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Abstract

A fundamental challenge in neuroengineering is determining a proper input to a sensory system that yields
the desired functional output. In neuroprosthetics, this process is known as sensory encoding, and it holds a
crucial role in prosthetic devices restoring sensory perception in individuals with disabilities. For example, in
visual prostheses, one key aspect of image encoding is to down-sample the images captured by a camera to
a size matching the number of inputs and resolution of the prosthesis. Here, we show that down-sampling an
image using the inherent computation of the retinal network yields better performance compared to a
learning-free down-sampling encoding. We validated a learning-based approach (actor-model framework)
that exploits the signal transformation from photoreceptors to retinal ganglion cells measured in explanted
retinas. The actor-model framework generates down-sampled images eliciting a neuronal response in-silico
and ex-vivo with higher neuronal reliability to the one produced by original images compared to a
learning-free approach (i.e. pixel averaging). In addition, the actor-model learned that contrast is a crucial
feature for effective down-sampling. This methodological approach could serve as a template for future
image encoding strategies. Ultimately, it can be exploited to improve encoding strategies in visual prostheses
or other sensory prostheses such as cochlear or limb.
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INTRODUCTION

In a biological system, sensory organs capture information from the environment and convert it into neural
signals that can be interpreted and used by the nervous system. This transformation is known as sensory
encoding. Similarly, an artificial system converts information from sensors into stimulation parameters of
sensory prostheses. One notable example is auditory encoding in cochlear implants, where the electrical
stimulation is applied in different frequency regions of the auditory nerve1–3. This process allows deaf
individuals to regain hearing sound. Likewise, limb prostheses provide users with tactile feedback to improve
their quality of life4–11. Similar to auditory and tactile encoding, image encoding also plays a huge role in
visual prostheses. Image encoding is critical to improve the patient perception but it is not straightforward.
The challenge is to find the best method to encode visual information to the resolution of a retinal12,13, optic
nerve14,15, or cortical prosthesis16,17. Information flows from approximately 120 million photoreceptors to
roughly 1.2 million retinal ganglion cells (RGCs) divided into several functional classes, which project to the
lateral geniculate nucleus and then to the visual areas where further image processing occurs18–21.

Understanding and mimicking the principles of biological sensory encoding is imperative to develop effective
prosthetic devices that can provide meaningful sensory experience to users. For example, it was recently
demonstrated that a bio-mimetic stimulation elicited a more natural tactile perception22. In the same study,
Valle et al. showed that a more natural sensory feedback increases the embodiment of the device. Further
research is necessary to optimize sensory encoding methods for prosthetic devices23. In essence, sensory
encoding in neuroprosthetics is a form of dimensionality reduction. High-dimensional information from
sensors is encoded into stimulation parameters of implanted electrodes. However, the number of electrodes
in prostheses is usually much fewer than the number of biological cells in the sensory system24,25. Hence,
finding a proper artificial input that can elicit the desired perception is an ill-posed problem: there are multiple
inputs that could possibly yield the same output. In a linear system, it is possible to monitor the response of a
series of arbitrary inputs to compute the inverse of the system’s transmission matrix (a mapping from inputs
to outputs). This process entails measuring the responses of the whole system, which is practically not
possible in a biological system given the large number of cells and the low number and resolution of the
measuring electrodes. In practice, understanding the neural system occurs with partial measurements and it
is a non-linear process. Thus, the development of an effective neural prosthesis lies in reducing the
dimension of the external input while maximally preserving the information, so that few electrodes can write
information in a format that the brain can read and understand.

To date, there have been several visual prostheses implanted in patients17,26–31, but most devices were tested
to recognize letters and shapes using simple image encoding techniques (pixel averaging). In the Argus® II,
the most implanted visual implant so far, pixel averaging in conjunction with video filters are used to
down-sample the camera image to the resolution of the implanted array (6 x 10 pixels). Yet, there has been
considerable research dedicated to the development of better image encoding algorithms. Some approaches
include object detection, edge detection, and content-aware retargeting method32,33. In general, such
methods aim to reduce the complexity of the image and highlight interesting content and features. For
example, edge detection may identify the discontinuity of brightness in an image to locate the outline of an
object. However, these algorithms do not always take into account the retinal information processing from
photoreceptors to RGCs. Hence, they are not co-optimized with the elicited responses at the RGC level.
Therefore, their encoding potential might be limited.

Concurrently, there had been significant efforts to generate in-silico retina models that potentially could be
used for efficient image encoding34–37. Although, the literature on image encoding based on retinal modeling
is scarce. Al-atabany et al. suggested a biophysical model that can maximize the useful visual information
that can be transferred by simulating the different layers of retina38. Yet, the model used is critical since it will
directly impact the outcome of the image encoding algorithm. Retinal information processing is complex39,40.
In recent years, the use of convolutional neural networks (CNNs) have been very successful at modeling the
retina and outperformed conventional approaches (linear-nonlinear model or generalized linear model)41,42.
The latter have been shown to be less effective in capturing the retinal dynamics when natural scenes are
presented41. CNNs have been shown to perform significantly better in modeling the retina for both white
noise and natural scene stimuli41,42. Hence, using CNNs to model the retina presents a great potential in
improving image encoding.
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In this study, we propose an end-to-end neural network-based approach for both retina modeling and image
encoding which takes into account the retinal information processing. We validate an actor-model framework
designed to learn non-linear down-sampling patterns through a learning-based approach43,44. By integrating
the measured retinal information processing into the framework, we demonstrate, in-silico and ex-vivo, that
the generated down-sampled images elicit a neuronal response with higher neuronal reliability (+4.9%
in-silico and +2.9% ex-vivo median percent increase) to the one produced by original images compared to a
learning-free approach (pixel averaging). In addition, the artificial neural network model learned that contrast
is a crucial feature for effective down-sampling.

The actor-model framework used in this study is general and can be exploited for other image encoding
processes or even in other fields of sensory encoding, such as auditory and tactile. Albeit belonging to
different sensory pathways, they share similar properties which allow us to postulate the potential
effectiveness in other sensory encoding systems40,45. This methodological approach could serve as a
template for future encoding strategies based on a learning-based approach to account for the natural
transformation process occurring in the sensory organ. A more effective encoding method entails that the
brain could better interpret the encoded information, leading to improved perception of a prosthesis user.

RESULTS

Actor-model framework in retinal processing

First, we conducted ex-vivo experiments to improve the image encoding step by accounting for the retinal
information process. Using mouse retinal explants over a transparent multielectrode array (MEA), we
recorded spiking activity from RGCs in response to projection of high-resolution images through the MEA
onto the retinal photoreceptors (Fig. 1a). For each identified RGC, we built a response vector by summing up
the number of spikes within a 400-ms window from the onset of each image. The image sequence was
repeated 10 times to account for trial-to-trial variability, and responses to the same images were averaged.

In a pilot experiment, 240 images of different dimensions were projected (256 x 256, 128 x 128, 64 x 64, and
32 x 32 pixels) to determine the starting dimension of high-resolution images in subsequent experiments
(Fig. 1b). Each block of 240 images was repeated 10 times. We recorded neural responses from 12
identified RGCs (from N = 3 retinas) and built 12 response vectors, for each of the four image resolutions.
Then, we used neuronal reliability as a quantitative measure to compare the four resolutions in pairs. Briefly,
the reliability of each RGC is measured as the R2 value between the neuronal responses to two paired
images (Fig. 1b). Paired images are the same image presented at two different resolutions. Pooling all the
RGCs together (Fig. 1c,d), we did not find any statistically significant difference in neuronal reliability when
images of 256 x 256 pixels are down-sampled to 128 x 128 pixels by pixel averaging (p = 0.30, two-tailed
paired Wilcoxon test). For all other comparisons, we found statistically significant differences (256 vs 64: p =
0.0122; 256 vs 32: p = 0.0005; 128 vs 64: p = 0.0200; 128 vs 32: p = 0.0005; 64 vs 32: p = 0.0009; two-tailed
paired Wilcoxon tests). The choice of the resolution for high-resolution images is based on this result and
other considerations. On the one hand, we aimed to minimize the high-resolution size to reduce the number
of parameters of the CNN that will be trained as the forward model. Having more parameters will result in
greater computational complexity and runs a larger risk of overfitting. Since we did not find a statistically
significant difference while down-sampling from 256 x 256 to 128 x 128 pixels, we rejected the 256 x 256
pixel resolution. On the other hand, we still want to maximize the high-resolution size so that it can give a
statistically significant difference in neuronal reliability compared to the down-sampled images, hence we
chose 128 x 128 pixels as the resolution for the high-resolution images.
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Figure 1. Experimental methodology. a, Images are projected onto the retina using a custom-made
projection system. Each image is projected for 400 ms, and a gray frame is inserted between images for 800
ms to return the firing rate to baseline value. RGCs are isolated after spike detection and clustering using the
SpyKING Circus algorithm. Action potentials from each recorded RGC from multiple explanted retinas are
converted into raster plots. For each RGC, a response vector is built by summing up the number of spikes
within a 400-ms window from the onset of each image. Responses to the repetition of the same image are
averaged (not shown in the sketch) so numbers are not necessarily integers. The horizontal green bars
correspond to the projected image. b, Representative example of neural reliability (R2) of one RGC
comparing image dimension 256 x 256 pixels versus 128 x 128 pixels. The scatter plot is built from the two
response vectors. The red circle is the data point corresponding to the two red boxes in the response
vectors. c, The plots represent the paired distribution of neuronal reliabilities for all the recorded RGCs (n =
12 RGCs from N = 3 retinas). d, Each boxplot shows the distribution of the pairwise difference in neuronal
reliability. The x-axis indicates the size of the low-resolution images while the high-resolution is indicated
above the boxplot. The box represents the 25th and the 75th percentiles respectively, the line is the median,
and the whiskers are 1.5 times the interquartile range. The black dots indicate outliers. p-values are reported
as: * p < 0.05 and **** p < 0.0001.

To build the actor-model network, first we repeated the ex-vivo experiment (n = 60 neurons from N = 10
retinas) using 1200 unique images of 128 x 128 pixels with 10 repeats for each image (Fig. 2, step 1).
Hence, we identified the corresponding 60 neural response vectors and combined them into a neural
response matrix as the ground truth for subsequent training phases of the framework. In the second phase
(Fig. 2, step 2), we trained a forward model to act as a digital twin of the retina. We considered various
models, and a CNN was chosen. To train the forward model, we pass high-resolution images (960 unique

4

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted August 15, 2023. ; https://doi.org/10.1101/2023.08.14.553166doi: bioRxiv preprint 

https://doi.org/10.1101/2023.08.14.553166


images) into the CNN as input, generating a prediction of the response vectors (predicted response matrix).
We calculate the Poisson loss against the prediction and ground truth to update the forward model. We then
conduct hyperparameter optimization with a random search. Once the forward model is trained, we fix its
weights. Then, we prepended another CNN, the actor model, which learns to down-sample given images
(Fig. 2, step 3). We input high-resolution images into the actor model (960 unique images), which reduces
them to lower-resolution images of 32 x 32 pixels (four-fold down-sampling). The choice of four-fold
down-sampling was also derived from the pilot experiment (Fig. 1). Since the aim of the actor network is to
down-sample the images that can elicit a higher neuronal reliability, a sufficient reduction in the neuronal
reliability between the high-resolution images and average down-sampled images is required to fully
leverage on the potential of the actor-model framework. We found that four-fold down-sampling exhibited a
greater reduction in neuronal reliability. The low-resolution images then pass through the forward model,
generating a predicted response matrix. Similar to the training of the forward model, we compare the
predicted response of the lower-resolution images against the ground truth by calculating the Poisson loss.
The loss is then used to update the actor model. The forward model remained constant since it was fixed in
step 2. As the actor model is updated, it learns to distill pertinent features to down-sample images while
generating a neuronal response similar to high-resolution images.

Figure 2. Actor-model framework for optimal downsampling. By projecting high-resolution images onto
explanted retinas (green bars), we obtain the neuronal encoding of RGCs (Step 1). The raster plot is a
representative sketch. This neuronal response matrix serves as the ground truth for the training of the
forward CNN model. Given the same input, the predicted response of the model is compared against the
ground truth by calculating the Poisson loss and used to update the forward model (Step 2). After training,
the forward model is fixed and a CNN actor model is prepended. Similarly, high-resolution images are
passed as input into the actor model which down-samples and feeds them into the fixed forward model. The
predicted response is compared against the ground truth by calculating Poisson loss and used to update the
actor model (Step 3).
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Actor-downsampled images elicit correlating responses to high-resolution images in-silico

With the forward and actor models trained, we conducted a comparison between the performance of the
actor model and the pixel averaging method for four-fold down-sampling in-silico (Fig. 3a). Here, the forward
model functions as the digital twin of an explanted mouse retina. We passed different types of images as
inputs, including high-resolution images (high-resolution), images down-sampled by the actor network (actor
down-sampled), and images down-sampled using the pixel averaging method (average down-sampled). For
each group, we tested 120 unique images. Lastly, we computed the in-silico neuronal reliability. Briefly, the
neuronal reliability of each RGC is measured as the R2 (Fig. 3a) between the neuronal responses of
explanted retinas to high-resolution images (ground truth in Fig. 2) and the predicted responses of the
forward model to the same high-resolution images, the average down-sampled images or the actor
down-sampled images. The comparison between predicted response of high-resolution images and ground
truth defines the baseline reliability of a digital RGC (Fig. 3a, magenta). The ground truth compared to
predicted response of down-sampled images (Fig. 3a, actor in cyan or average in yellow) defines the in-silico
neuronal reliability of down-sampled images, which is how similar the RGC responses to down-sampled
images are to those from high-resolution images in-silico.

As expected, we observed a statistically significant reduction in neuronal reliability of the average
down-sampled images compared to the baseline neuronal reliability (Fig. 3b; n = 60; p = 0.0001, two-tailed
paired Wilcoxon test). However, we did not observe any statistically significant difference between the
baseline neuronal reliability and the neuronal reliability of actor down-sampled images (Fig 3c; n = 60; p =
0.56, two-tailed paired Wilcoxon test). Furthermore, when comparing actor down-sampled images and
average down-sampled images, the neuronal reliability of the actor-downsampled images was also
significantly different (Fig 3d; n = 60, p = 0.0001, two-tailed paired Wilcoxon test). Although it appears that
some neurons exhibit low in-silico neuronal reliability, this could be attributed to the learning of the model.
The parameters for some of the neurons could be overfitted and since we do not model each neuron
separately, it is difficult to ensure that every neuron is optimally modeled. Overall, we found a 4.9% median
percent increase in neuronal reliability for actor down-sampled images compared to average down-sampled
images. Based on these in-silico results, the actor network appears to have found a way that can elicit a
neuronal response more similar to the ground truth compared to average down-sampling. The next logical
step is to validate these in-silico findings ex-vivo in explanted retinas.
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Figure 3. Results in-silico for four-fold downsampling. After training the forward and actor model,
high-resolution, actor down-sampled and average down-sample images are passed as input to obtain the
predicted response. a, For each neuron, we calculated the R-squared value of the predicted response and
the ground-truth response. On the right is the scatter plot of the same representative neuron. b-d,The left
plot represents the paired distribution of neuronal reliabilities for all the neurons (n = 60). Highlighted points
correspond to the representative neuron in a. The boxplots show the distribution of the pairwise difference in
neuronal reliability. The box represents the 25th and the 75th percentiles respectively, the line is the median,
and the whiskers are 1.5 times the interquartile range. The black dots indicate outliers. p-values are reported
as: **** p < 0.0001.

Actor-downsampled images elicit correlating responses to high-resolution images ex-vivo

Finally, we validated the actor-model framework with a new set of retinal recordings. We explanted mouse
retinas and measured the neuronal responses when presented with high-resolution images, actor
down-sampled images, and average down-sampled images (n = 21 neurons from N = 8 retinas; 200 unique
images, 10 repeats per image). High-resolution images were presented twice: first to determine a new
ground truth, and then to compute neuronal reliability of high-resolution images. Then, we compared the
performance of our learning-based down-sampling method with a learning-free downsampling method by
calculating the ex-vivo neuronal reliability when compared to the new ground truth (Fig. 4a).
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Qualitatively, results ex-vivo match in-silico data except for a significant difference between the baseline
neuronal reliability and the neuronal reliability of actor down-sampled images (Fig. 4; n = 21, p < 0.0001,
two-tailed paired Wilcoxon test). This was expected as information loss would occur during the
down-sampling process. The baseline neuronal reliability is still significantly different from the neuronal
reliability of average down-sampled images (Fig. 4; n = 21, p < 0.0001, two-tailed paired Wilcoxon test).
Also, when comparing between actor down-sampled images and average down-sampled images, the
neuronal reliability was significantly different (Fig. 4d; n = 21, p = 0.003, two-tailed paired Wilcoxon test).
From the median percentage increase, we see that the actor down-sampling method performs about 2.9%
better than the average down-sampling method.

Figure 4. Results ex-vivo for four-fold downsampling. High-resolution, actor down-sampled and average
down-sample images are projected onto the explanted retina over a MEA. a, For each neuron, we calculated
the R-squared value of the neuronal response of high-resolution stimuli and paired stimuli. On the right is the
scatter plot of the same representative neuron. b-d,The left plot represents the paired distribution of neuronal
reliabilities for all the neurons (n = 21 from N = 8 retinas). Highlighted points correspond to the representative
neuron in a. The boxplots show the distribution of the pairwise difference in neuronal reliability. The box
represents the 25th and the 75th percentiles respectively, the line is the median, and the whiskers are 1.5
times the interquartile range. p-values are reported as: ** p < 0.01, and **** p < 0.0001
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Actor down-sampling preserves contrasts of images

Then, we delved deeper into the pertinent attributes of effective down-sampling by comparing high-resolution
images to their respective downsampled versions (Fig. 5a). Upon visual examination, it is evident that actor
down-sampled images bear a greater resemblance to the original images. Furthermore, these images seem
to exhibit a higher contrast in comparison to the average down-sampled images.

This observation prompted us to quantify the local contrast of every down-sampled image by averaging the
luminance variance of a sliding window of size 7 pixels x 7 pixels (Fig. 5b). The distribution of the local
contrast difference shows that actor down-sampled images exhibit a significantly higher local contrast
compared to average down-sampled images (p < 0.0001, one-tailed paired Wilcoxon test). This result
implies that the actor model strives to increase the contrasts of the image, highlighting their significance in
generating neuronal responses akin to those of high-resolution images.

Figure 5. Results of different down-sampling methods. a. On the left, there are three high-resolution
images with a resolution of 128 x 128 pixels. In the middle, the same images after four-fold average
down-sampling. On the right, the same images after four-fold actor down-sampling. b. Distribution of the
pairwise difference in local contrast between actor and average down-sampled images. The box represents
the 25th and the 75th percentiles respectively, the line is the median, and the whiskers are 1.5 times the
interquartile range. p-value is reported as: **** p < 0.0001.

In-silico prediction of x-fold down-sampling

In the previous sections, we explored and validated the effectiveness of the actor-model framework during
four-fold down-sampling, where images were reduced from 128 x 128 pixels to 32 x 32 pixels. The
actor-model framework elicited a higher neuronal reliability (4.9% in-silico and 2.9% ex-vivo) compared to a
learning-free approach (pixel averaging). Therefore, we decided to vary the folds of down-sampling in-silico
to understand the extent of aggregation before the information loss cannot be recovered by the framework
(Fig. 6). We trained multiple actor networks using similar method as described in the preceding sections (960
unique images) to down-sample the high-resolution images, each learning a different down-sampling fold:
2-fold (64 x 64 pixels), 4-fold (32 x 32 pixels), 8-fold (16 x 16 pixels), 16-fold (8 x 8 pixels), and 32-fold (4 x 4
pixels). We observe significant differences in neuronal reliability between actor down-sampled images and
average down-sampled images up to 8 fold down-sampling (n = 60; 2 fold: p = 0.0178; 4 fold: p = 0.0004; 8
fold: p = 0.0006; two-tailed paired Wilcoxon tests). However, from 16 fold onwards, this difference was not
observed (n = 60; 16 fold: p = 0.8024; 32 fold: p = 0.4483; two-tailed paired Wilcoxon tests). This was
expected as 16 fold down-sampling corresponds to reducing the original image from 128 x 128 pixels to 8 x 8
pixels. Therefore, each pixel has a size of 400 x 400 µm2, exceeding the receptive field size of most RGC in
the mouse retina46. Hence, the amount of information loss during down-sampling might be too much to be
recovered.
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Although we observed a significant difference between the neuronal reliability of actor down-sampled images
and average down-sampled images for 2-fold down-sampling, a significant difference was not observed
between neuronal reliability of average down-sampled images to the baseline (p = 0.1925, two-tailed paired
Wilcoxon test), while actor down-sampled images has slightly higher neuronal reliability than baseline (p =
0.0277, one-tailed paired Wilcoxon test; p = 0.0139, one-tailed paired Wilcoxon test). This result suggests
that the forward model is robust to down-sampling. This is not out of expectation as we used a CNN to model
the retina, which could possess a certain level of robustness to down-sampling.

Figure 6. In-silico difference in neuronal reliability compared to baseline for x-fold down-sampling.
Each boxplot is the distribution of the pairwise difference in in-silico neuronal reliability between the
down-sampled images (actor down-sample in cyan; average down-sample in yellow) and high-resolution
images for different down-sampling folds. The box represents the 25th and the 75th percentiles respectively,
the line is the median, and the whiskers are 1.5 times the interquartile range. p-values are reported as: * p <
0.05, and *** p < 0.001.

DISCUSSION

In this study, we have successfully illustrated the efficacy of employing an actor-model framework to learn a
down-sampling method that outperforms a standard learning-free pixel-average technique27. Furthermore,
we substantiated the effectiveness of our proposed approach by analyzing the neuronal responses of RGCs.
In this section, we delve into the implications of our findings and propose potential avenues for advancing the
field of image encoding research.

Previously, the actor-model framework was employed within a physical system, where it successfully learned
the necessary input to yield any desired output when transmitted through a multimode fiber. The
performance achieved in that study was comparable to gold-standard methods43. In the present investigation,
we sought to harness the potential of the actor-model framework within a biological system, which is often
characterized by complexity and high variability.

In contrast to a physical system, we encountered a distinct set of challenges during the experimentation
process. Firstly, like in many biological ex-vivo experiments, the difficulty lay in the sample viability, which
constrained the duration of data collection. Given that neural networks typically require vast amounts of data
to be effective, this limitation poses a significant obstacle to training the neural network efficiently. Secondly,
the number of neurons recorded could fluctuate depending on the quality of the dissected tissue and other
factors. Although we used 256 electrodes, not every electrode could successfully capture the electrical
activity of a RGC. These issues imposed conducting experiments on multiple retinas and consolidating the
recorded RGCs into a single dataset. As such, the framework has to learn and generalize across different
mice to capture inter-sample variability, which could add another layer of difficulty. Lastly, intrinsic variability
within the retina presented another hurdle. The response could vary from trial to trial when the same image
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was projected twice, with this variability being more pronounced than in the physical systems used in the
previous work. Consequently, our actor-model framework required greater robustness to be effective.

Nevertheless, the actor-model framework successfully learned efficient down-sampling. This achievement
underscores the robustness of the actor-model framework and its capacity to discover solutions irrespective
of whether it is applied to a physical or biological system. We contend that the full potential of the
actor-model has not yet been realized, and we look forward to future experiments that can capitalize on this
versatile framework. For example in the context of tactile feedback, Eldeep and Akcakaya demonstrated the
potential of using electroencephalography (EEG) to guide the electrical stimulation parameters47. The
actor-model framework could also be applied in this situation, where the actor could determine the electrical
stimulation required to elicit the desired EEG response.

By considering the biological neural network and constructing a digital twin of the retina using a CNN forward
model, we successfully trained an actor network to down-sample images more efficiently than pixel
averaging. In recent years, neural networks have excelled at modeling the retina, suggesting a level of
complexity hidden within its seemingly simple structure41,42. As visual technologies progress and electrode
resolution increases, image encoding methods become increasingly crucial. This study demonstrates that a
learning-based approach, which accounts for biological retinal processes, yields superior results. We foresee
this learning-based method serving as a foundation for future research, ultimately leading to the identification
of the most effective image encoding technique. Additionally, this study hints at the importance of contrast
during down-sampling, in agreement with a recent publication emphasizing the importance of contrast for a
CNN model of the retina41. This result further highlights the benefits of utilizing neural networks for modeling
to capture relevant underlying patterns. Employing a learning-based approach enables further analysis of
learned features, providing insights into the underlying dynamics.

Additionally, this study shows the benefits of using CNNs for image encoding. The weight-sharing properties
of CNNs allow for generalization across different retinas. As previously mentioned, a significant challenge in
biological experiments involves conducting multiple trials with distinct samples. Neurons are recorded from
multiple sessions and combined into a single dataset. However, even with such methods, not every area of
the image is captured by the neuronal activity. Nevertheless, since weights are shared within a CNN, the
actor network can extract pertinent features based solely on the subset of neurons measured. These distilled
features can then generalize to other retinas and to other areas of the images not captured by neurons, as
demonstrated by the positive results obtained in the ex-vivo experiments for validation.

Finally, it is important to note that our proposed actor down-sampling method is compatible with current
image encoding techniques, such as saliency-based detection. These methods identify objects of interest to
the user and encode only those objects. Our proposed method could complement such saliency-based
detection32,33,38,48. First, we apply saliency detection algorithms to extract important objects, and then pass the
processed images through the actor model for more effective downsampling.

As a preliminary step toward a learning-based approach for image encoding, there remains ample room for
improvement and exploration. In this study, we projected static images and summed the number of spikes
within a specified window. Constrained by the hardware employed, we were unable to present images in a
continuous format (i.e., movie format), which prevented us from verifying whether our proposed methods
would be applicable to more dynamic natural scenes. A logical next step would be to validate these results
using continuous projections of natural scenes. In addition to exploring continuous format, the same
approach could be evaluated on reducing the bit size of the depth of the images concurrently while
down-sampling. Reducing from 256 levels of grayscale to 8 levels would also be useful for visual prostheses
to better calibrate the strength of electrical stimulation.

Another avenue is investigating the generalization of our approach across species. The actor and forward
models were trained using data collected from mouse retinas. We also discovered that the results derived
from these trained models could be generalized across different mouse retinas, as the validation
experiments were conducted with new sets of retinas. It would be interesting to explore whether projecting
the various down-sampled images onto the retinas of another species would yield similar improvements. If
successful, this would imply that the features learned by the actor model may possess the capacity to
generalize even across different species, highlighting the potential for broader applicability of this method.
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In conclusion, this study presents a novel neural network-based approach for optimizing image distillation in
the context of visual prostheses. The proposed actor-model framework learns to downsample images while
accounting for the biological processes of the retina, resulting in more effective down-sampling patterns. This
research not only contributes to the advancement of image encoding techniques for visual prostheses but
also highlights the importance of incorporating natural biological transformations to improve the perceptual
experience of prosthetic users. Future research could build upon this learning-based approach to develop
even more accurate and effective image encoding methods, ultimately enhancing the quality of life for
individuals relying on such devices.
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METHODS

Electrophysiological recordings

Animal experiments were authorized by the Direction Générale de la Santé de la République et Canton de
Genève in Switzerland (authorization number GE31/20). C57BL/6J mice (n = 21; age 75.3 ± 26.4 days,
mean ± SD) were dark-adapted for 1 hr prior to euthanasia. Euthanasia was carried out via intraperitoneal
injection of sodium pentobarbital (150 mg kg−1). Dissection and recording of retinas were performed in
carboxygenated (95% O2 and 5% CO2) Ames medium (USBiological, A1372-25) under dim red light. Retinas
were maintained at 25°C throughout the experiment. Explanted retinas were positioned on a poly-lysine
coated membrane (Sigma, P8920; Repligen 132544), with the RGCs side facing a 256-channel MEA
(256MEA200/30iR-ITO, Multichannel systems) with 30-µm electrodes spaced 200 µm. The data sampling
rate was set at 25 kHz.

Visual stimulation

Images were projected using a custom-built setup with a Digital Mirror Device (V-7000 Hi‑Speed V‑Modules,
ViALUX) coupled to a white LED (MWWHF2, Thorlabs). The stimulus was focused on the photoreceptors via
standard optics, with an average power of 13 nW. The projected area covered 3.2 x 3.2 mm2. The image set
is the van Hateran Natural Image Dataset, comprising 4212 monochromatic and calibrated images captured
in a variety of natural environments49, further processed to maintain a linear relationship between scene
luminance and pixel values41. This processing step was described as crucial to prevent the retinal system
from having to adapt to varying light intensity levels found in different environments41. The final image
database used in this experiment (3190 images) was obtained from Goldin et al.41, which was then
sub-sampled for the different experiments conducted.

Spike detection and sorting

The SpyKING CIRCUS algorithm was used for spike sorting50. Manual inspection was performed using Phy
software51. To filter out poor-quality clusters, we presented a random binary checkerboard at the end of the
experiment for 1 hr at 33 Hz52. The check size was 50 µm. The receptive field of each spike-sorted cluster
was mapped. Clusters that did not display a clear receptive field were considered non-neuronal and
excluded from further analysis. To assess the reliability of the recorded neurons and account for
experimental drift, an identical set of binary checkerboard stimuli was initially displayed at the start of the
experiment, and then redisplayed roughly every half an hour. The correlation coefficient of a cell's average
response to the same stimulus across different blocks of trials was calculated. Only neurons with a
correlation exceeding 0.3 were selected for further analysis42.

Model architecture

The forward model architecture adheres to the current state of the art41,53,54. It consists of two layers, the first
layer of the CNN, , convolutes the input image. The output of the first convolution layer passes through a𝑘

𝑟𝑠𝑘

pointwise nonlinear function, , to obtain non-negative activation values. For each neuron n, a readout𝑓
θ

𝑘
[1]

weight , which factorizes as , is applied. Here, i and j index space, with representing𝑤
𝑖𝑗𝑘𝑛

𝑤
𝑖𝑗𝑘𝑛
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𝑖𝑗𝑛

𝑣
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𝑖𝑗𝑛

spatial weights and denoting feature weights. Another nonlinear activation function, , is performed,𝑣
𝑘𝑛

𝑓
θ

𝑘
[2]

followed by the utilization of a Poisson noise model during training. Softplus was chosen as the activation
function for and . Essentially, the kth neuron of the first layer is represented as .𝑓

θ
𝑘
[1]
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The spiking rate of the nth neuron given an input image was . Additionally,𝑟
𝑛
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batch normalization was applied to the outputs of the first layer. Laplacian regularization was applied to the
convolutional kernels of the first layer. For the feature and spatial weights of the second layer, we used L1

regularization such that: and with . The actor model𝐿
∆

= 𝑘
∑
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∑(𝐾
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consists of a convolution kernel that was prepended to the forward model (Supplementary Fig. 1).
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Neural networks training

Given n image-response pairs , the loss function of the forward network is provided by:(𝑋
1
, 𝑦

1
),  ...  , (𝑋

𝑛
, 𝑦

𝑛
) 

. The first term corresponds to the Poisson loss, while the𝐿 =  1
𝑛

𝑘=1

𝑛

∑ 𝑟(𝑋
𝑘
) − 𝑦

𝑘
𝑙𝑜𝑔 𝑟(𝑋

𝑘
)( ) +  𝐿

𝑙1
λ

𝑙1
 +  λ

∆
𝐿

∆

second and third terms represent the regularization terms. The model was fitted with the Adam optimizer on
the training set. The responses were obtained by summing up the number of events elicited within 400 ms
from the image onset. We maintained a constant batch size of 32 during training for both actor and forward
networks. For the learning rate, we started with 0.001 for forward network and 0.002 for actor network. To
avoid overfitting, we employed both early stopping and the decay mechanism with maximum 1000 epochs
(Supplementary Fig. 2). The hyperparameters for the regularization term were optimized by performing a
random search for the forward network, while a grid search was employed for the actor network. The optimal
hyperparameter values were the ones whose model produced the lowest loss value without regularization
terms on the validation dataset. The hyperparameters for the forward network were 0.0033 for smoothing
factor of convolution kernels, 0.00278 for spatial sparsity factor and 1.34-6 for feature sparsity factor. For the
actor network, the best run had 6 convolution kernels of size 31 x 31 with 0.1 L2 regularization.

Neuronal reliability

As a quantitative measurement of performance for both in-silico and ex-vivo experiments, we calculated the
R2 value. For each neuron, we calculated the R2 value for each input image and found the average across

the images and neurons, such that: . Where x and y can be the predicted response or𝑅 =
∑ 𝑥

𝑖
−𝑥‾( ) 𝑦

𝑖
−𝑦‾( )

∑ 𝑥
𝑖
−𝑥‾( )2

 𝑦
𝑖
−𝑦‾( )2

actual neuronal response to different sets of images

Statistical analysis

Statistical analyses were conducted with the Python Scipy library (python version 3.10.6, scipy version
1.9.1). The Shapiro-Wilk normality test was performed to justify the use of non-parametric tests.
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SUPPLEMENTARY FIGURES

Supplementary Fig. 1. Network architecture. The forward network comprises a layer of convolution
kernels, followed by the readout layer, which is decomposed into spatial masks and feature weights.
Prepended to the trained forward network is the actor network, which consists of a layer of convolution
kernels. The schematic illustrates the flow as we pass a single image as input through the framework to
generate the predicted response vector of the neurons.

Supplementary Fig. 2. Training curve of the networks. a. Training loss of forward network. b. Training
loss of actor network. The total loss of the training was plotted against the epoch. We observe a steady
decrease in the training and validation loss without signs of divergence. The loss value of the test dataset
was also similar to the training and validation.
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