was calculated by convolving the temporal filter and stimulus to

generate the linear prediction. The prediction (x-axis) and response (y-axis) were modeled as a

cumulative Gaussian distribution57.

N(x) = ε +
α

2π

∫ x

−∞

e
−(β t + γ)

2
dt (4.7)

where α indicates the maximal output value, ε is the vertical offset, β is the sensitivity of the

output to the generator signal (input), and γ is the maintained input to the cell. Input–output non-

linearities were separately calculated for three distinct stimulus–response regions: (1) the period

of high contrast stimulation, (2) the period of low-contrast stimulation immediately following the

transition from high contrast (100–600ms; low early), and (3) the sustained period of low contrast

(>1s following the high-to-low transition; low late).

Changes in sensitivity can result in changes in the maximal slope (i.e., gain) or horizontal shifts

in this input–output nonlinearity. Thus, we simultaneously fit the high and low contrast filters such

that the gain and horizontal offset were allowed to vary between the filters and the other parameters

were shared [89, 233]. Fitting was performed via nonlinear least-squares curve fitting.
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To evaluate model performance, we interleaved trials in which a unique contrast trajectory

was presented to a cell with trials in which the contrast trajectory was not unique (noise seed=1).

These non-unique trials were equally interspersed with the unique trials. Model performance was

evaluated by averaging the responses from non-unique trials and calculating the Pearson correlation

coefficient between the model prediction and this average response.

4.5.5 Sensitization and adaptation models

We modeled spatiotemporal integration in bipolar cells and amacrine cells as the product of a Gaus-

sian spatial filter and a biphasic temporal filter which was then passed through an input–output non-

linearity. The output of this nonlinear stage of the amacrine cell model was then passed through an

adaptation stage; adaptation in the amacrine cell provided inhibitory input to the bipolar cell model

prior to the output nonlinearity (Figure 4.8A). Following the subunit output, model midget gan-

glion cells and amacrine cells pooled (summed) inputs from bipolar cell subunits and the weights

of these inputs were normalized by the subunit location relative to the receptive-field center using

a Gaussian weighting.

To estimate the excitatory and inhibitory circuit components for the computational model, we

recorded excitatory and inhibitory synaptic currents from midget ganglion cells in response to

a full-field Gaussian flicker stimulus. The contrast of each frame was drawn randomly from a

Gaussian distribution and that value was multiplied by the average contrast. Average contrast was

updated every 0.5s and drawn from a uniform distribution (0.05–0.35 RMS contrast). The linear

temporal filters (F) were calculated by cross-correlating the stimulus sequence (S) and the leak-

subtracted response (R) as described above.

The spatial component of the bipolar and amacrine cell receptive fields was modeled as a

Gaussian function with a 2-SD width of 18 and 90µm, respectively. Each midget ganglion cell

was modeled as receiving input from a single bipolar cell, as is typically the case in the central

retina. Sensitization parameters were determined by fitting linear–nonlinear model predictions
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relative to the excitatory currents recorded to the Gaussian flicker stimulus.

The amacrine cell providing direct inhibition to the midget ganglion cells is likely distinct

from the cell providing presynaptic inhibition at the level of the midget bipolar cell (see Figure

4.7). Thus, our inhibitory synaptic recordings likely did not grant us direct access to the properties

of the amacrine cell responsible for contrast sensitization. These recordings do, however, provide

an estimate of the time course of signals passing through the presynaptic amacrine cell to midget

bipolar cells. Signals passing through this amacrine cell proceed from cone photoreceptors to

bipolar cells and then to the amacrine cell in question before providing input to the midget bipolar

cell. In the same way, the amacrine cell providing direct inhibition to midget ganglion cells must

pass through an extra synapse. Thus, our recordings of direct synaptic inhibition were useful in

approximating the time course (i.e., temporal lag) of presynaptic inhibition at the midget bipolar

terminal.

4.5.6 Evaluating model performance to naturalistic movies

We evaluated the performance of the adaptation and sensitization models in reconstructing the

naturalistic movie sequences using linear and quadratic decoding paradigms. To estimate stimulus

contrast, the linear decoder ( fLINEAR) summed the scaled outputs of the model On and Off midget

ganglion cells:

fLINEAR(t) = aONrON(t) = aOFFrOFF(t)+ k (4.8)

where aON and aOFF are scaling constants and k is an offset constant. The quadratic model was

similar in structure except that the response from each pathways was squared prior to summation:

fquadratic = aon1ron1 +aon2r2
on2 +ao f f 1ro f f 1 +ao f f 2r2

o f f 2 (4.9)

For each of the 161 movies in the database, the input stimulus was shifted to the peak of the
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midget temporal filter (∼35ms) and then scaling and offset coefficients were determined using

least-squares curve fitting. The Pearson correlation was then calculated between the temporal

trajectories of the model and the movie.

We used the same technique to also evaluate model performance in reconstructing the change

in contrast as a function of time. The change in contrast was calculated by taking the first derivative

of the contrast trajectory and low-pass filtering the resulting vector with a Gaussian filter (s.d., 20

ms).

4.5.7 Quantification and statistical analysis

All statistical analyses were performed in MATLAB (R2018b, Mathworks). Reported p values

in this study were either determined using the Wilcoxon signed rank test for paired data and the

Wilcoxon rank sum test (i.e., Mann–Whitney U test) for unpaired data. Final figures were created

in MATLAB, Igor Pro, and Adobe Illustrator.
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Chapter 5

Conclusions and Future Directions

In the preceding chapters of this thesis, we investigated motion sensitivity in the receptive field

center and surround across primate RGC types from three perspectives. First, by probing sensi-

tivity of the receptive field center to expanding motion, a motion type generated when a primate

moves through its environment or as objects move toward an observer (Chapter 2). Second, by

investigating whether and how motion stimuli in the receptive field surround affects signal inte-

gration and encoding properties of non-motion stimuli in the receptive field center (Chapters 3

and 4). Third, by testing how motion drives interactions between the center and surround to alter

stimulus selectivity (Chapter 3). A critical finding in this thesis includes the striking sensitivity to

motion by the On smooth monostratified RGC across both its receptive field center and surround.

The receptive field center of the On smooth monostratified RGC was more sensitive to approaching

motion than receding motion (Figure 2.6). Motion in the receptive field surround of the On smooth

monostratified RGC made its receptive field center more sensitive to non-motion inputs (Figure

3.4), a previously unreported phenomenon in any RGC type regardless of species. Sensitization

of the receptive field center as a function of motion in the receptive field surround also extended

to the midget ganglion cell (Figure 4.10), although whether the midget receptive field surround is

sensitive to surround motion over other spatio-temporally varying stimulus inputs is not yet clear.

In the following sections, I outline the significance of my findings in the larger context of primate

visual perception, and consider future courses of research based on the results in this thesis.
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5.1 Motion as a Driver of Adaptation

Chapters 3 and 4 outline two intriguing discoveries in the primate retina. One, that primate RGC

surrounds contains mechanisms that sensitize their receptive field centers to visual input, opposite

to the expected interaction of classical center-surround antagonism (Figures 3.4 and 4.1). Two,

that this mechanism is only seen when stimuli vary their inputs over space and/or time, and center-

surround antagonism prevails for static inputs (Figure 3.1). Importantly, this occurs on a cell-type

basis, reflecting the functional needs of each cell type. In the midget RGC pathway, sensitization

to contrast is important for encoding the wide spectrum of spatial contrasts encountered across a

natural scene (Figure 4.9)

In non-primate retina, surround-facilitated sensitization has been well characterized [90, 92,

91, 93]. The mechanism of sensitization (adaptation of tonic amacrine cell inhibition to bipolar

cells, Figure 4.8) that we found in the midget RGC is shared with sensitizing RGCs in non-primate

[90, 93]. We did not find midget ganglion cells with surrounds that showed classical adaptation

(of the cell output) to contrast-varying or motion inputs, indicating that, at least in the case of

the midget RGC, an adapting and sensitizing pair of RGCs is unnecessary for visual encoding.

Instead, sensitization seems specific to the function of midget RGCs, which is long thought to be

part of the pathway involved in spatial detail and color [234, 111]. Indeed, we show that surround

sensitization in the midget is achromatic, but can still sensitize to color inputs (Figure 4.6).

Because Midget RGC sensitization was elicited by both eye movements and simple temporal

flicker, the sensitization mechanism is somewhat non-selective across non-static input types. This

may suggest that there are many contexts over which the midget needs to sensitize. Tuning curves

of the sensitization mechanism in the midget RGC surround to motion speeds or durations, or the

size of any time-varying inputs, could further characterize the functional significance of surround

sensitization.
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5.2 On Smooth Monostratified RGCs

Sensitivity of the On smooth monostratified cell to motion in the surround was striking and unique

(Figure 3.4). The functional consequences of a cell that has its output facilitated specifically by

motion in its surround is not clear. Sensitization in the On smooth monostratified cell continued

after motion cessation (Figure 3.6), suggesting that the functional implications of sensitization

in this cell type may not be inherently motion based, similar to the midget RGC. Moreover, our

surround motion stimulus paradigm uses non-motion inputs to the receptive field center to drive

a spiking response. However, the On smooth monostratified cell clearly shows sensitization of its

outputs for the duration of surround motion (Figure 3.4), and also shows increased output when

motion is present in both the center and surround (Figure 3.2). Chapter 2 also suggests a role for

the On smooth monostratified cell in the encoding of visual motion.

Motion sensitivity between center and surround of the On smooth monostratified cell suggest

it may be involved in perception of global motion. We show a spiking preference for coherent

motion between the On smooth monostratified cell’s center and surround (Figure 3.2). Because

surround motion drives a facilitated output no matter the type of input in the center, the mechanisms

driving motion sensitivity between center and surround are likely different. Abrupt change in

center-surround motion sensitivity mechanisms may create discontinuous motion preferences, with

consequences for the functional outputs of the cell unclear. Motion sensitivity mechanisms in the

surround of the On smooth monostratified cell, and the mechanism for facilitation of the center’s

output, could reveal the functional consequence of motion sensitivity in the cell.

The receptive field center of smooth monostratified RGCs is spatially heterogeneous. Local

regions of bipolar cell input produce distinct spike waveforms along the cell’s dendrites, the func-

tional significance of which is not known [140, 49]. A clear area for further study is to associate

these spatially distinct inputs with the On smooth monostratified cell’s affinity for motion in its

receptive field center and surround (Chapters 2 and 3). Given unique generation of spike wave-
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forms at each site of local input in the smooth monostratified cell center receptive field, it may be

that the modulation dynamics of surround motion are also unique across each input site. Tempo-

ral correlations across input sites may play a role in integration of spiking waveforms, possibly

molding sensitivity to motion in the receptive field center.

5.3 Broad Thorny RGCs

The broad thorny RGC showed a preference for differential motion between its center and surround

(Figure 3.2). This type of selectivity has been well documented across non-primate RGCs [66, 67,

201, 141]. The mechanism driving a preference for differential motion has been attributed to the

speed of signaling between center and surround [66], as well as the spread of inhibitory input

by gap junctioned amacrine cells during coherent motion between center and surround [67]. The

circuit mechanisms driving differential motion selectivity in the broad thorny pathway are of great

interest, and a clear direction for future work.

The broad thorny’s preference for differential motion could have multiple functional implica-

tions. Responding preferentially to motion in the center that is discontinuous with the surround

could be used as a tracking mechanism during smooth pursuit. Smooth pursuit occurs when the

eye is actively fixating on a moving object [235]. Corrective eye movements are used to follow

an object being tracked by the eye. Differential motion could be used as an error signal for when

the eye needs to initiate a movement to keep the object within the fixation point. Experiments

designed to test the tracking of an object, particularly across populations of broad thorny RGCs,

could elucidate a role for the cell in smooth pursuit tracking.

Broad thorny RGCs project to the superior colliculus [149]. The superior colliculus has been

implicated in the detection of relative motion [104, 105]. Relative motion-sensitive neurons of

the superior colliculus respond best when motion between the background and the center moves

differentially (often in opposite directions) and with different speeds [104]. Superior colliculus
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cells that are most sensitive to relative motion are located in the lower superficial layers (i.e. further

from the retinotectal input layers) [104]. When inputs from cortex to the superior colliculus are

severed, most relative motion sensitivity in the superior colliculus is removed, but differential

motion selectivity remains. It may be that the broad thorny confers some of its differential motion

sensitivity to the superior colliculus.

We show that broad thorny RGCs are selective for differential motion between center and

surround, but we did not measure dependency on speed or direction. In our recordings, the broad

thorny RGCs are not direction selective, and their speed tuning relative to differential motion

preference was not tested. Moreover, relative direction of motion between center and surround

has not been tested in the broad thorny. Testing the broad thorny’s sensitivity to relative speeds

and directions of motion between center and surround may give more specific characterization of

motion selectivity within the cell.

5.4 Primate RGCs and Naturalistic Motion

Optic flow is generated during self motion, where the visual world travels towards and around the

observer. The importance of optic flow to the primate visual system is reflected in the gamut of

neurons across brain areas that are selective for optic flow patterns [148, 132, 133]. Our investi-

gations indicate that multiple primate RGC types are sensitive to approaching motion, a motion

type with similarities to optic flow ([236], Chapter 2). Approaching motion is a more rudimentary

version of the complex optic flow fields that drive outputs of visual neurons in the cortex. Optic

flow during primate locomotion and navigation involves combinations of expansion, contraction,

rotation, and translation [127].

We show that a pair of Off and On primate RGCs is enough for a decoder downstream of the

retina to know whether approaching motion or receding motion is being encoded Figure 2.4. That

information does not tell the brain whether an optic flow field is vortexing or shearing, rotating
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or dilating. It also does not necessarily describe the content of the objects that are approaching

(i.e. their size, relative contrast, color, or depth), although object expansion can be used to extract

motion information [146]. As of now, the characterization is simply: is something coming toward

an area of the retina?

Optic flow dynamics also change the flow patterns across the eye. During walking, the rate of

motion flow changes as a function of location in the retina. Upper visual fields tend to experience

faster motion than lower visual fields [237]. The visual system also encodes optic flow information

on a location-basis for perturbations like rotation and expansion [133]. Testing motion sensitivity

within an RGC type across retinal locations could yield interesting insights into whether some

RGC types are tuned for the differences in motion generated during naturalistic behaviors like

walking or swinging through trees.

Another useful investigation would be to test whether certain RGC populations are specialized

for extracting specific features from optic flow that are especially relevant for primate behavior

and survival. For example, some RGCs may be tuned to detect sudden looming objects signaling

impending collision, while others may preferentially encode global motion patterns indicative of

self-motion speed or heading direction. Relative motion between objects and the observer is critical

for an animal’s survival [129], indicating a need to measure self motion speed and heading relative

to motion of a moving object. What aspects of global motion does the retina encode, and how

might single RGC types and RGC populations play a role in complex optic flow percepts? These

are questions that may guide future work.

5.5 Computational complexity in the primate retina

The primate retina is sometimes viewed as a collection of spatial, temporal, and spectral filters,

largely designed to compress visual inputs so more complex cortical circuits can do the work of

constructing the primate’s rich visual experience. This tilted view of computational power be-
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tween primate visual cortex and primate retina may stem from the growth of the visual cortices

during evolutionary divergence of the primate. For example, as social structures and ecological

interaction evolved in primates, so did the parvocellular visual system [238]. The magnocellu-

lar pathways (and their related dorsal pathway brain regions) are also expanded in primate visual

cortex compared to non-primate, likely related to the primate’s need to visually guide movements

for reaching, self defense, and manipulation of tools [239]. This combination of evolutionary ex-

pansion and complex computation in primate visual cortex may have put the primate retina on the

back foot in terms of presumed computational power. On the other hand, the same evolutionary

pressures that expanded the visual cortices may also have influenced the creation of complex vi-

sual pathways in the retina, or even necessitated it. Indeed, the motion sensitivities of primate

RGCs presented in this thesis, along with the recent discovery of a direction selective primate

RGC [210], suggest that the primate retina has the capacity for at least some of the visual compu-

tations previously assigned only to the cortex. With so many RGC types yet to be characteriezed

physiologically, it is tempting to believe that we have only scratched the surface of computational

complexity in the primate retina.
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