
Neural coding in the retina 

Institut de la Vision, INSERM – Sorbonne Université, Paris

Olivier Marre



Retinal circuit and computations

Predict how ganglion cells
respond to natural stimuli. 



Retinal circuit and computations

Predict how ganglion cells
respond to natural stimuli. 

Map the model component 
to the retinal circuit. 



Retinal circuit and computations

Predict how ganglion cells
respond to natural stimuli. 

Map the model component 
to the retinal circuit. 

Also: preventing and curing blindness
(myopia control and vision restoration with optogenetics)



V1: Hubel and Wiesel

https://www.youtube.com/watch?v=8VdF
f3egwfg&t=118s
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2 problems

• How much do responses to bars tell us about responses in natural 
environment ? 

• Is this really selectivity ? 



Limits of single cell selectivity

Figure 1a shows the responses of a single unit in the left posterior
hippocampus to a selection of 30 out of the 87 pictures presented to
the patient. None of the other pictures elicited a statistically signifi-
cant response. This unit fired to all pictures of the actress Jennifer
Aniston alone, but not (or only very weakly) to other famous and
non-famous faces, landmarks, animals or objects. Interestingly, the
unit did not respond to pictures of Jennifer Aniston together with the
actor Brad Pitt (but see Supplementary Fig. 2). Pictures of Jennifer
Aniston elicited an average of 4.85 spikes (s.d. ¼ 3.59) between 300
and 600ms after stimulus onset. Notably, this unit was nearly silent

during baseline (average of 0.02 spikes in a 700-ms pre-stimulus time
window) and during the presentation of most other pictures
(Fig. 1b). Figure 1b plots the median number of spikes (across trials)
in the 300–1,000-ms post-stimulus interval for all 87 pictures shown
to the patient. The histogram shows amarked differential response to
pictures of Jennifer Aniston (red bars).
Next, we quantified the degree of invariance using a receiver

operating characteristic (ROC) framework15. We considered as the
hit rate (y axis) the relative number of responses to pictures of a
specific individual, object, animal or landmark building, and as

Figure 1 | A single unit in the left posterior hippocampus activated
exclusively by different views of the actress Jennifer Aniston.
a, Responses to 30 of the 87 images are shown. There were no statistically
significant responses to the other 57 pictures. For each picture, the
corresponding raster plots (the order of trial number is from top to bottom)
and post-stimulus time histograms are given. Vertical dashed lines indicate
image onset and offset (1 s apart). Note that owing to insurmountable
copyright problems, all original images were replaced in this and all
subsequent figures by very similar ones (same subject, animal or building,
similar pose, similar colour, line drawing, and so on). b, The median

responses to all pictures. The image numbers correspond to those in a. The
two horizontal lines show the mean baseline activity (0.02 spikes) and the
mean plus 5 s.d. (0.82 spikes). Pictures of Jennifer Aniston are denoted by
red bars. c, The associated ROC curve (red trace) testing the hypothesis that
the cell responded in an invariant manner to all seven photographs of
Jennifer Aniston (hits) but not to other images (including photographs of
Jennifer Aniston and Brad Pitt together; false positives). The grey lines
correspond to the same ROC analysis for 99 surrogate sets of 7 randomly
chosen pictures (P , 0.01). The area under the red curve is 1.00.
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2 problems
• How much do responses to bars tell us about 

responses in natural environment ? 

• Is this really selectivity ? 

• You also need invariance. 

• Modeling is essential. 



Why do we need models of sensory
computation? 



Why do we need models of sensory
computation? 
• We want a compact mathematical description of how neurons

process stimuli, that can generalize to complex stimuli
(ideally natural scenes).

• From this mathematical description we can derive predictions
(responses to specific stimuli) and we can ask questions about 
implementation (mechanisms, circuits…example: Direction 
Selective ganglion cells).

• We might be able to relate them to some behaviours. 

Barlow and Levick, 1965
Euler et al, 2002
Briggman et al, 2011



Neural coding

?



Neural coding in the retina

?



Two complementary approaches

• Define the architecture of the model, learn the parameters, then
test it on responses to other stimuli. 

• Design stimuli to exclude some model architecture (and find
what is missing).

The sensorium challenge

https://sensorium2022.net/home
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Large-scale recordings in the retina

69

Electrophysiology

We accessed RGC responses

with MEA recordings and spike sorting

whole-mount retina

preparation
Ambystoma mexicanum

microelectrode array
252 electrodes, 30 µm

spike sorting
(Yger, …, Lefebvre et al., eLife, 2018)
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The LN model 

• Linear filter + non linearity

• How to estimate its parameters ? 

• If the stimulus is a white noise, estimate the Spike Triggered
Average. 

Stimulus Response
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The LN model 

• Linear filter + non linearity

• How to estimate its parameters ? 

• If the stimulus is a white noise, estimate the Spike Triggered
Average. 

• If not, beware of stimulus correlations ! MLE estimator or related
methods
(https://pillowlab.princeton.edu/pubs/Pillow_BBchap07.pdf ). 

Stimulus Response

https://pillowlab.princeton.edu/pubs/Pillow_BBchap07.pdf


The LN model: does it work ? 

• Yes, if the stimulus is full-field
or coarse grained (Berry and 
Meister, 1998). 

• Generalization: the GLM model 
(Pillow et al, 2008, with some
additional interactions between
cells). 

Stimulus Response

Physiological interpretations of the model and mechanisms for
neural read-out of sensory information in higher brain areas are thus
important directions for future research.

Nevertheless, the generalized linear model offers a concise, com-
putationally tractable description of the population encoding pro-
cess, and provides the first generative description of the space–time
dependencies in stimulus-induced population activity. It allows us to
quantify the relative contributions of stimulus, spike history and

network interactions to the encoding and decoding of visual stimuli,
and clarifies the relationship between single-cell and population vari-
ability.More generally, themodel can be used to assess which features
of the visual environment are encoded with highest and lowest fidel-
ity, and to determine how the structure of the neural code constrains
perceptual capabilities. We expect this framework to extend to other
brain areas, and to have an important role in revealing the informa-
tion processing capabilities of spiking neural populations4,19,24,25.
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Figure 4 | Decoding performance comparison. a, Shown is a Bayesian
decoding schematic: to estimate an unknown stimulus segment from a set of
observed spike times (highlighted in boxes), the stimulus prior distribution
p(s) is multiplied by the model-defined likelihood p(r | s) to obtain the
posterior p(s | r). The posterior mean is the Bayes’ least-squares stimulus
estimate. b, Log of the SNR for linear decoding, as well as for Bayesian
decoding under the Poisson, uncoupled and full models6. The full model

preserves 20%more information than the uncoupledmodel, which indicates
that there is additional sensory information available from the population
response when correlations are taken into account. Error bars show 95%
confidence intervals based on 2,000 bootstrap resamplings of 3,000 decoded
stimulus segments. c, Log SNR decomposed as a function of temporal
frequency for various decoding methods (Poisson omitted for clarity).
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Figure 3 | Spike-train prediction comparison. a, Raster of responses of an
ON RGC to 25 repeats of a novel 1-s stimulus (top), and responses of
uncoupled (middle) and full (bottom)models to the same stimulus. b, PSTH
of the RGC (black), uncoupled (blue) and coupled (red)model; bothmodels
account for,84% of the variance of the true PSTH. c, PSTH prediction by
full and uncoupled models, showing that coupling confers no advantage in
predicting average responses. d, Log-likelihood of novel RGC spike
responses under full and uncoupled models; the full model provides 8%
more information about novel spike trains. e, Magnified 150-ms portion of
RGC raster and PSTH (grey box in a). Red dots highlight RGC spike times on
selected individual trials, which are replotted in f. f, Single-trial spike-train
prediction using the coupled model. The top half of each plot shows the

population activity on a single trial: true spike times of the cell (red dots),
coupled ON cells (light grey dots) and coupled OFF cells (dark grey dots;
each line in the raster shows the spike times of a different cell). The bottom
half of each plot shows a raster of 50 predicted responses of the cell in
question, using both the stimulus and coupled responses (shown above) to
predict spike trains. The red trace shows the single-trial rate prediction
(population-conditioned PSTH), compared with true PSTH of the cell
(black trace, identical in all plots). g, Correlation coefficient of true spike
trains with the PSTH (ordinate) and with population-conditioned
predictions (abscissa); the full model predicts single-trial responses with
higher accuracy than the true PSTH.
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The LN model: does it work ? 

Heitman et al, 2016
See also: Deny et al, 2017
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What is missing ? 

method revealed that signals are integrated nonlinearly over the
receptive field center. The corresponding nonlinearity resembles
a threshold-quadratic transformation of the incoming signals. In
addition, for a subset of ganglion cells, the method revealed
a further nonlinear operation that provides these cells with a
particular sensitivity for homogeneous stimulation of the recep-
tive field. These cells are thus especially suited to detect large

Figure 1. Iso-Response Curves as a Tool for
Assessing Stimulus Integration
(A) A subunit model, which takes two inputs s1
and s2 and generates a response r(s1,s2) (top)

and the corresponding two-dimensional stimulus-

response plot (bottom). Here, the ganglion cell (G)

simply performs a linear summation of the sub-

unit signals. Correspondingly, the iso-response

curves, shown below, are straight lines.

(B) Same as (A), but with a subunit model

that transforms each subunit input according to

a threshold-quadratic nonlinearity. Correspond-

ingly, the iso-response curves now have segments

parallel to the axes, representing the threshold

operation, and are circular in the central region,

representing the summation of squared positive

inputs.

(C) Sample stimulus-response curves along a

fixed direction in stimulus space, here the direction

given by s1 = s2, for the linear subunit model

(brown) and the threshold-quadratic subunit

model (purple). The curves are also highlighted

in (A) and (B), respectively. The sigmoid shapes of

the curves follow from the output nonlinearities of

the models.

(D) Stimulus structure for the present study. The

two input components s1 and s2 correspond to

the contrast values displayed in the two halves of

a ganglion cell’s receptive field center.

objects. The nonlinearity that mediates
this function is shown to arise from an
inhibition-mediated local gain control
mechanism.

RESULTS

Utility of Iso-Response Stimuli
Neurons process information by com-
bining multiple inputs and generating
their own output accordingly. As a
minimal circuit for neural computation,
let us therefore consider a neuron that
integrates two input signals (Figure 1).
Even if the inputs are simply summed
in a linear fashion (Figure 1A), the final
response is typically nonlinear because
the output neuron contributes its own,
intrinsic nonlinear transformation, for
example, through a spike generation
mechanism that imposes a threshold
or response saturation. This nonlinearity
may easily appear to dominate the

stimulus-response function and give it a similar general ap-
pearance even for a fundamentally different model of stimulus
integration, for example, when inputs are thresholded and
squared before pooling (Figure 1B). For both considered models
of Figure 1, the response rises with increasing overall stimulus
intensity in a sigmoid fashion (Figure 1C), as determined by the
intrinsic nonlinearitities of each output neuron.

Neuron

Dynamic Nonlinear Integration in the Retina

334 Neuron 73, 333–346, January 26, 2012 ª2012 Elsevier Inc.

Two different regions in the receptive field center. 

If you assume a LN model: 
R(s1 and s2) = R(s1 and 0) + R(0 and s2) ? 
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RESULTS

Utility of Iso-Response Stimuli
Neurons process information by com-
bining multiple inputs and generating
their own output accordingly. As a
minimal circuit for neural computation,
let us therefore consider a neuron that
integrates two input signals (Figure 1).
Even if the inputs are simply summed
in a linear fashion (Figure 1A), the final
response is typically nonlinear because
the output neuron contributes its own,
intrinsic nonlinear transformation, for
example, through a spike generation
mechanism that imposes a threshold
or response saturation. This nonlinearity
may easily appear to dominate the

stimulus-response function and give it a similar general ap-
pearance even for a fundamentally different model of stimulus
integration, for example, when inputs are thresholded and
squared before pooling (Figure 1B). For both considered models
of Figure 1, the response rises with increasing overall stimulus
intensity in a sigmoid fashion (Figure 1C), as determined by the
intrinsic nonlinearitities of each output neuron.
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334 Neuron 73, 333–346, January 26, 2012 ª2012 Elsevier Inc.

Two different regions in the receptive field center. 

If you assume a LN model: 
R(s1 and s2) = R(s1 and 0) + R(0 and s2) ? 

No ! 
The non linearity can already induce deviations. 
Is there a way around ? 
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integrates two input signals (Figure 1).
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stimulus-response function and give it a similar general ap-
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of Figure 1, the response rises with increasing overall stimulus
intensity in a sigmoid fashion (Figure 1C), as determined by the
intrinsic nonlinearitities of each output neuron.

Neuron

Dynamic Nonlinear Integration in the Retina

334 Neuron 73, 333–346, January 26, 2012 ª2012 Elsevier Inc.

In a LN model, r(s1,s2) = r(s1+s2)

What are the combinations of s1 
and s2 that give the same firing
rate ? 

Boelinger and Gollisch, 2012
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RESULTS

Utility of Iso-Response Stimuli
Neurons process information by com-
bining multiple inputs and generating
their own output accordingly. As a
minimal circuit for neural computation,
let us therefore consider a neuron that
integrates two input signals (Figure 1).
Even if the inputs are simply summed
in a linear fashion (Figure 1A), the final
response is typically nonlinear because
the output neuron contributes its own,
intrinsic nonlinear transformation, for
example, through a spike generation
mechanism that imposes a threshold
or response saturation. This nonlinearity
may easily appear to dominate the

stimulus-response function and give it a similar general ap-
pearance even for a fundamentally different model of stimulus
integration, for example, when inputs are thresholded and
squared before pooling (Figure 1B). For both considered models
of Figure 1, the response rises with increasing overall stimulus
intensity in a sigmoid fashion (Figure 1C), as determined by the
intrinsic nonlinearitities of each output neuron.

Neuron

Dynamic Nonlinear Integration in the Retina

334 Neuron 73, 333–346, January 26, 2012 ª2012 Elsevier Inc.

In a LN model, r(s1,s2) = r(s1+s2)

What are the combinations of s1 
and s2 that give the same firing
rate ? 

A signature of non-linear
behaviour beyond LN model. 

Boelinger and Gollisch, 2012
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tive field. These cells are thus especially suited to detect large

Figure 1. Iso-Response Curves as a Tool for
Assessing Stimulus Integration
(A) A subunit model, which takes two inputs s1
and s2 and generates a response r(s1,s2) (top)

and the corresponding two-dimensional stimulus-

response plot (bottom). Here, the ganglion cell (G)

simply performs a linear summation of the sub-

unit signals. Correspondingly, the iso-response

curves, shown below, are straight lines.

(B) Same as (A), but with a subunit model

that transforms each subunit input according to

a threshold-quadratic nonlinearity. Correspond-

ingly, the iso-response curves now have segments

parallel to the axes, representing the threshold

operation, and are circular in the central region,

representing the summation of squared positive

inputs.

(C) Sample stimulus-response curves along a

fixed direction in stimulus space, here the direction

given by s1 = s2, for the linear subunit model

(brown) and the threshold-quadratic subunit

model (purple). The curves are also highlighted

in (A) and (B), respectively. The sigmoid shapes of

the curves follow from the output nonlinearities of

the models.

(D) Stimulus structure for the present study. The

two input components s1 and s2 correspond to

the contrast values displayed in the two halves of

a ganglion cell’s receptive field center.

objects. The nonlinearity that mediates
this function is shown to arise from an
inhibition-mediated local gain control
mechanism.

RESULTS

Utility of Iso-Response Stimuli
Neurons process information by com-
bining multiple inputs and generating
their own output accordingly. As a
minimal circuit for neural computation,
let us therefore consider a neuron that
integrates two input signals (Figure 1).
Even if the inputs are simply summed
in a linear fashion (Figure 1A), the final
response is typically nonlinear because
the output neuron contributes its own,
intrinsic nonlinear transformation, for
example, through a spike generation
mechanism that imposes a threshold
or response saturation. This nonlinearity
may easily appear to dominate the

stimulus-response function and give it a similar general ap-
pearance even for a fundamentally different model of stimulus
integration, for example, when inputs are thresholded and
squared before pooling (Figure 1B). For both considered models
of Figure 1, the response rises with increasing overall stimulus
intensity in a sigmoid fashion (Figure 1C), as determined by the
intrinsic nonlinearitities of each output neuron.
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Figure 3. Iso-Response Curves of Retinal Ganglion Cells
(A–C) Iso-rate (blue) and iso-latency curves (red) from three different sample ganglion cells. Here and in subsequent plots, error bars are drawn in the radial

direction, corresponding to the direction of measurement, and denote 95% confidence intervals, obtained from fitting the data points of the line searches.

Predefined target responses were 6 spikes and 170 ms (A); 4 spikes and 150 ms (B); 8 spikes and 120 ms (C). Insets show the corresponding nonlinearities

obtained from a subunit model such as in Figures 1A and 1B. Note that preferred stimuli are displayed as positive values on the x axis of the insets even though

they correspond to negative contrast, as these neurons are Off-type ganglion cells. An example with slight deviations from the threshold-quadratic nonlinearity

is shown in (B); rectification is incomplete here, and the iso-rate curve yields a rather linear than quadratic summation of negative contrast. For the nonconvex

iso-rate curve of (C), no nonlinearity was determined, as the curve is not well described by the static subunit model. Note that the iso-response curves are not

always symmetric with respect to the two stimulus components; this results from slight misalignment of the stimulus with the receptive field center and from

asymmetries in the receptive field structure.

(D) Iso-rate curves for different target spike counts obtained from a single ganglion cell with convex iso-rate curves. Target spike counts were two, four, and six

spikes, in order of increasing distance of the curves from the origin.

(E) Iso-rate curves for different target spike counts obtained from a single homogeneity detector. Target spike counts were three, four, five, and six spikes, in order

of increasing distance of the curves from the origin. The inset shows a zoom-in of the central region of the iso-rate curves.

(F) Iso-rate curves from a single homogeneity detector for stimulus layouts with a 100 mm gap between the two stimulation areas (light blue) and for stimulation

area with diameter reduced by 60% (green), compared to control condition (dark blue).

(G) Histogram of form factors obtained from iso-latency curves. The values cluster near
ffiffiffi
2

p
, the expected value for convex, circular curves.

(H) Histogram of form factors obtained from iso-rate curves. Values larger and smaller than unity indicate convex and nonconvex iso-rate curves, respectively.

Note that the total cell count here is higher than in (G) because iso-latency curves were not measured for all cells.

(I) Scatter plot of form factors from iso-rate curves against receptive field diameter. Small form factors were found almost exclusively for ganglion cells with rather

large receptive field centers. The data points corresponding to the cells shown in (A)–(C) are marked by additional black circles.
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This is what is found
experimentally ! 

Boelinger and Gollisch, 2012
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a threshold-quadratic transformation of the incoming signals. In
addition, for a subset of ganglion cells, the method revealed
a further nonlinear operation that provides these cells with a
particular sensitivity for homogeneous stimulation of the recep-
tive field. These cells are thus especially suited to detect large
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this function is shown to arise from an
inhibition-mediated local gain control
mechanism.

RESULTS

Utility of Iso-Response Stimuli
Neurons process information by com-
bining multiple inputs and generating
their own output accordingly. As a
minimal circuit for neural computation,
let us therefore consider a neuron that
integrates two input signals (Figure 1).
Even if the inputs are simply summed
in a linear fashion (Figure 1A), the final
response is typically nonlinear because
the output neuron contributes its own,
intrinsic nonlinear transformation, for
example, through a spike generation
mechanism that imposes a threshold
or response saturation. This nonlinearity
may easily appear to dominate the

stimulus-response function and give it a similar general ap-
pearance even for a fundamentally different model of stimulus
integration, for example, when inputs are thresholded and
squared before pooling (Figure 1B). For both considered models
of Figure 1, the response rises with increasing overall stimulus
intensity in a sigmoid fashion (Figure 1C), as determined by the
intrinsic nonlinearitities of each output neuron.
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(A–C) Iso-rate (blue) and iso-latency curves (red) from three different sample ganglion cells. Here and in subsequent plots, error bars are drawn in the radial

direction, corresponding to the direction of measurement, and denote 95% confidence intervals, obtained from fitting the data points of the line searches.

Predefined target responses were 6 spikes and 170 ms (A); 4 spikes and 150 ms (B); 8 spikes and 120 ms (C). Insets show the corresponding nonlinearities

obtained from a subunit model such as in Figures 1A and 1B. Note that preferred stimuli are displayed as positive values on the x axis of the insets even though

they correspond to negative contrast, as these neurons are Off-type ganglion cells. An example with slight deviations from the threshold-quadratic nonlinearity

is shown in (B); rectification is incomplete here, and the iso-rate curve yields a rather linear than quadratic summation of negative contrast. For the nonconvex

iso-rate curve of (C), no nonlinearity was determined, as the curve is not well described by the static subunit model. Note that the iso-response curves are not

always symmetric with respect to the two stimulus components; this results from slight misalignment of the stimulus with the receptive field center and from

asymmetries in the receptive field structure.

(D) Iso-rate curves for different target spike counts obtained from a single ganglion cell with convex iso-rate curves. Target spike counts were two, four, and six

spikes, in order of increasing distance of the curves from the origin.

(E) Iso-rate curves for different target spike counts obtained from a single homogeneity detector. Target spike counts were three, four, five, and six spikes, in order

of increasing distance of the curves from the origin. The inset shows a zoom-in of the central region of the iso-rate curves.

(F) Iso-rate curves from a single homogeneity detector for stimulus layouts with a 100 mm gap between the two stimulation areas (light blue) and for stimulation

area with diameter reduced by 60% (green), compared to control condition (dark blue).

(G) Histogram of form factors obtained from iso-latency curves. The values cluster near
ffiffiffi
2

p
, the expected value for convex, circular curves.

(H) Histogram of form factors obtained from iso-rate curves. Values larger and smaller than unity indicate convex and nonconvex iso-rate curves, respectively.

Note that the total cell count here is higher than in (G) because iso-latency curves were not measured for all cells.

(I) Scatter plot of form factors from iso-rate curves against receptive field diameter. Small form factors were found almost exclusively for ganglion cells with rather

large receptive field centers. The data points corresponding to the cells shown in (A)–(C) are marked by additional black circles.
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This is what is found
experimentally ! 

Caveat: far from
natural stimuli. 

Boelinger and Gollisch, 2012



With natural scene stimulation

Turner and Rieke, 2016



With natural scene stimulation
What would happen if it
was a LN model ? 

Turner and Rieke, 2016



With natural scene stimulation

Turner and Rieke, 2016



With natural scene stimulation

Turner and Rieke, 2016



With natural scene stimulation

A “LNLN” model can 
explain these differences.

In later work they could 
show the non-linearity was 
from photoreceptors (Yu et 
al, 2022) 

Turner and Rieke, 2016

https://elifesciences.org/articles/70611
https://elifesciences.org/articles/70611


The inception experiment

• Walker et al, Nature Neuroscience 2019
• https://www.nature.com/articles/s41593-019-0517-x?proof=t



Protocol





Finding the stimulus with maximal activation



Stimuli that maximally excite a cell



The inception experiment
• Better activation with this stimulus than with any other. 

• What does it tell about neural coding ? 



Simple stimuli

P. Yger, G. L. Spampinato, E. Esposito, B. Lefebvre, S. Deny, C. Gardella, M. Stimberg, F. Jetter, G. Zeck, S. Picaud, J. Duebel, O. Marre
“A spike sorting toolbox for up to thousands of electrodes validated with ground truth recordings in vitro and in vivo” eLife 7 (2018) e34518

A. Tikidji-Hamburyan, K. Reinhard, H. Seitter, A. Hovhannisyan, C. A. Procyck, A. E. Allen, M. Schenk, R. J. Lucas & T. Münch
“Retinal output changes qualitatively with every change in ambient illuminance” Nature Neuroscience 18.1 (2015) p.66 

Ɣ Properties of retinal ganglion cell responses to flashed natural images, such as the polarity of the

   response, can be image-dependent.

Ɣ LN-LN models can reproduce these polarity reversals while LN models can’t.

Which retinal pathways can support these appearances of ON responses in OFF cells?
What are the implications for visual processing in downstream brain areas?

LN-LN models predict some cells which exhibit polarity reversals.
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LN modeling of retinal ganglion cells

- L2 (Laplacian) regularization
- Adam optimizer
- Poisson loss

- Keras library
- softplus activation
- L1 regularization

Model
training

If the nonlinearity of one LN model is monotonic
then adding perturbations colinear with its linear
filter to a reference stimuli will increase the
corresponding respons. Thus a non-monotonic
nonlinearity is a necessary condition to observe
polarity reversals in LN models.
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Perturbative approach

Spike sorting
Resolution of the activity at the cell level

(Yger et al., eLife, 2018)

Multielectrode array (256, 30 µm)
Electrophysiological recordings

Ambystoma mexicanum (axolotl)
Wholemount retina preparation

Electrophysiology

METHODS

Image-dependent STA

stim.

resp.

image

Our approach:
Ɣ Add small perturbations to natural stimuli to

measure image-dependent receptive fields.
Ɣ Find a model of retinal responses which is able

 to predict these image-dependent receptive fields.

Question: For a fixed background
luminance and for natural stimuli,
is feature extraction kept stable
or is it more context-dependent? 

It has been suggested that the retinal code is not
fixed but varies with every change of ambient
luminance. The properties of ganglion cell responses,
such as the response polarity to step-like changes
in brightness, vary with changes in ambient luminances
(see Tikidji-Hamburyan et al., Nat. Neurosci., 2015).

(Tikidji-Hamburyan et al., Nat. Neurosci., 2015)

cell to white and black full-field steps
Responses of a single OFF ganglion
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RETINAL GANGLION CELLS CAN
CHANGE POLARITY IN NATURAL CONTEXTS

Hartline, Kuffler
Hubel & Wiesel, 1962
Rowe & Stone, 1980
DeAngelis & Freeman, 1995
"In praise of artifice" Rust and Movshon (2005)



Simple stimuli: usually don’t generalize to natural scenes

P. Yger, G. L. Spampinato, E. Esposito, B. Lefebvre, S. Deny, C. Gardella, M. Stimberg, F. Jetter, G. Zeck, S. Picaud, J. Duebel, O. Marre
“A spike sorting toolbox for up to thousands of electrodes validated with ground truth recordings in vitro and in vivo” eLife 7 (2018) e34518

A. Tikidji-Hamburyan, K. Reinhard, H. Seitter, A. Hovhannisyan, C. A. Procyck, A. E. Allen, M. Schenk, R. J. Lucas & T. Münch
“Retinal output changes qualitatively with every change in ambient illuminance” Nature Neuroscience 18.1 (2015) p.66 

Ɣ Properties of retinal ganglion cell responses to flashed natural images, such as the polarity of the

   response, can be image-dependent.

Ɣ LN-LN models can reproduce these polarity reversals while LN models can’t.

Which retinal pathways can support these appearances of ON responses in OFF cells?
What are the implications for visual processing in downstream brain areas?

LN-LN models predict some cells which exhibit polarity reversals.
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If the nonlinearity of one LN model is monotonic
then adding perturbations colinear with its linear
filter to a reference stimuli will increase the
corresponding respons. Thus a non-monotonic
nonlinearity is a necessary condition to observe
polarity reversals in LN models.
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Polarities of cell responses can be context-dependent.  
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Perturbative approach

Spike sorting
Resolution of the activity at the cell level

(Yger et al., eLife, 2018)

Multielectrode array (256, 30 µm)
Electrophysiological recordings

Ambystoma mexicanum (axolotl)
Wholemount retina preparation

Electrophysiology

METHODS

Image-dependent STA

stim.

resp.

image

Our approach:
Ɣ Add small perturbations to natural stimuli to

measure image-dependent receptive fields.
Ɣ Find a model of retinal responses which is able

 to predict these image-dependent receptive fields.

Question: For a fixed background
luminance and for natural stimuli,
is feature extraction kept stable
or is it more context-dependent? 

It has been suggested that the retinal code is not
fixed but varies with every change of ambient
luminance. The properties of ganglion cell responses,
such as the response polarity to step-like changes
in brightness, vary with changes in ambient luminances
(see Tikidji-Hamburyan et al., Nat. Neurosci., 2015).

(Tikidji-Hamburyan et al., Nat. Neurosci., 2015)

cell to white and black full-field steps
Responses of a single OFF ganglion

INTRODUCTION
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RETINAL GANGLION CELLS CAN
CHANGE POLARITY IN NATURAL CONTEXTS

Hartline, Kuffler
Hubel & Wiesel, 1962
Rowe & Stone, 1980
DeAngelis & Freeman, 1995
"In praise of artifice" Rust and Movshon (2005)



Complex, natural stimuli

Lettvin et al, 1959
Carandini et al, 2005
Gollisch & Meister, 2010
Yamins & DiCarlo, 2016
McIntosh et al, 2016
Walker et al, 2019



Complex, natural stimuli: curse of dimensionality

Lettvin et al, 1959
Carandini et al, 2005
Gollisch & Meister, 2010
Yamins & DiCarlo, 2016
McIntosh et al, 2016
Walker et al, 2019



Complex, natural stimuli

Lettvin et al, 1959
Carandini et al, 2005
Gollisch & Meister, 2010
Yamins & DiCarlo, 2016
McIntosh et al, 2016
Walker et al, 2019

Is there a middle ground ? 
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• With a natural image:

Selectivity in natural contexts
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• With a natural image: local light increase is the best way to 
increase the firing rate?

Selectivity in natural contexts

ON Ganglion cell

+ =

• ON ganglion cell: selectivity to local light increase.

ON

OFF
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Probing selectivity in natural contexts

Reference 
image

Stimulus

Response
spikes

Many perturbations 
for each reference image. 

ON

OFF

LSTA

Local STA
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We accessed RGC responses
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microelectrode array
252 electrodes, 30 µm

spike sorting
(Yger, …, Lefebvre et al., eLife, 2018)
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Variations in polarity for the same cell
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200 ms

69

Electrophysiology

We accessed RGC responses

with MEA recordings and spike sorting

whole-mount retina

preparation
Ambystoma mexicanum

microelectrode array
252 electrodes, 30 µm

spike sorting
(Yger, …, Lefebvre et al., eLife, 2018)

ON

OFF

Variations in polarity for the same cell
Classical ON cellClassical OFF cell

Depending on the image, 
the image-dependent
receptive field (LSTA) 

can be ON or OFF. 

ONOFF

OFFON
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Polarity inversion in many cell types

This effect is observed in many cell types. 

Not just standard "ON-OFF" ganglion cells. 

Large changes in the ON-OFF ratio. 
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Polarity is context-dependent

Can we find a model to reproduce these findings ? 

Intermediate conclusion 1

OFF

ON
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Modeling retina responses

image retina spike responses

Experimental training protocol Linear Nonlinear model

Convolutional Neural Network model

static 
nonlinearity
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Linear Nonlinear model

Convolutional Neural Network model

static 
nonlinearity

+

CNN performs better than LN

69

Electrophysiology

We accessed RGC responses

with MEA recordings and spike sorting

whole-mount retina

preparation
Ambystoma mexicanum

microelectrode array
252 electrodes, 30 µm

spike sorting
(Yger, …, Lefebvre et al., eLife, 2018)
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Testing different models

69

Electrophysiology

We accessed RGC responses

with MEA recordings and spike sorting

whole-mount retina

preparation
Ambystoma mexicanum

microelectrode array
252 electrodes, 30 µm

spike sorting
(Yger, …, Lefebvre et al., eLife, 2018)

ON

OFF

Prediction of the RF shape
(not amplitude). 

LN model cannot show 
polarity inversion.

200 ms

CNN predicts:
ü polarity
ü shape
ü position



Polarity is context-dependent

ON-OFF pathway convergence allows polarity inversion 
A CNN model predicts these findings.

Intermediate conclusion 2
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Polarity is context-dependent

ON-OFF pathway convergence allows polarity inversion 
A CNN model predicts these findings.

What is the relation between image and LSTA? 

OFF

ON

Intermediate conclusion 2

?
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The model generates ~4k image-dependent LSTAs

LSTA: Best direction to increase the response

Relevant stimulus space is bidimensional



Finding the relevant subspace

PCA

First PC Second PC

2 PCAs explain ~85% of the total variance 

Stimulus space

PCA space

The model generates ~4k image-dependent LSTAs

LSTA: Best direction to increase the response
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Starting point of the arrow: 
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Arrow:      the LSTA corresponding to this
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the response is proportional 

to a local contrast.
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Inverting the ‘bright-dark’ images



Example cell:

OFF LSTAs for the images 

ON for the inverted counterparts.

Inverting the ‘bright-dark’ images



Polarity is context-dependent

ON-OFF pathway convergence allows polarity inversion 
A CNN model predicts these findings. 

Polarity dependence on the reference image 
reveals coding of contrast

Conclusions



Perspectives

• A way to test models ? More constraints than
average responses. 

• Mixed selectivity = selectivity to a more abstract 
feature ? 

• Possible extensions to other sensory structures ?

• The interest of doing back and forth between
models and experiments.  
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Object-Motion 
Selective ganglion 
cells

Olveckzy et al, 2003 



Figure 1.
Ganglion cell responses to omitted flashes. (a,b) Firing rate of a single ganglion cell in
salamander (a) or mouse (b) during a sequence of 500 dark flashes of 40-ms duration with
random omissions at a mean rate of once every 16 flashes (see Methods). Responses are
aligned with respect to the time of omitted flashes (dashed line). (c–f) Firing rate of example
cells from salamander (left) and mouse (right) during a sequence of 16 flashes, showing
start-end (c,d), sustained (e) and end-only (f) response types. Flashes had a duration of 40
ms (salamander) or 24 ms (mouse) and were presented at 12 Hz. Dashed lines show the time
of the next expected flash. All cells have an OFF-type receptive field, except for the one in f,
which is ON-type.
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Figure 2.
The omitted stimulus response is predictive. (a) Firing rate of a ganglion cell following a 12-
Hz (upper) or 20-Hz (lower) sequence of 40-ms dark flashes. Each sequence has 12 flashes;
stimuli are aligned so that they begin at different negative times (off the time axis) and have
their last flash begin at time zero. Dotted lines indicate the time at which the next flash
would have occurred. (b) Response latency of ganglion cells relative to the latency of the
response to an isolated flash (56 ± 18 ms; n = 76 cells) plotted over a range of stimulus
periods. Bars, s.e.m. Notice that the time between the last real flash and the OSR increases
linearly with the stimulus period (solid diamonds); dashed line is a slope of unity, not a
curve fit. All data taken from OFF-type salamander ganglion cells.
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Omitted Stimulus Response



A zoo of non-linearities

Motion anticipation: Berry et al, 1999

Global motion: Olveckzy et al, 2003

Motion reversal: Schwartz et al, 2007

Approaching motion: Munch et al, 2009

Start motion: Chen et al, 2013
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Visual restoration in blind patients

(Pieter Bruegel, 1568)



Vision loss is among the most feared health issues humans
face



Age-related Macular
degeneration
(30 M patients)

Glaucoma
(6 M patients)

Orphan diseases
- Retinal dystrophies
- USHER
- LHON, Stargardt, (…)
(2 M patients)

Diabetic retinopathy
(20 M patients)

LIGHT

Over 50 M patients in EU and US and 700 M worldwide suffer from low vision
Cost of visual impairment in EU : 500+ billions €

Causes of Retinal diseases



Rod and cone photoreceptors
Soleil

Eclairage
intérieur

Clair de
lune

Lumière
dʼétoile



Macula: High central visual acuity

Yarbus 1959Yarbus 1959



Macula: lateral displacement of retinal ganglion cells

Adams and Horton 2003



Sub-retinal

epi-retinal

Optic
Nerve

Concept of visual restoration: 
Stimulation of residual neurones in the visual system

Macular degeneration
Inherited dystrophies: RP

Glaucoma
Diabetes

Cortical
activation



Sub-retinal

epi-retinal

Concept of visual restoration: 
Stimulation of residual neurones in the visual system

Macular degeneration
Inherited dystrophies: RP



Restoring vision following photoreceptor
degeneration

• Age-related macular
degeneration

• Retinitis pigmentosa
1/4000 birth

ARMD RP



2nd sight: the Argus II retinal prosthesis

Implant

Caméra

Micro-processeur

Emitter

Receptor

Electrode array

RF Link  



Square test localization

System OFF

System ON

Données de USC-001

3 6 12 mois18 24 36 48



Prothèse rétinienne



Vision and pixels
64 625

1600 1600



A wireless implant sensitive to InfraRed stimulation
With a ground grid (Stanford U)

(Mathieson …. Palanker, Nature photonics 2012, Lorach …. Palanker, Nature Medicine 2015)

Stimulation
electrode

IR photodiodes Ground
grid

100 µm



Preclinical validation of implants:
Behavioral study

Visible ControlsInfraRed

(Prevot et al., Nature Biomed. Eng. 2020)

5 weeks :   Cones

Central

Periph



(Palanker et al., Research Square 2021)

Visual acuity:  20/460  -  20/565

(Palanker et al., Ophthalmology 2020)

Fusion of prosthetic and natural vision

Clinical trial:  
Age-related macular degeneration



Multichip and reducing further the pixel size?

100µm 70µm

From Daniel Palanker



Optogenetic Therapy



Visual systems during evolution

Vertebrates

Single cell algae



Optogenetic therapy

Photosensitive algae



Targeting retinal ganglion cells
Bi et al. Neuron 2006, 50:23-33

Channelrhodopsin2



Latence <20ms

Activation par CatCh dans les cellules 
ganglionnaires

(Chaffiol et al., Mol. Ther. 2017)
Visual acuity: 20/72, Ferrari et al., Plos Comp. Biol.. 2020)



Selection of the red-shifted opsin, ChrimsonR

ChrimsonR-tdTomato

Engineered AAV variant

AAV2.7m8

GS030



Temporal and spatial resolution of the responses

(Gauvain et al., Communication Biology 2021)



Preparing the visual stimulators
for the clinical trials

A first goggle prototype

10
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First report in a human patient
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Optimizing the stimulation



Conclusions

- Visual restoration in blind patients with RP or ARMD
- best visual acuity with PRIMA: close to threshold of legal blindness (1/20)

- An alternative solution : Optogenetic therapy (Theory 20/249- 20/72)
- Ongoing clinical trials on RP patients

- Future project: 
Visual restoration at the cortical level by sonogenetic therapy.


