
� For correspondence:
michaela.vystrcilova@uni-
goettingen.de,
ecker@cs.uni-goettingen.de
Data availability: All data
and code will be made
available upon publication.
Funding: This work was
supported by the Deutsche
Forschungsgemeinschaft
(DFG, German Research
Foundation) – project ID
432680300 (SFB 1456, project
B05) – and by the European
Research Council (ERC) under
the European Union’s Horizon
2020 research and innovation
programme (grant agreement
number 101041669).
Computing time was made
available on the
high-performance computers
HLRN-IV at GWDG at the NHR
Center NHR@Göttingen.
Competing interests: The
author declare no competing
interests.

Convolutional neural network1

models of the primate retina reveal2

adaptation to natural stimulus3

statistics4

Michaela Vystrčilová1�, Shashwat Sridhar2,3, Max F. Burg1,6,7, Tim Gollisch2,3,5,5

Alexander S. Ecker1,4�6

1University of Göttingen, Institute of Computer Science and Campus Institute Data7

Science, Göttingen, Germany; 2University Medical Center Göttingen, Department of8

Ophthalmology, Göttingen, Germany; 3Bernstein Center for Computational9

Neuroscience Göttingen, Göttingen, Germany; 4Max Planck Institute for Dynamics and10

Self-Organization, Göttingen, Germany; 5Cluster of Excellence “Multiscale Bioimaging:11

from Molecular Machines to Networks of Excitable Cells” (MBExC), University of12

Göttingen, Göttingen, Germany; 6International Max Planck Research School for13

Intelligent Systems, Tübingen, Germany; 7Tübingen AI Center, University of Tübingen,14

Germany15

16

Abstract17

The diverse nature of visual environments demands that the retina, the first stage of the visual18

system, encodes a vast range of stimuli with various statistics. The retina adapts its computations19

to some specific features of the input, such as brightness, contrast or motion. However, it is less20

clear whether it also adapts to the statistics of natural scenes compared to white noise, the latter21

of which is often used to infer models of retinal computation. To address this question, we22

analyzed neural activity of retinal ganglion cells (RGCs) in response to both white noise and23

naturalistic movie stimuli. We performed a systematic comparative analysis of traditional24

linear-nonlinear (LN) and recent convolutional neural network (CNN) models and tested their25

generalization across stimulus domains. We found that no model type trained on one stimulus26

ensemble was able to accurately predict neural activity on the other, suggesting that retinal27

processing depends on the stimulus statistics. Under white noise stimulation, the receptive fields28

of the neurons were mostly lowpass, while under natural image statistics they exhibited a more29

pronounced surround resembling the whitening filters predicted by efficient coding. Together,30

these results suggest that retinal processing dynamically adapts to the stimulus statistics.31

32

Introduction33

The retina is the direct interface between the visual environment and an animal’s brain. It evolved34

for encoding stimuli characterized by different statistical properties. This encoding process is not35

static; the retina’s computational strategies dynamically adjust to specific attributes of visual in-36

puts. Adaptation to the mean light intensity (Dowling, 1960; Dowling, 1963) and contrast levels37

(Smirnakis et al., 1997; Kim and Rieke, 2001; Baccus and Meister, 2002) is well documented. Adap-38
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tation of RGCs to higher order statistics has been investigated, showing that RGCs are only mildly39

influenced by skew and kurtosis (Bonin, Mante, and Carandini, 2006; Tkačik et al., 2014). The RGCs40

of salamanders and rabbits adapt to correlated full-field flicker, negatively correlated checkerboard41

stimuli and oriented bars (Hosoya, Baccus, and Meister, 2005). Adaptation to motion statistics has42

been shown using moving gratings (Ölveczky, Baccus, and Meister, 2007) and parameterized mo-43

tion clouds (Ravello et al., 2019). However, it is not known whether and how the retina adapts its44

processing between stimulationwith noise stimuli and natural scenes. Noise stimuli are often used45

to characterize retinal computation experimentally. How much we can learn about retinal com-46

putation under natural conditions from white noise stimulation depends on whether the retina47

adapts between stimulus statistics.48

One approach to investigating adaptation in RGCs is through training predictive models on dif-49

ferent stimulus statistics and comparing the resulting model parameters. Linear-nonlinear (LN)50

models, which have been used in most of the aforementioned adaptation studies are a well estab-51

lished model for linearly characterizing RGC responses (Marmarelis and Naka, 1972; Korenberg52

and Hunter, 1986; Sakai, Ken-Ichi, and Korenberg, 1988; Chichilnisky, 2001; Pillow et al., 2008).53

However, they cannot capture non-linear computations such as contrast adaptation, motion an-54

ticipation and omitted stimulus response (Schwartz, Harris, et al., 2007; Schwartz, Okawa, et al.,55

2012; Kastner and Baccus, 2014; Karamanlis and Gollisch, 2021; Maheswaranathan et al., 2023).56

These limitations have been addressed through augmenting such models with non-linear, yet in-57

terpretable features that capture responses more accurately (Baccus, Ölveczky, et al., 2008; McFar-58

land, Cui, and Butts, 2013; Liu et al., 2017; Shi et al., 2019; Sridhar et al., 2024).59

More recently, deep learning models, particularly convolutional neural networks (CNNs), have60

emerged as a tool for predicting RGC responses, outperforming LNmodels (Batty et al., 2016; McIn-61

tosh et al., 2017). Besides improving prediction accuracy, CNNs also facilitated new insights into62

retinal cell types (Hoefling et al., 2022), and have helped develop mechanistic theories of how non-63

linear computations in the retina are implemented (Tanaka et al., 2019; Maheswaranathan et al.,64

2023). While LN models have been challenged for their often poor response prediction to natural65

stimuli (Heitman et al., 2016; McIntosh et al., 2017), CNNs can predict responses to natural stimuli66

well (Batty et al., 2016; McIntosh et al., 2017; Hoefling et al., 2022).67

Whether models trained on one stimulus capture aspects of processing on the other stimulus68

has been the subject of recent studies. In V1, it has been shown that models trained on naturalistic69

movie stimuli generalize well to white noise (Sinz et al., 2018) but not the other way around (David,70

Vinje, and Gallant, 2004; Sinz et al., 2018). In the context of the retina, poor generalization from71

white-noise to naturalistic movies has been reported (Heitman et al., 2016; McIntosh et al., 2017),72

which has been attributed to white noise lacking many important statistical features of natural73

scenes and therefore not revealing important nonlinear computations (Maheswaranathan et al.,74

2023). However, a systematic study of generalization abilities across stimuli and model types in75

the retina is currently missing.76

In this paper, we study combinations of models and stimuli of various complexity to establish77

how suitable they are for modeling RGC responses and to quantify the extent to which the retina78

adapts to stimulus statistics by assessing how well models generalize. Specifically, we first train79

and evaluate LN and CNNmodels across white noise and naturalistic movie stimuli. We show that80

LN models can perform reasonably well on both noise and movie stimuli, even without the ability81

to capture non-linear characteristics and that non-linear multi-layer CNNs show better predictive82

capabilities across species and stimuli. Secondly, we investigate whether training on one of the83

stimulus types is sufficient for the model to generalize to the other and, if so, at which model84

complexity. We find that the retina adapts to the stimulus statistics, as in neither case do the85

models reach in-domain performance: themodel trained and evaluated on the same stimulus type86

always outperforms the one trained on one stimulus type and evaluated on the other. Interestingly,87

we find that generalization works better frommodels trained on white noise to naturalistic movies88

than the other way around.89
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Figure 1. We present white noise (WN) or naturalistic movie (NM) stimuli to a retina while recording ganglioncell responses using a multielectrode array. We train a predictive model (LN and CNN models) to predict theaverage spike count of all neurons given the stimulus in a time window preceding the prediction.

To shed light on how the adaptation is realized, we compare non-linear processing across stim-90

ulus statistics by synthesizing optimal stimuli for the CNN models. We find systematic differences91

across different cell types, showing that the center size of the optimal stimulus increases and the92

surround becomes more pronounced when modeling responses to naturalistic movies compared93

to white noise. Both of these changes are a sign of retinal adaptation to stimulus statistics, with94

the more pronounced surround for natural scenes following the prediction of the efficient cod-95

ing hypothesis, which postulates that retinal processing should remove the correlations in natural96

stimuli to reduce redundant information before transmitting it to the brain through the bottleneck97

of the optic nerve (Barlow, 1961; Linsker, 1988; Atick and Redlich, 1992).98

Results99

We analyzed the activity of marmoset (Callithrix Jacchus) and salamander (Ambystoma Mexicanum)100

retinal ganglion cells (RGCs) in response to white noise (WN) and naturalistic movie (NM) visual101

stimuli using microelectrode arrays (Fig. 1). We will refer to these stimuli simply as “noise” and102

“movies”. Our datasets contained the activity of 327 RGCs across three marmoset retinas which103

were shown both movie and noise stimuli, and the activity of 236 RGCs across five salamander104

retinas which were shown only noise stimuli. We selected these cells based on the reliability of105

their responses and included only those cells in the analysis for which at least 15% of the total106

response variance could be attributed to the stimulus. Further details on the methods can be107

found in the Methods section.108

We split our stimuli into non-repeating, unique sequences used for training models (“training109

set”) and a smaller number of repeated segments for evaluating the finalmodel performance (“test110

set”). A sequence of a non-repeating segment followed by a repeated segment comprised a “trial”.111

In our data we showed 10 to 248 stimulus trials to the retina. The non-repeating segment had 50–112

300 seconds, the repeating segment 10–60 seconds depending on the stimulus type and species.113

We trained Linear-Nonlinear (LN) and Convolutional Neural Network (CNN) models to predict114

the neural responses in these datasets. To evaluate our models’ performance, we computed the115

correlation coefficient between the predicted spike counts and trial-averaged neuronal response116

on the test segments (Eq. 3).117

LN models can predict responses to white noise as well as natural movie stimuli118

LNmodels are a standard way of modeling RGC responses to white noise. We start by establishing119

their predictive performance not only on white noise but also on natural movie stimuli to find out,120

whether they are able to predict RGC responses to movie stimuli and to serve as a baseline for121
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Figure 2. A. Basic LN model architecture without any of the regularization methods applied. B. Greenoutlines show how the LN model kernels change based on the regularization methods – spatial-crop (SC)
temporal-crop (TC), space-time separation (S-T), Gaussian fit (GF). C. Performance comparison betweennon-regularized LN and one with the best combination of regularizers (inductive biases). D.–F. Each colouredcircle represents the difference that adding the inductive bias on the x-axis makes in performance whenkeeping all other constant. The black dots are the mean improvement for a given inductive bias over all thescenarios. G. Each circle is a single model’s performance vs. the number of parameters it has.

more complex non-linear models in our analyses. The LNmodels learned a linear spatio-temporal122

filter capturing the neuron’s linear receptive field. To obtain the neurons’ spiking responses, we123

took the inner product between the stimulus and this linear filter and applied a standard softplus124

nonlinearity (Fig. 2A).125

A simple way of obtaining the linear filters for white noise stimuli is spike-triggered averaging126

(STA), which we used for the noise stimuli models. For natural movie stimuli, STA does not recover127

the correct filter because of the correlations within the stimuli. We therefore fit the LN model128

directly using maximum likelihood estimation by stochastic gradient descent on naturalistic movie129

stimuli.130

This basic LNmodel architecture resulted in 0.09median (IQR 0.05–0.17) correlation (Eq. 3) over131

cells on salamander noise data, 0.17 (IQR 0.1–0.24) of median correlation over cells on marmoset132

noise data and 0.37 of median (IQR 0.17–0.55) correlation over cells on marmoset movie data. The133

marmoset movie models performed notably better, presumably because a larger fraction of the134

response variance to natural movies is caused by local brightness fluctuations, which are captured135

well by a linear model.136

We suspected the poor performance of these basic LN architectures to be caused by overfit-137

ting, as they have too many parameters for the given amount of recorded data. To prevent overfit-138

ting, we turned to regularization – reducing the number of parameters or adding smoothing priors139

restricting the values of the parameters. We used various regularization techniques on the LN140

models to improve performance. All of them can be viewed as inductive biases that we impose141

on our model based on known properties of RFs. We examined how strongly the different regu-142
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larization methods affect the performance, namely: (1) spatial-crop (SC): cropping of the model’s143

spatial weights to the neurons STA-based receptive fields, (2) temporal-crop (TC): cropping temporal144

weights to the STA-based RF, (3) space-time separation (S-T): decomposing the spatio-temporal filter145

into separate spatial and temporal filters, and (4) Gaussian fit (GF): fitting a two-dimensional Gaus-146

sian to the spatial component of the space-time separated filter of the models (Fig. 2B). For noise147

stimuli, the Gaussian fit was done on the STA, for movies we fit the parameters of a Gaussian using148

gradient descent from scratch. We added an additional inductive bias on top of the regularization149

techniques. We (5) modified the final default softplus non-linearity by adding learnable parame-150

ters to it: parameterized non-linearity (PNL) (Eq. 1), allowing the model to learn a more nuanced151

relationship between linear filter output and spiking response.152

On all datasets, we drastically improved performance by adding combinations of the inductive153

biases (1)–(5) to the models (Fig. 2C). The best resulting model on salamander noise data incor-154

porated all inductive biases and reached a median correlation of 0.41 (IQR 0.25–0.52) which is155

0.32 points better than the unregularized model. For the marmoset data, models incorporating all156

inductive biases except temporal cropping performed best. While temporal cropping did not im-157

prove performance when all other biases were employed, it also did not reduce it significantly. The158

best model for the noise stimulus improved from the baseline median correlation of 0.17 to 0.54159

(IQR 0.34–0.65). For themovie stimulus, the best model strongly improved from a baselinemedian160

correlation of 0.37 to 0.68median (IQR 0.55–0.76). Thus, the LNmodels are decent predictive mod-161

els for both noise and movie stimuli when properly regularized. The complete tables of results for162

the given species and stimulus combinations can be found in the Appendix in Tab. 4–Tab. 6.163

We also examined how each single bias (1)–(5) improved the performance of LN models. For164

this, we calculated the difference between the performance of twomodels, one with and one with-165

out applying a given bias while all other biases were the same between the two models. We found166

that all biases improved performance across species and stimulus-types at least in certain combi-167

nations (Fig. 2D–F). For salamander noise, spatial cropping, space-time separation and Gaussian168

fitting are all effective regularization methods. Marmoset noise models mostly benefit from space-169

time separation and also Gaussian fits and spacial cropping. Marmoset movie models mostly ben-170

efit from a parameterized non-linearity.171

The effect of specific methods varies depending on what other inductive biases methods are172

already present. For all species and stimulus types, reducing the overall number of parameters173

is the most important factor, whereas the specific method of parameter reduction not as critical174

(Fig. 2G).175

Non-linear CNNs improve predictive performance176

Based on the results in the previous sections, we saw that reducing the number of parameters177

boosts performance. While we explored a range of regularization techniques on the level of sin-178

gle cell models, another possibility is to use a different model design which allows us to model a179

population of neurons simultaneously. In such a case a portion of the parameters does not have180

to be learned for each neuron individually, but can be shared by all neurons. To achieve this, we181

used CNN models with a core-readout architecture (Fig. 3A). Such models have been used success-182

fully in V1 as well as for RGCs cell prediction (McIntosh et al., 2017; Klindt et al., 2017; Lurz et al.,183

2021; Hoefling et al., 2022; Maheswaranathan et al., 2023). They consist of one or more layers of184

convolutions – the core – which creates a feature space shared by all neurons. The readout then185

allows each neuron to learn its receptive field position in this feature space and weight the shared186

features at this position (Fig. 3A).187

Wefirst built an LNmodel in this fashion which we refer to as a population LNmodel. It has only188

one space-time separated convolutional layer in the core directly followed by the readout. The only189

non-linearity is at the very end after the readout. Since there are no non-linearities between the190

spatial and temporal convolutions and between core and readout, this model is effectively an LN191

model as well, with the restriction that the linear filter is constructed as a linear combination of a192
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basis set shared by all themodeled cells. We trained this model end-to-end for all three of the data193

types and found that in all three cases, a population LN outperformed the best regularized single194

cell LN model, improving from median correlation of 0.39 (IQR 0.23–0.54) to 0.45 (IQR 0.31–0.58)195

on salamander noise, from 0.52 (IQR 0.32–0.64) to 0.56 (IQR 37–68) on marmoset noise and from196

0.67 (IQR 0.55–0.76) to 0.72 (IQR 0.62–0.8) on marmoset movies (Fig. 3B–D).197

While the predictive performance of the LN and population LN models is good, there remains198

a substantial gap to predicting the RGCs responses perfectly. So far we tried to improve perfor-199

mance by regularizing linear models. However, numerous studies show that the retina performs200

non-linear computations (Baccus, Ölveczky, et al., 2008; Gollisch and Meister, 2010; Kastner and201

Baccus, 2014; Kuo, Schwartz, and Rieke, 2016; Turner and Rieke, 2016; Karamanlis and Gollisch,202

2021). To push performance further, we therefore moved beyond LN models and implemented203

models with multiple non-linearities allowing them to learn these non-linear computations. The204

core-readout CNN model structure allowed us to easily incorporate the non-linearities, placing205

them after each space-time convolutional layer within the core and between the core and the206

readout. We implemented networks of various depths to establish the complexity that yields the207

highest performance and establish benchmarks at multiple complexity levels. Our CNNs ranged208

from one to four layers.209

The complexity of the CNN architecture, particularly the number of layers and subsequent non-210

linearities, directly impacted performance (Fig. 3B–D). Models with a single non-linearity after the211

core already demonstrated a significant improvement, indicating the value of non-linear process-212

ing in these predictive tasks and thus in the retinal processing. As the number of layers – and213

therefore also, the number of non-linear transformations – increased, we observed a correspond-214

ing increase in performance. For salamander data, the performance kept increasing up to four215

layers to 0.71 median (IQR 0.55–0.8) correlation across cells. For marmoset data, performance216

saturated at three layers at 0.83 median (IQR 0.7–0.86) correlation across cells for noise and 0.83217

median (IQR 0.77–0.86) correlation across cells for movies. This trend suggests that the depth of218

the network, which relates to its ability to form more complex representations and feature hierar-219

chies, is a critical factor in achieving accurate predictions of ganglion cell responses. Notably, the220

performance gain between linear and non-linear models on naturalistic movies is smaller than on221

white noise.222

Retinal ganglion cells adapt their RFs to stimulus statistics223

We have established that LNmodels andmore so CNNs are able to predict RGCs responses to both224

noise and movies with high accuracy mimicking retinal computations under the given stimulus225

statistics. We next asked, whether these computations are adapted specifically to the stimulus226

statistics. To do so, we tested how well do models trained on one stimulus predict the activity of227

RGCs in response to the other. Should the models maintain their predictive performance across228

both stimuli, it would imply that the retinal computations are universal, without specific adaptation229

to the type of stimulus. If prediction accuracy is maintained in only one direction, it would suggest230

that the given training stimulus encompasses amore universal set of features, capable of capturing231

aspects of both stimulus types. If model generalization is unsuccessful in both directions, it would232

indicate a tailored adaptation of the RFs to the unique statistics of each stimulus.233

For this analysis, we used the marmoset data where have recorded the same neurons under234

both stimulus conditions and trained all models included in this analysis on the same amount of235

noise or movie data. We took models trained on one of the stimuli and evaluated them on the236

other in two scenarios. The first scenario we evaluated was unadapted prediction on the other237

stimulus, meaning we evaluated the model directly on the stimulus it has not seen during training238

(Fig. 4). Under these conditions, neither stimulus ensemble allowed models to reach in-domain239

performance on the other stimulus (Fig. 4A,B; white vs. colored bars). This was true across all240

models, but the gap was larger for the CNNmodels than the LNmodels. These results suggest that241

the processing of the neurons adapts to the stimulus statistics, and the adaptation is strongest for242
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the non-linear response properties, as they do not generalize across stimulus statistics.243

Next we asked whether the features learned by the shared core generalized across stimulus244

statistics, and only the way they are combined changes. To test this idea, we allowed the models245

to adapt their linear readout. To do so, we kept the core fixed and fine-tuned the weights of the246

readout and the output non-linearity on the other stimulus (Fig. 4). Adapting the readout improved247
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generalization from movies to noise somewhat, but still a fairly large gap remained (Fig. 4A). In248

contrast, the model trained on noise generalized fairly well to movies when allowing the readout249

to adapt (Fig. 4B), almost closing the gap for the LN model. This latter result suggests that while250

the linear filters change across stimulus statistics, the basis set learned fromwhite noise spans the251

space required to predict movie data.252

We now ask how the computations of the RCGs change with stimulus statistics. For this analy-253

sis, we used a subset of the cells which we could classify as OFF midget and OFF parasol cells. We254

synthesized most exciting inputs (MEIs) using the three-layer CNNs trained on noise and movies,255

respectively (Fig. 5). MEIs characterize the receptive field of non-linear neurons by revealing the256

stimulus to which they are most sensitive (Walker et al., 2019; Hoefling et al., 2022). MEIs were ap-257

proximately space-time separable, andwe focused on their spatial component (Fig. 5A). The spatial258

component of the MEI changed in two ways: First, the receptive field centers were systematically259

larger for movies than for noise (Fig. 5B). Second, the surround was much more pronounced un-260

der the movie stimulus than for noise (Fig. 5C). Parasol cells exhibited no surround at all under261

noise stimulation. Midget cells did show a weak surround, but it was approximately one order of262

magnitude smaller than for movies.263

Discussion264

In this paperwe showed that a range of carefully optimizedmodels ranging fromLN to CNNmodels265

give rise to different response functions depending on which stimulus ensemble – white noise or266

natural scenes – they are trained on.267

A number of previous studies have argued for using natural scenes to study visual processing,268

becausemodels trained onwhite noise stimuli do not generalize well to naturalmovie inputs (McIn-269

tosh et al., 2017; Sinz et al., 2018; Heitman et al., 2016) anddonot predict crucial non-linear features270

of retinal processing, such as contrast adaptation, motion extrapolation and omitted stimulus re-271

sponse (Maheswaranathan et al., 2023). Our results differ from and add to these earlier results in272

several ways:273

First, also in our hands, models trained on noise do not perform as well on movies as models274
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trained directly on movies. However, unlike in the work by Heitman et al. (2016) the gap is fairly275

small for LN models. In contrast, for the more non-linear CNNs the gap widens, suggesting that276

whatever non-linear processing the CNNs capture is not shared between noise andmovie stimulus277

context.278

Second, the converse effect is also true: Training only on movies does not allow to accurately279

predict how RGCs respond to noise. This finding is in contrast to work in primary visual cortex,280

where the generalization frommovies to noise was substantially better than from noise to movies281

(Sinz et al., 2018). However, we note that one should be careful with interpreting such numbers.282

Overall, responses to movies were better predicted in our data than responses to noise, presum-283

ably becausemovies contain stronger local luminance fluctuations, which are “easy” to predict and284

account for a larger fraction of the total variance than for noise stimuli. Thus, absolute differences285

in predictive performance may not be very meaningful.286

Generally, metrics based on explained variance are somewhat difficult to interpret. While they287

are 1 if and only if one has a perfect model, differences in explained variance do not necessarily tell288

us how interesting this explained variance is. For instance, non-linear features of retinal process-289

ing, such as contrast adaptation, motion extrapolation and omitted stimulus response (Schwartz,290

Harris, et al., 2007; Schwartz, Okawa, et al., 2012; Kastner and Baccus, 2014; Maheswaranathan291

et al., 2023) are clearly important, but since they do not occur frequently in natural scenes, cor-292

rectly accounting for them will provide only small improvements in terms of explained variance.293

Despite this, quantitative metrics are still important: Maheswaranathan et al. (2023) showed that294

models trained on white noise do not capture several interesting non-linear response properties,295

while models trained on movies do. It would be tempting to conclude that using movie stimuli is296

somehow superior. What quantitative evaluation shows us is that generalization does not work297

in either way. Simply because we may not have identified any interesting properties of neuronal298

responses that are not predicted from training on movies, this does not mean they do not exist.299

As of now, it appears that neither stimuli is “superior” – processing simply adapts to the stimulus300

statistics and we do not yet have a constructive, low-parametric or even parameter-free model of301

this adaptation.302

Our results point towards the possibility that the efficient coding hypothesismay at least in part303

account for this adaptation. The lack of a surround in the receptive fields during stimulation with304

white noise is consistent with there not being a necessity for whitening, because the stimulus is al-305

ready white. During stimulation with natural movies, in contrast, we observed amore pronounced306

surround, consistent with the whitening filter changing based on the input statistics.307

The interpretation of the increased center size is less clear. While the natural movie stimuli are308

around 25% darker on average than the white noise, this decrease in luminance is unlikely to fully309

account for the lower cutoff frequency of the lowpass component of the filter predicted by Atick310

and Redlich (1992).311

The larger center size could be caused by other factors, including the inductive bias of the mod-312

els favoring lower-frequency solutions given that the natural movies have little high-frequency con-313

tent in comparison with white noise. One inductive bias of the CNN-based models is that their fil-314

ters are often regularized to be smooth by penalizing nearby filter value differences with a Laplace315

filter. However, turning off this regularization did not change the results, suggesting that it is not316

the cause for the larger filters under natural movie stimulation. There could be implicit biases317

imposed by factors such as model architecture (convolution) or learning algorithm (stochastic gra-318

dient descent) that may favor convergence to lower-frequency solutions in a non-convex optimiza-319

tion problem. However, we also observed the increased size of the center in single-cell LN models,320

which represent a convex optimization problem, suggesting that implicit inductive biases of com-321

plex CNN-based models are unlikely to be a sufficient explanation.322

One potentially relevant aspect of the dataset is that the natural movies were jittered from323

frame to frame to simulate fixational eye movements. As this jitter is independent from frame324

to frame, it may act as an effective lowpass filter on the stimulus if the neurons cannot resolve it325
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temporally. The standard deviation of this fixational noise was 15µm. This factor could contribute326

to further removing high-frequency content from the natural movie stimulus which could account327

for smoothing the receptive fields.328

In conclusion, our results show that retinal processing adapts between the stimulus statistics329

of natural scenes and white noise. While some of this adaptation is at least qualitatively consistent330

with efficient coding, it cannot fully account for all results. Making the link between theory and data331

more quantitative by combining normative modeling with parameter fitting as well as developing332

new theories that capture a broader range of phenomenology would be an exciting avenue for333

future research.334

Methods335

Data336

Salamander Data337

We used five datasets from adult axolotl salamander retinas, each comprising the responses of338

retinal ganglion cells to spatiotemporal white-noise stimuli measured using microelectrode ar-339

rays (MEAs). The stimuli were structured into trials, with each trial consisting of a 50-second non-340

repeating training segment followed by a 10-second test segment that was repeated across trials.341

A total of 39 to 248 trials were recorded per dataset. The acquisition of these five datasets has been342

previously described in Liu et al., 2017 and they are publicly available (Gollisch and Liu, 2018).343

Marmoset data344

We also used three datasets recorded using microelectrode arrays from the retinas of adult com-345

mon marmosets (Callithrix Jacchus). Each dataset consisted of responses of retinal ganglion cells346

under white-noise and naturalistic movie stimulation. Each trial of the white noise stimulus con-347

sisted of 150 seconds of non-repeating frames and 30 seconds of repeating frames, whereas each348

trial of the naturalistic movie stimulus consisted of 300 seconds of repeating frames and 60 sec-349

onds of non-repeating frames. The stimuli were shown at a frame rate of 85 Hz. All three datasets350

contained responses to the same 10 trials of the white-noise stimulus. Dataset 1 and Dataset 3351

contained 20 trials of the naturalistic movie stimulus, whereas Dataset 2 contained 10 trials. The352

aquisition and preprocessing of all datasets was done in the same way, as described for Dataset 1353

in Sridhar et al. (2024).354

Cell selection355

Only cells with reliable responses to the stimuli were used for the analysis. The reliability of the cells356

was determined based on the fraction of explainable variance (Heitman et al., 2016; Cadena et al.,357

2019) in each cell’s responses to the repeating segments of the stimuli across trials. All cells that358

exceeded a threshold of 0.15 were used for further analysis. In the case of the marmoset datasets,359

we retained all cells which exceeded this threshold for white-noise and naturalistic movie stimuli.360

This left us with 267 reliable cells from the salamander retinas and 236 reliable cells across Dataset361

1 and Dataset 2 of the marmoset retinas. All cells in Dataset 3 were deemed unreliable on the362

white-noise stimulus. Therefore, we used 91 cells that responded reliably to the naturalistic movie363

stimulus and used this dataset only for experiments on naturalistic movies.364

Cell classification365

In order to study specific differences in the characteristics of receptive fields learned from different366

models, we used the cell-type classification provided along with the marmoset Dataset 1 ((Sridhar367

et al., 2024)). In particular, we used the OFF midget and OFF parasol cell clusters. The clusters368

were obtained by grouping cells based on their receptive field and response characteristics using369

a semi-automated approach.370
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LN models371

White noise LN model filters372

Filters for each cell for the white-noisemodel were estimated using spike triggered averaging (STA).
We calculated the STA as

STA = 1
𝑁

∑

𝑥𝑡−𝛿∶𝑡 ⋅ 𝑦𝑡

where 𝑥𝑡 is the frame presented at time 𝑡, 𝑦𝑡 is the spike-count recorded at time-point 𝑡 and𝑁 is the373

recorded number of spikes. To this baseline filter, we then apply the following inductive biases:374

• Spatial and Temporal Cropping around receptive field – The original STA has size 60x60 pixels375

spatially and 25 frames temporally for salamander and 40x40 pixels spatially and 30 frames376

temporally for marmoset. These size are able to capture the complete receptive field both377

spatially and temporally. However, such large crops mean a lot of parameters need to be378

fit and lead to overfitting. Therefore, we cropped more tightly around the receptive field379

to reduce the number of parameters. Specifically, we used crop sizes 20x20 pixels and 15380

frames for salamander and 15x15 pixels and 20 frames for marmoset.381

• Space-time separation – To get a space-time separationwe calculate the STA as above. We then382

computed the singular value decomposition (SVD) and used the first resulting decomposition383

kernels as the spatial and temporal filters.384

• Gaussian fit – Another way to reduce the number of parameters and prevent over-fitting is385

fitting a Gaussian to the spatial filter of the LN model. We estimated the spatial filter as386

described in space-time separation and then fitted a 2D Gaussian to it. The values that are387

further away from the mean than two standard deviations were set to zero. The temporal388

filter remains the same as in the space-time separated version.389

• parameterized non-linearity – As the default output non-linearity, we used the softplus func-390

tion. This can be parameterized by adding learnable parameters 𝛼, 𝛽 and 𝛾 as follows:391

𝑠𝑜𝑓𝑡𝑝𝑙𝑢𝑠(𝑥) = 𝛼 ⋅ log(1 + exp(𝛾 ⋅ 𝑥 + 𝛽)) (1)
where 𝑥 is the input. We optimized these parameters using Poisson loss Eq. 2 between pre-392

dicted firing rate 𝑝 and recorded firing rate 𝑟 using stochastic gradient descent.393

Naturalistic movie LN model filters394

Natural movie stimulus is not space and time independent. We therefore estimated the whole LN395

model filter learning it end-to-end, minimizing the Poisson loss (Eq. 2) between recorded firing rate396

𝑟 and the predicted firing rate 𝑝 using stochastic gradient descent. We applied the same biases as397

for the white noise model filters with the following differences:398

• Spatial and Temporal Cropping – The original STA had size 40x40 pixels spatially and 30 frames399

temporally. We cropped tightly around the receptive field. Specifically, we used 15x15 pixels400

and 20 frames, same as crops for marmoset noise models.401

• Gaussian fit –We randomly initialized the temporal filter and themean and covariancematrix402

of a non-isotropic Gaussian. The Gaussian then parameterized the spatial component of the403

filter. We trained all the learnable parameters using stochastic gradient descent.404

𝐿(𝑟, 𝑝) =
𝑁−1
∑

𝑐=0
𝑝𝑐 − 𝑟𝑐 ⋅ log(𝑝𝑐 + 𝜀) (2)

Training405

For all parameters that were optimized with stochastic gradient descent in LNmodels, we used the406

following training scheme. We split the trials in our datasets into 80% train and 20%validation splits.407

We randomly initialized the learnable parameters, and updated them by minimizing the Poisson408

loss (Eq. 2) between predicted 𝑝 and recorded 𝑟 response values. We trained on the training trials409
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Salamander
on WN

Spat. in-
put kernel

Temp. in-
put kernel

Spat. hid-
den kernel

Temp. hid-
den kernel

Spat. di-
lations

Channels
Population LN 17 25 - - 1 16
CNN 1 17 25 - - 1 64
CNN 3 11 25 5 5 1, 2, 2 16, 32, 64
CNN 4 11 25 9 5 1, 1, 1, 1 8, 16, 32, 64

Table 1. Best model hyperparameters for models trained on salamander RGC responses to noise

Marmoset on
WN

Spat. in-
put kernel

Temp. in-
put kernel

Spat. hid-
den kernel

Temp. hid-
den kernel

Spat. di-
lations

Channels
Population LN 27 35 - - 1 32
CNN 1 27 35 - - 1 32
CNN 3 21 35 3 5 1, 1, 1 16, 32, 64
CNN 4 25 25 3 5 1, 1, 1, 1 8, 16, 32, 64

Table 2. Best model hyperparameters for models trained on marmoset RGC responses to noise

for up to 1000 epochs, with early stopping when validation correlation (Eq. 3) has not increased for410

30 epochs. The initial learning rate was 0.003 and we employed the Pytorch ReduceLROnPlateau411

learning rate scheduler with a patience of 15 on the validation correlation with minimal learning412

rate of 0.000001. The optimizer we used was Adam (Kingma and Ba, 2017).413

Evaluation414

We report the final performances of the best models based on validation correlation by calculating415

the correlation coefficient for a given RGC 𝑐 (Eq. 3) between the predictions 𝑝𝑐 and the trial averaged416

firing rates ⟨𝑟𝑐⟩ on the held-out test sequence with length 𝑇 .417

𝐶𝐶𝑐 =
∑𝑇

𝑡=0(⟨𝑟
(𝑡)
𝑐 ⟩ − ⟨𝑟̄⟩)(𝑝(𝑡)𝑐 − 𝑝̄)

√

∑𝑇−1
𝑡=0 (⟨𝑟

(𝑡)
𝑐 ⟩ − ⟨𝑟̄⟩)2

√

∑𝑇−1
𝑡=0 (𝑝

(𝑡)
𝑐 − 𝑝̄)2

(3)

CNNmodels418

Architecture419

We trained multiple models of various depths. All of them had a similar core + readout structure420

as in Hoefling et al. (2022). The core consisted of a varying numbers of layers of space-time sepa-421

rated convolutions. After each spatio-temporal convolution we applied an Exponential Linear Unit422

(ELU) non-linearity (Clevert, Unterthiner, andHochreiter, 2015) and abatch normalization (Ioffe and423

Szegedy, 2015). We used different optimal hyper-parameters for each of the CNN depth, species424

and stimulus type combination. The best hyperparameter values are in Tab. 1 – Tab. 3. The kernels425

of the first layer are smoothed adding a 2D (3x3 pixels) Laplace filter in the spatial dimensions and426

a (1x3 pixels) 1D Laplace in the temporal dimension. In contrast to (Hoefling et al., 2022) temporal427

kernels were not parameterized as Fourier series but optimized directly. In the readout, each cell’s428

RFwasmodeled as an isotropic Gaussian fromwhichwe sample at training time and take themean429

at inference time. The response function was modeled as an affine function of the core’s weighted430

feature maps at the RF positions, followed by a parameterized softplus (Eq. 1). The feature map431

weight vector was regularized using L1-norm .432

The architectural feature which seemed most significant with respect to good model performance433

was making the first layer spatial and temporal kernels larger relative to those in subsequent lay-434

ers. Presumably because the large kernel allows the models to capture the whole RF, including the435

surround. Regularization on the other hand did not have a large effect on model performance.436
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Marmoset on
NM

Spat. in-
put kernel

Temp. in-
put kernel

Spat. hid-
den kernel

Temp. hid-
den kernel

Spat. di-
lations

Channels
Population LN 27 35 - - 1 32
CNN 1 25 35 - - 1 32
CNN 3 21 35 5 3 1, 1, 1 16, 32, 64
CNN 4 17 27 3 5 1, 1, 2, 3 8, 16, 32, 64

Table 3. Best model hyperparameters for models trained on marmoset RGC responses to movies

437

Training438

We split the trials in the datasets in the same way as for the LN models into 80% train and 20%439

validation splits. We trained the CNNs minimizing Poisson loss (Eq. 2) on the training trials for up440

to 1000 epochs, with early stopping when correlation on the validation trials has not increased for441

50 steps. The initial learning rate was 0.008 for natural movies and 0.006 for white noise and we442

employed the ReduceLROnPlateau learning rate scheduler from Pytorch with a patience of 15 on443

the validation correlation and minimal learning rate of 0.000001. The optimizer was Adam (Kingma444

and Ba, 2017).445

Evaluation446

For each complexity level i.e. number of layers, we selected the bestmodel based on the estimated447

validation correlation and report its final performances by calculating the correlation coefficient448

(Eq. 3) between the model predictions 𝑝 and the trial averaged responses ⟨𝑟⟩ of the held-out test449

sequence of the dataset.450

Cross-stimulus evaluation451

To evaluate cross stimulus generalization, we used the marmoset datasets Dataset 1 and Dataset 2,452

which contain responses to both white noise and natural movie stimuli of the same cells. We used453

only 5 trials of natural movie data from both of the datasets when training models for this analysis454

to match the white noise dataset size. In the unadapted setting models, trained on one stimulus455

type, were directly applied to the other to assess correlation between predicted and recorded spike456

counts. In the adapted readout setting, the readout weights and final non-linearity parameters of457

models trained on one stimulus were adjusted by training on the other stimulus, following the458

same procedure as initial training.459

MEI optimization460

We optimized spatio-temporal MEIs based on (Walker et al., 2019) using the trained CNN models461

with frozen weights. For eachmodelled RGC 𝑐 we synthesized an input 𝑥𝑐 such that 𝑥𝑐 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑥(𝑟𝑐)462

where 𝑟𝑐 is the predicted activation for cell 𝑐. Starting from a random Gaussian noise with mean 0463

and standard deviation 0.1, we updated the input 𝑥 using stochastic gradient descent. Throughout464

the optimization, 𝑥was kept under a total L2 normbudget of 5 and the single element values within465

a [-1, 1] range not to exceed the range of the original stimulus values.466

RF size estimation467

To get the center size and surround amplitude of the RF of a given cell, we took its MEI and space-468

time separated it using singular value decomposition. We then took the spatial part of the MEI and469

fitted a difference of Gaussians (DoG) using scipy.optimizewithmean squared error loss function470

and an initial guess of 𝐴𝑐 = 1, 𝜎2
𝑐𝑥 = 1, 𝜎2

𝑐𝑦 = 1, 𝐴𝑠 = 0.5, 𝜎2
𝑠𝑥 = 2, 𝜎2

𝑠𝑦 = 2 where 𝐴𝑐(𝐴𝑠) is the center471

(surround) amplitude and 𝜎2
𝑐𝑥(𝜎

2
𝑠𝑥) and 𝜎2

𝑐𝑦(𝜎
2
𝑠𝑥) the variances of the center (surround) Gaussians in472

pixel space. We applied a positivity constraint on the variances of both Gaussians and enforced473
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that both have the same amplitude sign. We established the center size 𝑆 as 𝑆 =
√

𝜋 ∗ 𝜎𝑐𝑥 ∗ 𝜎𝑐𝑦.474

The surround strengthwas taken from the DoG-parameterized spatial component of the MEI as the475

lowest negative value if center amplitude was positive and the highest positive value if the center476

amplitude was negative.477
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Appendix480

LN model version Per cell avg Avg R1 R2 R3 R4 R5
SC TC S-T PNL GF
X X X X X 0.1 0.09 0.17 0.08 0.07 0.06 0.08
✓ X X X X 0.22 0.21 0.3 0.2 0.19 0.18 0.18
X ✓ X X X 0.12 0.11 0.2 0.09 0.09 0.07 0.08
✓ ✓ X X X 0.23 0.23 0.32 0.22 0.21 0.19 0.19
X X ✓ X X 0.2 0.19 0.32 0.19 0.16 0.14 0.15
X X ✓ ✓ X 0.23 0.21 0.36 0.2 0.16 0.12 0.19
✓ X ✓ X X 0.3 0.29 0.4 0.3 0.26 0.25 0.25
X ✓ ✓ X X 0.2 0.19 0.32 0.18 0.17 0.15 0.14
✓ X ✓ ✓ X 0.36 0.35 0.47 0.36 0.29 0.25 0.3
X ✓ ✓ ✓ X 0.24 0.21 0.37 0.21 0.16 0.14 0.17
✓ ✓ ✓ X X 0.3 0.29 0.4 0.3 0.28 0.25 0.25
✓ ✓ ✓ ✓ X 0.37 0.34 0.48 0.36 0.3 0.26 0.27
X X ✓ ✓ ✓ 0.38 0.36 0.48 0.37 0.32 0.3 0.34
✓ X ✓ ✓ ✓ 0.38 0.36 0.48 0.36 0.32 0.3 0.33
X ✓ ✓ ✓ ✓ 0.39 0.37 0.49 0.37 0.34 0.31 0.33
✓ ✓ ✓ ✓ ✓ 0.39 0.36 0.48 0.37 0.34 0.31 0.32

Table 4. LN model for white noise salamander. Mean LN model performance on white-noise salamanderdata with different combinations of inductive biases. SC stands for spatial-cropping, TC for temporal crop, S-Tfor space-time separation, PNL for parameterized non-linearity and GF for Gaussian fit. X means inductivebias was not applied, ✓means it was applied. Columns R1 – R5 refer to the five different datasets. Per cell avgis the average over all cells in all five datasets. Avg is the average over datasets.

481

482

483
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LN model version Per cell avg Avg Dataset 1 Dataset 2
SC TC S-T NL GF
X X X X X 0.18 0.17 0.19 0.15
✓ X X X X 0.31 0.3 0.33 0.27
X ✓ X X X 0.2 0.19 0.21 0.17
✓ ✓ X X X 0.33 0.32 0.34 0.29
X X ✓ X X 0.4 0.33 0.37 0.28
X X ✓ ✓ X 0.36 0.33 0.4 0.27
✓ X ✓ X X 0.44 0.37 0.46 0.28
X ✓ ✓ X X 0.34 0.32 0.36 0.28
✓ X ✓ ✓ X 0.49 0.47 0.54 0.39
X ✓ ✓ ✓ X 0.35 0.33 0.39 0.27
✓ ✓ ✓ X X 0.43 0.42 0.45 0.38
✓ ✓ ✓ ✓ X 0.48 0.46 0.52 0.39
X X ✓ ✓ ✓ 0.54 0.51 0.59 0.43
✓ X ✓ ✓ ✓ 0.54 0.51 0.59 0.43
X ✓ ✓ ✓ ✓ 0.53 0.5 0.58 0.42
✓ ✓ ✓ ✓ ✓ 0.53 0.5 0.58 0.42

Table 5. LN model for white noise marmoset. Mean LN model performance on white-noise marmoset datawith different combinations of inductive biases. SC stands for spatial-cropping, TC for temporal crop, S-T forspace-time separation, PNL for parameterized non-linearity and GF for gaussian fit. X means inductive biaswas not applied, ✓means it was applied. Per cell avg is the average over all cells in the two datasets. Avg is theaverage over the datasets.

LN model version Per cell avg Dataset 1 Dataset 2 Dataset 3
SC TC S-T PNL GF
X X X X X 0.37 0.41 0.26 0.38
✓ X X X X 0.46 0.46 0.38 0.53
X ✓ X X X 0.41 0.46 0.29 0.43
✓ ✓ X X X 0.47 0.44 0.51 0.5
X X ✓ X X 0.42 0.53 0.17 0.39
✓ X ✓ X X 0.48 0.59 0.25 0.45
X ✓ ✓ X X 0.44 0.57 0.16 0.4
✓ ✓ ✓ X X 0.48 0.62 0.24 0.41
X X ✓ ✓ X 0.5 0.53 0.3 0.61
✓ X ✓ ✓ X 0.46 0.41 0.4 0.59
X ✓ ✓ ✓ X 0.55 0.64 0.32 0.54
✓ ✓ ✓ ✓ X 0.57 0.65 0.42 0.54
X X ✓ X ✓ 0.43 0.41 0.34 0.56
✓ X ✓ X ✓ 0.44 0.41 0.37 0.56
X ✓ ✓ X ✓ 0.4 0.38 0.3 0.52
✓ ✓ ✓ X ✓ 0.42 0.39 0.36 0.53
X X ✓ ✓ ✓ 0.59 0.59 0.54 0.7
✓ X ✓ ✓ ✓ 0.62 0.62 0.5 0.72
X ✓ ✓ ✓ ✓ 0.6 0.6 0.5 0.68
✓ ✓ ✓ ✓ ✓ 0.61 0.6 0.51 0.69

Table 6. LN model for natural mvoies marmoset. Mean LN model performance on natural moviesmarmoset data with different combinations of inductive biases. SC stands for spatial-cropping, TC fortemporal crop, S-T for space-time separation, PNL for parameterized non-linearity and GF for Gaussian fit. Xmeans inductive bias was not applied, ✓means it was applied. Per cell avg is the average over all cells in allthree datasets. Avg is the average over the datasets.
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