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Abstract

Inspired by the data-efficient spiking mechanism of neurons
in the human eye, event cameras were created to achieve
high temporal resolution with minimal power and band-
width requirements by emitting asynchronous, per-pixel in-
tensity changes rather than conventional fixed-frame rate
images. Unlike retinal ganglion cells (RGCs) in the human
eye, however, which integrate signals from multiple photore-
ceptors within a receptive field to extract spatio-temporal
features, conventional event cameras do not leverage local
spatial context when deciding which events to fire. More-
over, the eye contains around 20 different kinds of RGCs
operating in parallel, each attuned to different features or
conditions. Inspired by this biological design, we intro-
duce Neural Ganglion Sensors, an extension of traditional
event cameras that learns task-specific spatio-temporal reti-
nal kernels (i.e., RGC “events”). We evaluate our design on
two challenging tasks: video interpolation and optical flow.
Our results demonstrate that our biologically inspired sens-
ing improves performance relative to conventional event
cameras while reducing overall event bandwidth. These
findings highlight the promise of RGC-inspired event sen-
sors for edge devices and other low-power, real-time appli-
cations requiring efficient, high-resolution visual streams.

1. Introduction
Event cameras can offer numerous advantages over frame-
based image sensors that are crucial for the extreme con-
straints of emerging edge devices such as autonomous vehi-
cles, robotics, and augmented/virtual reality. These include
high temporal resolution, low latency, low power consump-
tion, low bandwidth, and high dynamic range. Whereas tra-
ditional cameras output intensity frames at a fixed frame
rate, a traditional event camera outputs asynchronous spikes
that capture differences in intensity. This design was ini-
tially inspired by the spiking nature of retinal ganglion
cells (RGCs) which encodes the light hitting our retina
into information-dense spikes and transmits the signals to
our brain. Event cameras have shown promise in many
tasks including action recognition [21, 22, 45], optical flow

[51, 52, 58], depth or shape estimation [24, 39, 60], and
more [20]. However, event cameras are still limited com-
pared to their biological analogues. While RGCs can ag-
gregate information spatially across an area on the retina,
event cameras only operate on a per-pixel basis: each pixel
sends events independent of neighboring pixel information.

Most RGCs use local spatial information to decide
whether or not to fire. There are roughly 20 kinds of RGCs
in the human eye, and while the exact function of each
varies, in general, these retinal ganglion cells receive in-
formation from not just a single photoreceptor, but rather a
small group (as in midget cells) or from an even larger re-
ceptive field (as in parasol cells) to decide whether to send
an action potential to the brain [61]. One identified organi-
zation these RGCs operate with is a center-surround orga-
nization, in which the center receptive field is compared to
the surrounding larger selected region to determine whether
or not to fire a spike [29]. For example, CENTER ON cells
look for where the center is on (light falls on the photorecep-
tor) and the surround is off, and CENTER OFF cells look
for the inverse. In the human eye, this organization can al-
low for edge and contrast enhancement. In addition, there
are direction-selective RGCs that are attuned to specific spa-
tial frequencies, color-sensitive RGCs, and temporally at-
tuned RGCs specialized for flicker or motion, etc. [50].
There are roughly 1.5 million RGCs in our eye that dis-
till the information falling on our roughly 120 million pho-
toreceptors, encoding the spatio-temporal information into
sparse binary spikes. This raises our motivating question:
How can we replicate the retina’s diverse retinal circuitry to
achieve more efficient and versatile vision and perception?

Towards this end, we revisit the retina’s bandwidth-
efficient design principles and seek to learn the optimal set
of functions for generating events, bridging the gap between
conventional event cameras and their biological counter-
parts. Specifically,
• we introduce a framework for learning asynchronous,

spatio-temporal events to optimize performance and
bandwidth for perception tasks;

• we develop a differentiable event simulator;
• we show that integrating local spatial information can im-
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prove the performance on vision tasks over event cameras
while exhibiting lower bandwidth;

• we explore learning multiple complementary event
“channels,” further enriching the captured information
and boosting performance.

2. Related Work

2.1. Retinal ganglion cells
Recent literature has made significant progress in under-
standing how visual signals are processed even before they
leave the human retina [19, 25]. Here, photoreceptors sense
the incoming light, and the resulting signals are transmitted
through and modulated by a diversity of horizontal, bipo-
lar, and amacrine interneurons before being processed by
roughly 20 different types of retinal ganglion cells (RGCs).
The variation in interneuron pathways and RGC activation
create multiple parallel retinal circuits or functions that ex-
tract a variety of complementary visual features at the retina
[49], resulting in spikes sent to the brain. While the specific
visual features identified by each RGC can vary, the out-
put of RGCs can generally be described by similar struc-
tures. As a result, biologists often use simplified models
such as the linear–nonlinear (LN) cascade model [9, 13],
the Hodgkin–Huxley model [26], and the various integrate-
and-fire models [28, 44, 59]. There are also recent works in
using deep learning techniques to try to predict retinal re-
sponses to natural images [7, 38, 43]. From this literature,
the key insight that we apply to our work is that ganglions
receive signals not only across time but also across space
from a receptive field of photoreceptors, not just a single
one. In addition, our eyes also use multiple types of RGCs
in parallel for efficient sensing.

2.2. Event cameras
Mahowald and Mead first introduced the silicon retina in
the late 1980s [35], which quickly led to the development
of the Dynamic Vision Sensor (DVS) or the event camera
[16, 32, 47]. In these systems, each pixel operates inde-
pendently, always comparing the current intensity to a pre-
viously memorized intensity. If the intensity difference is
larger than a set threshold value, an “event” is sent. The
outputted information includes an x-y location, timestamp,
and the polarity of the brightness change. The pixel then up-
dates its memorized value to the intensity that triggered the
output. Other variants of event cameras include the Asyn-
chronous Time-based Image Sensor (ATIS) [46], where an
event trigger will also readout the intensity value at the
given pixel or encode intensity through inter-spike time in-
tervals [14], and the Dynamic and Active Pixel Vision Sen-
sor (DAVIS) [3, 10], which outputs full frame intensity
values at a slow frame-rate along with the asynchronous
events. While the events in these systems are inspired by

the basic spiking nature in the retina, they don’t utilize the
spatial surroundings. Recently, Li and Delbrück introduced
the Center Surround Dynamic Vision Sensor (CSDVS) and
illustrated the potential benefits of using a center-surround
organization and suggested a future hardware implementa-
tion to achieve such a sensor with lateral polysilicon re-
sistors and controllable transverse conductance [17, 31].
In 2023, [33] proposed using a pattern of different event
thresholds across the sensor, analogous to spatially varying
pixel exposures seen in computational imaging [37, 41, 42].
Most recently in 2024, [57] presented Generalized Event
Cameras, which explored a few kinds of statistical “differ-
encing” methods, of which included the spatial dimension.
They also introduced a nice breakdown of a general event
camera as “when to send” and “what to send.” While there
are similar notes, the fundamental formulation as well as
outputs are different: they output full intensity values while
our approach remains truer to the human retina and the orig-
inal event camera, sending just binary bits. Inspired by
the human retina, we also uniquely explore learning mul-
tiple parallel task-specific RGCs and optimize specifically
for bandwidth, not just performance.

2.3. Event-based processing in vision applications

There are a number of representations used to process asyn-
chronous events in computer vision including event-by-
event processing, events paired with intensity frames, and
events processed in voxel grids. Recent review papers
[20, 66] offer good insight into the advantages and disad-
vantages of each. Of these approaches, two of the most
common ways to process events are either by utilizing spik-
ing neural networks (SNNs) or by aggregating events into
image-like frames and using conventional convolution neu-
ral networks (CNNs) [15]. While SNNs have been success-
ful in a number of tasks including image classification [68],
object detection [55], video reconstruction [70] and more
[1, 8, 23, 67], they can be difficult to train as there is no
traditional back propagation and they are relatively new, so
are still catching up to the more mature field of CNN-based
computer vision. As a result, most state-of-the-art networks
[18, 36, 48, 67, 69] opt to aggregate events into voxel-like
grids and use more traditional image-based computer vision
techniques. As this is the most popular method, we create a
differentiable binning procedure to backpropagate through
event voxel grids to be able to learn task-specific events.
In our work, we demonstrate that augmenting event cameras
with additional biologically inspired spatial aggregation can
improve performance for machine vision tasks. Further-
more, we explore learning multiple RGC channels and in-
troduce a framework for optimizing these asynchronous
events for bandwidth and performance.
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Figure 1. Analogy between Neural Ganglion Sensors and the Human Retina. On the left, we show a simplified diagram of different
layers in the human retina. Light hits the photoreceptors (rods and cones), of which there are about 100 million per eye. The signals get
transferred and modulated through Bipolar cells along with additional Horizontal and Amacrine cells. In the end, the roughly 1 million
Retinal Ganglion Cells (RGCs), receive signals from a small area on the retina, not just from a single photoreceptor. These RGCs look at
the pattern of information to decide whether to send a spike signal to the brain. We see spatial and temporal pooling occurs in the first few
layers of the retina to encode all the information into bandwidth efficient spiking potentials. On the right, we show our proposed Neural
Ganglion Sensor, an event camera augmented to better match the human retina.

3. Proposed Method
3.1. Model of RGC Events
The linear-nonlinear cascade (LN) is a popular way to
model the response of RGCs [13]. In these models, the
Poisson spike rate of a neuron is determined by a linear
spatio-temporal filter and a nonlinear activation. Specif-
ically, the probability, P that a neuron spikes can be de-
scribed as a continuous 3D convolution of the intensity, I ,
over space x, y and time t followed by a non-linearity f :

P (x, y, t) = f

([
W ∗ I

]
(x,y,t)

)
(1)

where ∗ denotes the convolution operation, and W is a ker-
nel with the weights of the spatiotemporal filter.

From the LN model, the event camera emerged with a
few simplifications. Firstly, the probabilistic spiking is re-
placed with a deterministic activation if the output of f ex-
ceeds a threshold δ. Secondly, the continuous intensity I is
split temporally into the current intensity Icurr and a mem-
ory intensity Imem. Lastly, the W filter is reduced to a sim-
ple temporal differencing. For Neural Ganglion Sensors,
our RGC event formulation uses the first two simplifications
of conventional event cameras, but reintroduces the spatial
dimension. The resulting model for when a RGC event is
triggered becomes:

P (x, y, t) = 1

(
f
([

W ∗ (Icurr − Imem)
]
(x,y,t)

)
> δ

)
(2)

where 1 is the indicator function.
Biological neurons are limited to outputting binary

spikes, which is bandwidth efficient and fast to transmit.
Similarly, when an event is triggered in event cameras, the
output O for each event triggered is binary and can be com-
puted by the polarity of the difference:

O(x, y, t) =

{
sign(Icurr − Imem)(x,y,t) if P (x, y, t) = 1

None if P (x, y, t) = 0

(3)

In addition, when the event is triggered at pixel (x, y),
Imem(x, y) is updated to Icurr(x, y).

Imem(x, y) =

{
Icurr(x, y) if P (x, y, t) = 1

Imem(x, y) if P (x, y, t) = 0
(4)

With these three equations defining the event trigger, the
output, and the memory update, we have our full RGC event
model. In fig. 1, we draw the parallel between the human
retina and Neural Ganglion Sensors.

3.1.1. Event Camera model
Pixels in traditional event cameras operate independently
of other pixels. Our RGC event formulation in equation 2
reduces to the traditional event camera when W is simply
the identity kernel, and f is the absolute value function.

P (x, y, t) = 1

(
|Icurr − Imem|(x,y) ≥ δ

)
(5)
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The equations for the output (eqn. 3) and the memory up-
date (eqn. 4) remain the same. While this formulation en-
ables event cameras to mirror the temporal aggregation of
the retina, ganglion cells observe light from a receptive
field, not just at a single point [49].

3.1.2. Center–Surround Model
One type of spatial aggregation for RGCs is the center–
surround organization. At a high level, this allows for con-
trast or edge enhancements, spatial filtering, and more. In
a given receptive field, the center pixels are compared to
the surrounding pixels. Center ON cells look for when the
center is excited and the surround is inhibited. Center OFF
cells look for the inverse. Midget and parasol cells, two of
the most ubiquitous cell types in the retina, each have Cen-
ter ON and OFF configurations, though their spatial reaches
differ, making them more attuned to different spatial fre-
quencies. To achieve this spatial behavior with our RGC
event formulation, the center pixel can be compared to the
average value of the surround. W would be set to a k × k
kernel with 1 in the center pixel and weights summing to
−1 in the surrounding pixels to model a Center ON. Center
OFF would be the same kernel, but negated. Again, f is the
absolute value function. Similarly, another variation of the
center–surround was suggested by [17]. In their case, the W
kernel was set to:

W =
∣∣∣0 1 0
1 −4 1
0 1 0

∣∣∣ (6)

3.1.3. Modeling other Human RGCs
With our RGC model, we can represent a number of other
diverse RGC types found in the human eye. Although the
exact functions of all human RGC types are still being
characterized, incorporating spatial context plays an inte-
gral role in event sparsification. Our approach is not con-
strained to strictly biologically accurate RGCs but instead
draws conceptual inspiration from their functional diversity.

3.2. Simulator to Learn Task-Specific RGC events
While the human retina inspires us, in the end, what visual
features our eyes evolved to be attuned to may be very dif-
ferent from what machine vision would find important. As
in deep learning where we moved from handcrafted features
to learned features, here we follow a similar trajectory and
learn what may be useful for perception tasks. We take our
proposed model of a RGC event and learn the W kernel and
the threshold values to tailor our sensing for vision applica-
tions. In order to do so, we need to backpropagate through
to the event generation, so we build a differentiable event
simulator which will be open-sourced.

3.2.1. Simulating RGC events
We construct our event generation based on ESIM and
V2E [27], the two most widely used event simulators. How-
ever, we also support spatial kernels, allowing us to simulate

diverse types of RGC kernels that goes beyond conventional
events. We incorporate non-uniform thresholds, refractory
periods, separate and learnable positive and negative con-
trast thresholds, and the option to operate on log or linear
intensity. Analogous to how human eyes have 20 kinds of
RGCs, we also support learning multiple kinds of events,
either through spatially-varying thresholds and kernels in a
2-by-2 bayer-like pattern or through multi-channel events.

3.2.2. Differentiable binning
Current state-of-the-art event-based vision pipelines pre-
process events into sparse frame-like images or sparse vox-
els. This allows researchers to build off of the plethora of
works in frame-based computer vision. In this work, we
seek to learn events for two different tasks, one that uses
events and RGB images, as is common with the DAVIS sen-
sor and other emerging industry sensors, and the other that
uses just events. In both cases, the state-of-the-art works
we build off of pre-process the events into a voxel-like data
structure. To learn our RGC kernels, we must backprop-
agate through these voxel structures to the event genera-
tion, so we implement differentiable binning. Our binning
is performed with a closed-form solution that can compute
binned RGC events from high-speed video. This combines
the functionalities of video-to-event simulators and conven-
tional event pre-processing. Following recent approaches
[56, 63], events are weighted linearly into the two closest
time bins. For each pair of frames at time tk and tk+1 in the
input high-speed video, the events generated between the
frames are distributed into the two nearest neighboring bins
at times t−bin and t+bin, as described by the following equa-
tions. Here, IRGC is the output of the RGC kernels, α is the
time spacing between events, β is the time offset to bin−,
pol is the polarity of the generated events, and N is the
quantized number of generated events:

IRGC = W ∗ (Icurr − Imem)

pol = sign(IRGC)

α =
tk+1 − tk
IRGC/δ

β = (tk − t−bin) (7)
N = IRGC//δ

where δ is either the positive or negative threshold, de-
pending on the polarity of IRGC . Each event generated is
weighted linearly into the two bins, depending on the dis-
tance, wi, to each bin.

wi =
β + (i+ 1) ∗ α

t+bin − t−bin

bin−i = (1− wi) · pol (8)

bin+
i = wi · pol
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Binning all the events generated between the pair of frames,
we get the following:

bin−
frame =

N−1∑
i=0

bin−i

bin+
frame =

N−1∑
i=0

bin+i (9)

We can derive the closed-form solution for these summa-
tions by using the formula for the sum of an arithmetic se-
quence:

bin−frame = pol ·
(
1− β

t+bin − t−bin

)
· N

−
(

α

t+bin − t−bin

)
· pol · (N + 1)(N )

2

bin+frame = pol ·
(

β

t+bin − t−bin

)
· N

+

(
α

t+bin − t−bin

)
· pol · (N + 1)(N )

2

(10)

These equations are for a pair of frames and are applied
for all the pairs in the video sequence to get the full voxel
grid. With these closed-form equations and the straight-
through-estimator [2] for quantized operations, we can now
backpropagate from the binned events inputted to our vi-
sion models directly through to the RGC kernels, W , that
we want to learn. We additionally extend our formulation
to include non-zero refractory periods. See the supplement
for these details.

3.2.3. Optimizing Bandwidth and Performance
In this work, we seek to learn the RGC kernels for two
tasks: video interpolation and optical flow. We use task-
specific loss functions, specifically Charbonnier pixel-wise
loss [12, 30] and a masked L1 loss respectively. To optimize
for sparsity while fitting our learned RGC kernels, we add
an additional weighted L1 loss on the number of events to
push the model to learn RGC events that maximize perfor-
mance while minimizing the number of total events.

4. Experiments
We experiment with two tasks to demonstrate the potential
benefits of learning RGC events in both DAVIS (intensity +
events) and DVS (events only) settings.
1. Video interpolation is one of the most challenging tasks

for event cameras and can act as an plug-and-play con-
nection to perception tasks. The state-of-the-art uses out-
put from a DAVIS camera.

2. Optical flow is a particularly useful perception task. In
this case, only events are used.
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Figure 2. Video Interpolation Performance vs Bandwidth
Trade-off. We perform video interpolation using DVS, CS-
DVS, CSDVS-Delbrück, RGC-log (learned, log regime), RGC-lin
(learned, linear space), and RGC-lin-sv (learned, linear space, and
spatially varying). For any given bandwidth, RGC-lin-sv provides
the best performance.

For both tasks, we learn the RGC for improving perfor-
mance and bandwidth. At the end of this section, we also
delve into a number of questions the reader may be curious
about, including if learning not one, but multiple kinds of
RGC types, improves performance.

4.1. Video Interpolation
We train the state-of-the-art model [56] by Sun et. al that
performs video interpolation from events. In the original
work, two intensity frames along with the events triggered
in-between are fed into their model. From this, they recon-
struct 7 frames in-between the two base frames. The origi-
nal work used ESIM to simulate events from the high-speed
GoPRO dataset [40]. To learn our events, we replace ESIM
with our differentiable simulator. We train with a variety
of learned event settings and sparsity weightings to tune the
overall average bandwidth. We train the interpolation model
with a learning rate of 2e−4 and our RGC kernels with a
learning rate of 5e−5 end-to-end for 200,000 iterations. We
use the Charbonnier pixel-wise loss and our sparsity loss
with varying weights to tune performance and bandwidth.
Our simulator allows us to learn spatially-varying events
too. In this setting, we learn a 2 by 2 bayer-like pattern
of kernels and thresholds.

4.2. Optical Flow
For optical flow, we built off of the state-of-the-art optical
flow from events model [63] by Wu et. al. We utilize the
TartanAir dataset [62] as it has ground truth optical flow.
Similarly to [64], we use EMA-VFI [65] to interpolate the
RGB video before feeding the frames into our differentiable
simulator, interpolating 15 frames between each pair. These
intensity frames are used to simulate the RGC events but
are not used to recover optical flow. In this task, only events
are used to predict flow. We use the “Hard” subset of Tar-
tanAir. It provides 18 different scenes, with about 10 tra-
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jectories in each scene. Each trajectory has roughly 1,000
frames. To speed up training, we create train, validation,
and test datasets from the “Hard” subset of the TartanAir
Dataset, saving out random crops of the interpolated images
and ground truth optical flow. For maximal generalizabil-
ity, we split train/val/test at the scene level. The generated
dataset has 44,776 training sequences, 5,000 validation se-
quences, and 5,000 test sequences. Using this dataset and
our differentiable event simulator, we learn the RGC kernels
and optical flow model end-to-end.

5. Results

5.1. Video Interpolation Results

We present the bandwidth vs. performance tradeoff for in-
terpolating 7 frames between pairs of frames, recovering
240fps from 30fps. Fig. 2 shows the trade-off between
bandwidth and performance of different types of events in-
cluding the traditional DVS, the two variants of the center-
surround (CSDVS and the hand-crafted CSDVSDelbrück), our
RGC-log (learned RGC in the log intensity domain) and
RGC-lin (learned RGC in linear domain). We also show
spatially-varying events in the same plot as RGC-lin-sv.

As shown, RGC-lin achieves better performance at any
given bandwidth compared to the traditional DVS. Further-
more, adding spatially varying events and thresholds pushes
the performance vs bandwidth pareto front up to the left
even more. For example, DVS achieves 33.8dB at 33.0k
average events per bin while RGC-lin-sv achieves 35.4dB
with 32.2k events, a 1.6dB increase using the same number
of events. Similarly, if we look at a given performance, such
as the 33.8dB that DVS achieves in 33.0k events, RGC-
lin achieves 33.8dB with 9.9k events or over 3.3× fewer
events, and RGC-lin-sv achieves 33.6dB with 5.9k events
or over 5.7× fewer events. These clear benefits highlight
the promise of our learned RGC events.

Fig. 3 shows a few examples of the reconstructed videos.
The comparisons are for a given average bandwidth of about
20,000 events per bin, specifically 20, 716 events for DVS,
20, 357 for CSDVS, and 19, 557 for RGC-lin. Averag-
ing over the full GoPRO test set sequences, DVS achieves
32.7dB in PSNR, CSDVS achieves 33.0dB, while RGC-lin
reaches 34.4dB, 1.67dB higher than DVS. As the middle
frame in the sequence is the most challenging to predict,
images and metrics (PSNR and SSIM) shown are for the
middle frame in each scene. We show the events gener-
ated and zoom-ins to details in the reconstructed images. In
the ground truth column, we also show the alpha-blended
start and end frames of the sequence to illustrate the amount
of motion being interpolated. Quantitatively, our learned
RGC-lin achieves higher PSNR and SSIM given the same
bandwidth as DVS or CSDVS. Qualitatively, the recon-
structed structures are sharper and truer to the ground truth.

Table 1. Optical Flow Quantitative Results. We compare
models trained on DVS with different contrast threshold magni-
tudes, (which effectively changes the bandwidth), against two of
our learned RGC-lin models at different bandwidths. RGC-linlite

and RGC-lin are the same base model, just trained with different
sparsity loss weightings. End-point-error (EPE) is the L2 norm
between the predicted and ground truth flow. 1PE is the percent-
age of pixels that have a predicted flow that is off by more than 1
pixel. 3PE is the percentage of pixels off by more than 3 pixels.

DVS 0.1T DVS 0.3T DVS 0.5T RGC-linlite RGC-lin

Bandwidth 7.30M 4.11M 2.77M 2.10M 3.80M
↓ EPE 2.80 3.02 3.33 2.75 2.42
↓ 1PE 55.1 60.8 66.3 52.4 47.1
↓ 3PE 20.1 23.0 26.1 20.7 17.4

5.2. Optical Flow Results

In this task, solely events are used to reconstruct the optical
flow. Similarly to interpolation, learning the kernels pro-
vides improved performance and lower bandwidth. In Ta-
ble 1, we compare the models trained end-to-end with our
learned RGC-lin to multiple models trained on DVS out-
puts of different contrast thresholds. The higher the contrast
threshold, the fewer the events. RGC-lin and RGC-linlite are
the same model, just trained with different sparsity weight-
ings resulting in different average bandwidths. Over the test
set, our learned kernel for optical flow provides the best
performance over all metrics. We use the standard met-
rics: End-point-error (EPE) is the L2-norm between pre-
dicted and ground truth flows, 1PE is the percentage of pix-
els whose flow is off by more than 1 pixel, and 3PE is the
percentage of pixels whose flow is off by more than 3 pix-
els. For DVS, the performance increases with the number
of events. However, the best performance comes from the
learned RGC-lin kernel, which achieves an EPE of 2.42,
better than even the DVS model with nearly twice the num-
ber of events. In fact, at the same performance as the DVS
0.1T model, the learned approach only needs 2.10M events,
which is 3.5 times fewer events.

Fig. 4 shows three samples of the optical flow recon-
struction from DVS and from our Learned RGC-lin events.
The DVS model corresponds to DVS 0.1T from tab. 1, as it
had the best performance among the DVS models. Learning
the kernel end-to-end allows RGC-lin to better reconstruct
the flow of the whole frame than DVS while lowering over-
all bandwidth.

5.3. Insights from the Learned Kernels

In fig. 5, we show a comparison of the DVS, CSDVS, and
the learned kernels. As we can see, the best kernels for in-
terpolation and optical flow differ greatly, which is not sur-
prising as the tasks are quite different. However, this high-
lights how choosing a single sensing kernel like the DVS
for every task can limit the potential performance.

For interpolation, the learned kernel reveals that the
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Figure 3. Video Interpolation Qualitative Results. For each scene, we compare the reconstructions of the middle frame in the sequence
for DVS, CSDVS, and RGC-lin. The top row shows the generated events, binned into the corresponding middle time bin, the second is the
predicted image and the bottom row shows zoom-ins. The right-most column shows the start and end frames, alpha-blended, ground truth
frame, and zoom-ins. PSNR(↑) and SSIM(↑) metrics are shown for each reconstruction.

model places importance on local contrast as its ring struc-
ture emphasizes sharp changes in intensity. It effectively
captures something akin to an edge detection or bandpass
filter, which can be a powerful cue for figuring out how in-
termediate frames should look.

For optical flow, the kernel has even greater contrast.
While the kernel for interpolation was nearly symmetric, the
kernel for optical flow is strongly asymmetric, exhibiting
some direction-selectivity or the importance of directional
gradients. In our eyes, we also have direction-selective
RGCs that are more attune to detecting motions, and they
are also asymmetric or have elongated receptive fields.

Additionally, in our supplement, we study how the
learned kernels change as we increase the receptive field
and as we increase bandwidth for video interpolation. In
the first study, we sweep kernel sizes k = 3, 5, 7, 9, 11 and

find that the performance stays roughly the same at a given
bandwidth. In the second study, we increase the weighting
on the sparsity loss to tune the bandwidth. We include visu-
alizations of the corresponding kernels in the supplement.

5.4. Multi-Event Exploration

Inspired by the diversity of RGCs in the human eye, we ex-
plore models with increasing number of learned RGC types
per pixel location for the task of interpolation. With one
RGC type, the kernel is roughly symmetric, but as the num-
ber of kernels increases, we begin to see asymmetry and di-
rection sensitive features appear. See the supplement for the
learned kernels. At a bandwidth of roughly 150, 000 events
per bin, learning one type of event, RGC1, achieves an av-
erage PSNR of 36.52dB. Learning just one more kernel,
RGC2, increases the performance to 36.92dB. With four
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Figure 4. Optical Flow Qualitative Results. For each sample,
the top row shows the events generated by the DVS kernel and
our learned RGC-lin kernel as well as the alpha-blended camera
frames just for reference. In this task, solely events are used to re-
construct the flow. The bottom row shows the reconstructed flows
and the ground truth flow. We show EPE↓, 1PE↓, and 3PE↓ met-
rics for the reconstructions.
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Figure 5. Comparison of Kernels. We show the 5 × 5 kernels
for DVS, CSDVS, the learned RGC-lin kernels for video interpo-
lation, and the learned RGC-lin kernels for optical flow.

types of RGCs, RGC4, we achieve 37.27dB at the same to-
tal bandwidth. In the supplement, we also show a compari-
son between RGC1 and RGC16 at a lower total bandwidth
of 10, 000 events. RGC1 achieves 33.76dB, while RGC16

achieves 35.16dB.

6. Discussion and Conclusion
We present a biologically inspired way of sensing by cre-
ating a new event-generation framework that extends the
traditional pixel-wise event paradigm by leveraging local
spatial information. For this purpose, we craft a differ-
entiable event simulator to enable learning of the RGC
kernels. We demonstrate experiments on video interpola-
tion and optical flow, showing that our learned events out-
perform both conventional DVS and center-surround DVS
(CSDVS) methods under the same bandwidth constraints.
By utilizing neighborhood context, our proposed approach
delivers richer, more informative event streams—pointing
to a promising new direction in event-based sensing for real-
time and resource-constrained applications.
Hardware Feasibility. There are several avenues for creat-
ing Neural Ganglion Sensors in hardware, especially with
the rise of in-pixel compute. [17] explored the feasibil-
ity of a center-surround DVS and proposed using polysil-
icon lateral resistors to weight the surround according to
their hand-crafted kernel. A similar resistor mesh could be
applied with our learned kernel weights. For more adapt-
ability where the weights can be dynamically updated on-
the-fly, emerging in-pixel compute platforms such as [11]
can also be an attractive candidate. These emerging plat-
forms integrate compute and memory into the sensor plane
and have already shown promise in a number of compu-
tational imaging pipelines [37, 42, 53]. Implementing the
ideal learned RGC kernels requires a multiplication in float-
ing point precision. However, the operations available on
in-pixel processors are currently limited. Some approxi-
mations or training with additional constraints would be
required for implementation on the current generation of
sensor–processors, such as operating in highly quantized
regimes where kernels are binary or ternary [4, 5, 34, 54].
Furthermore, [6] has demonstrated multiple highly quan-
tized filters per pixel, illustrating a potential route to multi-
channel RGC events. As the capabilities of in-pixel com-
pute continue to develop, our full floating point RGC ker-
nels will become feasible.
Future Directions. There are many potential extensions to
this work. In particular, exploring non-binary nonlineari-
ties could be beneficial to the vision tasks. Thresholding is
currently used as it best aligns with what we see in existing
event sensors, and the binary spikes are akin to the spiking
potential in human retinas.

As the demand for efficient sensing continues to grow
across domains, including for AR/VR headsets and drones,
we hope these insights will help guide sensor design-
ers in optimizing future event-sensing technologies. With
more compute and memory becoming available in emerg-
ing sensor–processors, Neural Ganglion Sensors will pro-
vide a promising balance: a minimal amount of on-sensor
compute for massive bandwidth savings.
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