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Abstract

Visual impairment is a common condition worldwide, and
cortical electrical stimulation is one of the approaches to
aid in visual restoration. However, existing methods suffer
from limited precision, flexibility, and generalization in gen-
erating the desired visual perception. In this paper, we pro-
pose a novel deep learning-based algorithm for cortical elec-
trical stimulation, named “MindSight,” aimed at enhancing
the clarity and accuracy of induced visual perceptions. Our
framework introduces three key innovations: (1) A differ-
entiable biophysical model simulating cortical state transi-
tions under electrical stimulation, enabling end-to-end train-
ing; (2) A dual-path training architecture combining neu-
ral decoding fidelity with phosphene simulation constraints;
(3) An attention-guided background gated network for in-
put filtration and, a multi-channel activation constraint to en-
sure the effectiveness of electrical stimulation. We validated
our approach through novel experiments with macaque mon-
keys, demonstrating superior performance in visual percep-
tion tasks. These results highlight the potential of our ap-
proach in assisting individuals with visual impairments.

Extended version — doi.org/10.1101/2025.11.12.688136

Introduction

Visual impairment is a common condition worldwide
(Stevens et al. 2013). The restoration of visual percep-
tion through cortical stimulation represents a transformative
frontier in neuroprosthetics, offering hope for individuals
with severe visual impairments caused by retinal degener-
ation or optic nerve damage. Traditional approaches, such
as retinal implants (Dorn et al. 2013; Stingl et al. 2015), rely
on intact neural pathways from the retina to the visual cor-
tex, limiting their utility for patients with broader damage
(Fernandez and Robles 2024). This outcome has motivated
a shift toward approaches that bypass the eye entirely. In par-
ticular, visual cortex stimulation has gained interest (Lozano
et al. 2020; Chen et al. 2020; Maghami et al. 2014; Roelf-
sema, Denys, and Klink 2018; Dobelle 2000) as it can po-
tentially benefit a wider range of blindness causes (e.g. op-
tic nerve damage, glaucoma) where retinal devices are in-
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effective. Recent advances with high-channel-count micro-
electrode arrays (96—1024 channels) demonstrate that intra-
cortical stimulation can evoke shape-like percepts in both
primates and humans (Chen et al. 2020; Ferndndez et al.
2021). Primary visual cortex (V1) contains an ordered map
of the visual field and relatively large surface area, mak-
ing it an attractive target for electrode implants (Beauchamp
et al. 2020; Beauchamp and Yoshor 2020; Lewis et al. 2015;
Tehovnik and Slocum 2013; Chen et al. 2020) that could
evoke patterned visual percepts. Although these types of vi-
sual prostheses may differ significantly in terms of the entry
point into the visual system, they share the same fundamen-
tal mechanism of action: through electrical stimulation of
small groups of neurons, they evoke the perception of spa-
tially localized flashes of light, called phosphenes (Brind-
ley and Lewin 1968; Foroushani, Pack, and Sawan 2018).
Despite advancements, research lacks adaptive and dynamic
strategies, requiring manual determination of critical visual
features and transformation of these features into suitable
electrical stimulation protocols (Chen et al. 2020). More-
over, existing automated methods suffer from limited pre-
cision, flexibility, and generalization in generating the de-
sired complex visual perception based on actual visual stim-
uli (Bosking, Beauchamp, and Yoshor 2017).

This work presents a novel bio-inspired algorithm, named
“MindSight”, for dynamically orchestrating electrode stim-
ulation patterns in visual cortex. Our work is built on five key
components: (1) A differentiable biophysical model simulat-
ing cortical state transitions under electrical stimulation, en-
abling end-to-end training; (2) A hierarchical training frame-
work integrating neural decoding and phosphene simulation
constraints, extending hybrid autoencoder (Granley, Relic,
and Beyeler 2022); (3) Background gated network (BGN)
for input filtration; (4) Multi-channel activation constraint
to encourage a sufficiently large subset of electrode chan-
nels to fire concurrently, rendering the stimulation effective
and consistent (Oswalt et al. 2021; Bosking et al. 2022);
(5) Comprehensive validation through novel primate exper-
iments demonstrating state-of-the-art performance.

Related Work

In biological vision, two frequently explored directions are:
(1) visual encoding mechanisms—how visual stimuli elicit
neural responses; and (2) visual decoding algorithms—how



to reconstruct perceived visual scenes from neural signals.
Extensive research has been conducted on the neural encod-
ing mechanisms and response characteristics to visual stim-
uli in rodents (Turishcheva et al. 2024b,a; Li et al. 2023; Xu
et al. 2023; Sinz et al. 2018) and primates (Cadena et al.
2019; Hatanaka et al. 2022; Farzmahdi, Kohn, and Coen-
Cagli 2025; Shipp 2024), leading to significant advances and
a clearer understanding of these processes. Similarly, sub-
stantial progress has also been made in the area of visual
decoding. Pixel-level reconstructions of images from brain
signals demonstrate how encoding and decoding approaches
inform each other (Zhang et al. 2020, 2022). Meanwhile,
other studies focus on decoding semantic information (Chen
et al. 2023; Ozcelik et al. 2022; Gaziv et al. 2022).

Given that the aforementioned studies primarily focus on
the relationship between visual input and neural activity, ei-
ther predicting natural neural responses based on given vi-
sual stimuli and brain states, or conversely decoding per-
ceived visual input from neural activity. However, they differ
substantially from the goal of visual prosthetics: determin-
ing how to appropriately intervene in the visual system to
evoke desired percepts. Nonetheless, the mechanisms of vi-
sual encoding and decoding still provide important biologi-
cal insights into how visual perception might be restored.

Early visual prosthetics focused on retinal stimulation, ex-
emplified by systems like Argus II, which translates camera-
captured images into electrical signals for retinal neurons
(Luo and Da Cruz 2016). However, such devices require
intact retinal circuitry, rendering them ineffective for pa-
tients with optic nerve damage or advanced degenerative
diseases. Cortical visual prosthetics bypass these limitations
by directly stimulating visual cortex neurons but initially
yielded only coarse visual perceptions (Brindley and Lewin
1968; Dobelle, Mladejovsky, and Girvin 1974). There is a
need to explore more complex pattern presentation (Dobelle
and Mladejovsky 1974; Bosking, Beauchamp, and Yoshor
2017). Recent cortical prosthetic approaches advanced vi-
sual perception by either sequentially activating electrodes
to mimic natural motion-sensitive processing (Beauchamp
et al. 2020), enabling accurate letter recognition in humans,
or employing high-channel-count simultaneous stimulation
to evoke shape perception in monkeys (Chen et al. 2020).
Meanwhile, some deep learning techniques have also been
introduced into this field. A deep autoencoder-based archi-
tecture that includes a highly adjustable prosthetic vision
simulation module attempts to automatically find a task-
specific stimulation protocol (van Steveninck et al. 2022).
Hybrid neural autoencoder (Granley, Relic, and Beyeler
2022) combines biological constraints with deep learning to
generate stimulation that preserve topological relationships
in V1. Another ML-based paradigm is to incorporate models
of the visual system’s response into the stimulus optimiza-
tion process (Grani et al. 2022).

However, these methods either remain at the theoretical
simulation stage without sufficient animal experiments to
validate their effectiveness, or the visual percepts elicited by
the methods are imprecise, inflexible, and unclear. To ad-
dress these issues, this work proposes MindSight.
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Methodology
Overview

As shown in Figure 1, MindSight consists of three major
stages. The first stage is the MUA-Image Decoder (MID),
which decodes neural activity in the form of multi-unit ac-
tivity (MUA) into corresponding visual images. The second
stage is the Electrical Stimulation Generator (ESG), which
optimizes the stimulation parameters to generate the visual
perceptions as close as possible to the desired perceptions.
This stage involves training through two paths of losses. The
third stage, the Background Gated Network (BGN), filters
out irrelevant visual stimuli, ensuring that electrical stim-
ulation is applied only to stimuli that contain essential vi-
sual information. The biologically inspired designs of the
individual modules, along with the rationale behind each,
will be detailed in the corresponding subsections that fol-
low. To provide an overview of how the algorithm operates
as a whole, the high-level algorithmic workflow of the entire
framework is presented in Algorithm 1 in the Appendix.

Stage A: MUA-Image Decoder (MID)

In previous work, attempts were made to decode pixel-level
images from retinal ganglion cells spikes (Zhang et al. 2020)
and two-photon calcium signals of the Macaque Visual Cor-
tex (Zhang et al. 2022). However, these models do not in-
corporate biological visual mechanisms. To reflect the selec-
tive tuning of visual cortical neurons to different visual at-
tributes, the modulation of receptive fields, and the feedback
and integration across visual cortical areas, MUA-Image De-
coder (see the upper part of Figure 1) introduces three key
advancements over previous neural decoders: (1) Spatiotem-
poral fusion of multi-scale MUA dynamics, (2) Hierarchical
attention-guided feature refinement, and (3) Biologically-
plausible feature recombination through adaptive skip con-
nections. Our architecture incorporates the Convolutional
Block Attention Module (CBAM) (Woo et al. 2018) for
cross-dimensional feature refinement. As shown in Figure 1,
the overall calculation process of MID is as follows:

I; = Dy(E4(Py(MUA,))) )]

Here, I i denotes the image decoded from MUA (1280 chan-
nels x 50 ms), Py represents the projection network, and £y
and D, denote the encoder and decoder of the Image-Image
autoencoder, respectively. Refer to Appendix A for details.

Stage B: Electrical Stimulation Generator (ESG)

The ESG (see the lower part of Figure 1) is responsible
for producing voltage amplitudes on each electrode channel,
given a real input image. The ESG parameters would be op-
timized via two paths (referred to as Path 1 and Path 2) and
one channel-activation constraint term, each contributing to
the overall loss function:

1. Path 1: MID Decoding Constraint. The purpose of
this constrained pathway is to ensure that the neural
state changes and responses induced by cortical electri-
cal stimulation can be decoded—via the MID trained in
stage A—into the intended visual input. This provides
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Figure 1: MindSight. Stage A (upper part): In MUA-Image Deco

ding, MUA-Image Decoder is trained to reconstruct visual

stimuli from the multi-unit activity (MUA) recorded in the primary visual cortex, and the well-trained MUA-Image Decoder will
be used in stage B. Stage B (lower part): In Image-Stimulation Generating, electrical stimulation generator (ESG) is responsible
for producing voltage amplitudes on each electrode channel, given a real input image, and its parameters are trained via two
paths. Background gated network (BGN) is trained to filter the external visual inputs, ensuring that only images containing key

information will trigger cortical electrical stimulation.

a theoretical guarantee of stimulation effectiveness from
the perspective of biological vision systems. Otherwise,
how can we ensure that the visual percepts generated by
electrical stimulation are meaningfully related to the de-
sired visual inputs?

. Path 2: Phosphene Simulation Constraint. The in-
clusion of this constrained pathway is also motivated
by the need to satisfy established biological priors—
namely, the orderly mapping between the visual cor-
tex and phosphene perception. Without this, even at the
coarse level of phosphene perception, the correctness of
electrical stimulation cannot be ensured.

. Channel Activation Constraint. To ensure that suffi-
ciently many channels within the same electrode array
are activated in unison. Without this, stimulating too few
electrode channels in a local region may render the stim-
ulation ineffective—that is, no percept may be elicited in
the corresponding area of the visual field.
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Architecture of ESG To better enable the ESG to learn
the relationship between the target visual percept and the
corresponding electrical stimulation parameters, it is essen-
tial to extract features from different regions of the visual
target space and across multiple levels of granularity. At the
same time, the design must account for the deployment and
computational cost of ESG.

Depthwise-separable convolutions are employed to re-
duce the siz of ESG, aiming to minimize power consump-
tion, as ESG will be integrated into the chip within the visual
prosthesis system. Hierarchical processing with depthwise-
separable convolutions and attention:

eout = AvgPool(Stack,, [ResBlock] (7)) 2)
Use R to explicitly denote each ResBlock, as shown below:

R(z) = ReLU ( C@ (CBAM(ReLU(CLY (2)))) + Coroj () )
——

shortcut

3)

conv path



where C]()Zs) denotes depthwise-separable conv with BN.

After adaptive global pooling, we apply two fully con-
nected layers (with LayerNorm and GELU) to predict stim-
ulation parameters:

Vo= W, (GELU(LayerN orm(W; eom))) 4)

c ]RK X Tpulse

Here W, and W, are linear transformations mapping and V'
represents the voltage amplitudes for the K electrode chan-
nels. Tyuse denotes the number of pulse for each channel.

Path 1: MID Decoding Constraint As shown in Figure 1,
in path 1, we introduce the cortex-state transition process
and the previously trained MID to guide ESG: 1. A real in-
put image I; is fed into the ESG, denoted by ¢.4(-), yield-
ing a set of voltage amplitudes across all electrode chan-
nels. 2. A cortex-state transition process model simulates
how these voltage amplitudes (converted to currents) affect
cortical neural states over time, producing a simulated neural
response. 3. The simulated neural response is passed through
the fixed-parameter MID, which reconstructs an image fi.

Let ©,,;q be the fixed parameters of MID. Let B(-) de-
note the cortex-state transition process, modeling the spa-
tiotemporal changes in mua triggered by electrical stimula-
tion. Path 1 can be summarized as:

fi— mzd( ((besq( ))) (5)

Cortex-State Transition Process Suppose each of the K
electrodes is located at spatial coordinates (x, y, 2% ), and
let ¢F, g( ;) be the generated voltage amplitude on electrode
k. If Ry is the impedance coefficient of channel £, then its
injected current is approximately

Desg (i)

Ry,

We adopt Spatiotemporal Gaussian distribution to describe
how stimulation at (xy,yk,2r) and current Ij, diffuses
through cortical tissue over time. In the x,y, z directions,
we assume that the diffusion rates « are the same, i.e.,
0.(t) = oy(t) = 0.(t) = \/at+ o2. Specifically, after
calculation and simplification, the electrical stimulation for
channel k ultimately generated the following distribution:

Iy, : eXp(_
(7N

(2n(0f + at))
where p denotes a spatial coordinate, ¢ represents time, o
is the initial standard deviation, and « is the diffusion rate.
Summing contributions from all K electrodes yields

I, = (6)

Ip = (k, Yk, 2) ||

G (p, b= 208 + 2at

K

t) = ng (P, t; Iy (21, Yis 21))

k=1

S(p ®)

thus forming a spatiotemporal distribution of the electric
field. By sampling S(p,t) at the corresponding recording
channels over a certain time window, we obtain the simu-
lated neural response, which is then fed into the MID. Note
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that Tpye is a critical hyperparameter and Equations (7)
and (8) only describes the case where Tpye is 1. If Tpyee
is greater than 1, the complex effects introduced by different
pulses must also be considered. In our experiments, we set
Thuise to 1. If you find that a small number of pulses cannot
activate the channel, then T}, needs to be increased.

Loss Function for Path 1 The goal of path 1 is to en-
sure that the images reconstructed from simulated neural
responses are highly consistent with the real input images,
thereby ensuring that the electrical stimulation parameters
generated by ESG can induce the desired visual perception.
Using the mean squared error at the pixel level, we define

E(|I — 1|I3] ©)

Path 2: Phosphene Simulation Constraint In path 2,
the same generator ¢.sq(-) is used, but the forward pass
relies on a phosphene simulator (van der Grinten et al.
2024) (see the lower part of Figure 1), denoted by ¥(-),
and U(+) is not trainable. The pipeline is: 1. A real image
I; is given to the generator ¢q(-), producing voltage am-
plitudes (converted to currents). 2. Generated voltage am-
plitudes ¢%, (I;), impedance coefficient Ry and the cen-
ter positions of the receptive fields (Z, ¢y ) for all channels
are fed into the phosphene simulator W(-), which outputs
a simulated phosphene image I;. (Zx,¢y) can be obtained
through Receptive Field Mapping (see Section Receptive
Field Mapping for details). Mathematically, we have

Ii = U (0 (1), R, (Tk, Gi)) (10)
For each real input I;, we generate the corresponding bina-

rized target I; (see Appendix D: Method for Constructing
Binarized Targets for more details). The path 2 loss is then:

E(| - 1|I3] (11)

which penalizes discrepancies between the simulated and
target phosphene images to adhere to the orderly mapping
between the visual cortex and phosphene perception.

Channel Activation Constraint Our extensive sac-
cade experiments (Tehovnik, Slocum, and Schiller 2003;
Tehovnik et al. 2005) on monkeys have shown that, stim-
ulating too few electrode sites within a localized area may
render the stimulation ineffective, i.e., no perception was
induced in the corresponding visual field region (see Sec-
tion Electrical-Stimulation-Induced Saccade for details).
To encourage a sufficiently large subset of electrode chan-
nels to fire concurrently, we introduce an additional penalty:

)

ERk

where v and ¢ are the penalty coefficient and decay coeffi-
cient, respectively. This penalty term constrains the number
of effective channels that are not stimulated to be as few as
possible. In particular, when the physical locations of differ-
ent channels are closer, the probability of them being stim-
ulated simultaneously becomes higher (rather than stimulat-
ing only a subset of these channels, even though stimulating
only this subset could already make Lp,tno very small).

Lpath1 =

‘CPach =

12)



Overall Loss for the ESG By combining Path 1, Path 2,
and the channel activation constraint, the parameters of ESG
are trained by minimizing the total objective using Adam:

Egcn = )\1£Path1 + >\2£Path2 + ‘Ccona (13)

where \; and )\, control relative importance of two paths.

Stage C: Background Gated Network (BGN)

Given that multiple studies (Cogan 2008; Aungaroon et al.
2017; Larkin et al. 2022; Vatsyayan and Dayeh 2022; Vat-
syayan et al. 2021) have shown excessive cortical electrical
stimulation can increase the risk of neuronal necrosis, tissue
damage, electrode failure, and even trigger after-discharges
or seizures, we further train a BGN (see the lower part of
Figure 1) to filter visual inputs. This ensures that only im-
ages containing key information trigger cortical stimulation.

BGN consists of a ResNet backbone modified with
CBAM layers to dynamically refine feature maps. Given I;,
BGN indicates whether the image contains key information:

p; = Sigmoid (FC (CBAM-ResNet(I;))) (14)

Experiment
Datasets

In our study, we used two self-collected datasets: Mon-
key Neural-Image Viewing Dataset (NIVD) and Monkey
Vehicle Obstacle Avoidance for Food — Neuro-Visual
Dataset (MVOAF-NVD). Refer to Appendix C for more
description of these two datasets. For details on how NIVD
and MVOAF-NVD were collected, refer to Appendix C.1,
Appendix C.2, and Supplementary video 1.

Implementation Details

For all hyperparameter choices and implementation details
related to data preprocessing and the training of MindSight,
please refer to Appendix B.

Receptive Field Mapping

We used a fast RF mapping method similar with (Fiorani
et al. 2014) to get the receptive fields of neurons. Refer to
Appendix E for more details.

Electrical-Stimulation-Induced Saccade

We followed previously reported methods (Chen et al. 2020)
to conduct electrical-stimulation-induced saccade experi-
ments on our monkeys. We found that at least 16 channels
per electrode are required to elicit effective phosphene per-
ception, which motivated the design of Channel Activation
Constraint. For more saccade experiments details, refer to
Appendix F and the corresponding Table S1.

Behavioral Validation Experiments in Monkeys

To validate the efficacy of MindSight, we designed a delayed
match-to-sample (DMS) task and a driving-based obstacle-
avoidance foraging (DOAF) task. Refer to Appendix G and
Figure S1 for more description of these two tasks.
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Figure 2: Decoding Performance Comparisons on NIVD
Test Set. a. Some examples of decoded images. b. We eval-
uated four models (ours, DGMM, SID, and UNet-based)
on the NIVD test set using three evaluation metrics: MSE,
SSIM, and PSNR. Error bars represent standard deviation of
the mean normalized performance.

Results

For MindSight, it is mainly necessary to validate the results
of the following modules it contains: 1. Decoding perfor-
mance of MID, as it indirectly affects the performance of
ESG; 2. Phosphenes generated by ESG; 3. Performance of
ESG in DMS; 4. Performance of ESG and BGN in DOAF.

Performance of MID

We evaluated the performance of MID on the test set of the
NIVD (4,037 cropped images with corresponding MUAS).
Figure 2a demonstrates MID’s decoding results on some ex-
amples. As shown in Figure 2b, MID was compared with
several state-of-the-art pixel-level decoding models—SID
(Zhang et al. 2020), UNet-based model (Zhang et al. 2022),
and DGMM (Du et al. 2018)—using evaluation metrics in-
cluding mean square error (MSE) that describes the abso-
lute difference of every pixel, the structural similarity index
measure (SSIM) that captures the details or image distor-
tion (Wang et al. 2004), and the peak-signal-to-noise-ratio
(PSNR) that characterizes the global quality. For clarity, we
utilized normalized model performance. Specifically, each
model’s score for every test sample was normalized against
MID’s scores, where the ratio for MID is defined as 1. Values
above 1 indicate better performance than MID, while values
below 1 indicate inferior performance. For the other three
models, we calculated the mean and variance of their nor-
malized performance across the entire test set. Compared to
the other three models, MID from MindSight exhibited su-
perior performance across all three metrics.
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Figure 3: Phosphenes Evoked by ESG in DMS. The first row
shows eight possible visual percepts in DMS. The second,
third, and fourth rows show the phosphenes that ESG would
theoretically evoke for VM22, VM23, and VM15, respec-
tively, when targeting each desired visual percept.

N

Visual VM22 VM23 VM15

percepts " . N
IoU Dice IoU Dice IoU Dice
Triangle 0.60 0.75 0.57 073 043 0.60
Cross 0.64 0.78 0.68 081 048 0.65
Circle 0.61 076 0.57 073 048 0.64
Rectangle 0.52 0.68 046 0.63 036 0.53
bar (0°) 0.76 086 0.64 0.78 0.61 0.76
bar (45°) 0.69 0.82 0.73 0.84 058 0.74
bar (135°) 0.67 0.80 0.70 0.82 047 0.64
bar (90°)  0.67 0.80 0.60 0.75 049 0.66

Table 1: Quantitative Results for Figure 3. For each mon-
key, we compute the similarity between each desired visual
percept and the corresponding phosphene evoked by ESG.
Since the focus here is primarily on shape and contour, the
original visual percept images are first preprocessed (e.g.,
binarization) before computing the Intersection over Union
(IoU) and Dice Similarity Coefficient with the phosphenes.

Phosphenes Evoked by ESG

We also evaluated the simulated phosphenes evoked by ESG
in both DMS and DOAF. As shown in Figure 3, we as-
sessed the theoretical phosphenes that would be induced by
the stimulation parameters generated by ESG when aim-
ing to evoke different desired visual percepts in DMS for
VM15, VM22, and VM23. The phosphenes evoked by ESG
vary across monkeys (Table 1 provides a quantitative sum-
mary for each monkey), due to differences in electrode im-
plantation sites, which in turn lead to variations in receptive
fields (see Appendix E for more details). These differences
in electrode and receptive field distributions influence the
training of MindSight, as described in Equations (7), (8),
and (10). The results for VM15 are significantly worse than
those for VM22 and VM23, primarily due to the suboptimal
distribution of electrode implantation sites. The phosphenes
evoked by ESG in DOAF will be detailed in Section Perfor-
mance of ESG and BGN in DOAF.
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Figure 4: Examples of Phosphenes Evoked by ESG in
DOAEF. The first row shows the results of background fil-
tering, where irrelevant information such as door handles,
curtains, and walls does not trigger electrical stimulation.
Rows two through six illustrate the stimulation evoked for
the food dispenser and various markers at different angles
and distances as the cart moves.

Performance of ESG in DMS

The ESG trained on NIVD was first validated in DMS (as
outlined in Section Behavioral Validation Experiments in
Monkeys). We evaluated model efficacy by measuring the
monkey’s behavioral success rate in DMS, where the choice
relies entirely on electrical stimulation, with no visual cues
provided. Figure S1 displays four-class DMS, with the two-
class DMS differing only in the final selection step between
two shapes instead of four shapes. Figure 5a shows the dy-
namic performance of behavioral success rates in a two-
class DMS during one session. With electrical stimulation
from the ESG, the monkey maintained high accuracy (red
region). However, when the stimulation was removed, the
success rate immediately dropped to chance level (green re-
gion). As shown in Figure 5b, the results of MindSight’s
ESG in two-class DMS were compared with those from an-
other Chen’s study (Chen et al. 2020). Both experiments
followed nearly identical protocols, except that Chen used
some different shapes, such as “T” and “L”. We validated
our method using two monkeys (monkeys 22 and 23), while
Chen used monkeys A and L, with results statistically aggre-
gated over 10 sessions per monkey. The comparison reveals
that our method achieves higher stability. Moreover, com-
pared to (Chen et al. 2020), MindSight also offers greater
flexibility, as it can directly adapt to arbitrary inputs with-
out the need for additional manual intervention. Such robust-
ness and flexibility are crucial for the future application of
visual prosthetics. We additionally demonstrated the mon-
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Figure 5: Validation on the DMS Task. a. Dynamic performance of MindSight in two-class DMS task during one session. b.
Performance comparisons in two-class DMS task. Error bars represent the SEM (Standard Error of the Mean). N, number of
sessions for each monkey and model. ¢. Dynamic performance of MindSight in four-class DMS task during one session.

keys’ performance in four-class DMS (which has not been
explored in (Chen et al. 2020)). Figure Sc illustrates the dy-
namic performance of behavioral success rates in one ses-
sion for monkeys 22 and 23, respectively. Similarly, a con-
trol group without electrical stimulation was set up, confirm-
ing that MindSight’s correct rate far exceeded the chance
level (25%). Supplementary videos 2 and 3 demonstrate ex-
amples of MindSight applied to 2-class (Monkey 22) and
4-class (Monkey 23) DMS, respectively, showing the mon-
keys performing continuous correct trials. See Appendix H
for details of Supplementary Videos 2-3.

Performance of ESG and BGN in DOAF

The ESG (trained on MVOAF-NVD) was validated in
DOAF (as outlined in Section Behavioral Validation Ex-
periments in Monkeys). Because a full session is lengthy,
Supplementary Video 4 presents only segments highlight-
ing MindSight’s performance at key moments (e.g., when
the monkey observes markers on walls, food dispensers, or
irrelevant background). In the video, left panel shows head-
mounted camera footage (on a head-fixed monkey), with the
red dashed box representing a 64x64 region corresponding
in both size and position to the receptive field covered by
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implanted electrodes. Upper-right display shows the content
within this red dashed box, which serves as the input to ES-
G/BGN. Lower-right panel simulates the visual perception
evoked by the electrical stimulation commands generated
by ESG (Equation (10)), combined with BGN outputs. For
easier viewing, Figure 4 presents some frames from Sup-
plementary Video 4 as illustrative examples. BGN-triggered
stimulation activates only during key cues (e.g., markers,
obstacles, and food dispensers), filtering out irrelevant in-
formation to avoid the risks associated with excessive elec-
trical stimulation. Notably, despite variations in the shape,
angle, and position of markers and food dispensers as the
cart moves, MindSight consistently evoked effective visual
perceptions.

Conclusion

We present MindSight, a framework for visual restoration
via cortical electrical stimulation. By integrating differen-
tiable biophysical modeling with dual-path training, Mind-
Sight outperforms other approaches and shows good perfor-
mance with comprehensive validation through novel primate
experiments. For additional discussion, see Appendix I.
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