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Abstract: The current advancement of neural networks has led to a resurgence of research in
optical computing. Exploiting the physical properties of light to enable optical neural networks
is advantageous due to optical computing’s higher parallelism, speed, and power consumption
compared to conventional compute methods. However, many state-of-the-art methods rely on
coherent light and conventional image sensors or photodetectors. For the first time, to the best
of our knowledge, we demonstrate using an event camera for reconfigurable optical compute,
implemented via a neuromorphic camera, light source, two digital micromirror devices (DMDs),
and a computer. We describe the fundamental advantages and limitations of our device, then
report initial results using the device for two simple machine learning tasks.
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1. Introduction

The impact of deep networks continues to explode, and with it the demand for fast, energy-efficient
compute. Optical computing offers desirable properties that have the potential to fulfill this
demand, with its high speed, low-latency, and parallelism. Optical approaches for performing
convolutions have a long history [1] and have seen a recent resurgence [2–4]. Convolutional
neural networks (CNNs) have also seen their own resurgence, utilizing large kernel convolutions
that rival the performance of transformer networks [5–8].

Most of the work surrounding opto-electronic neural networks (ONNs) use conventional image
sensors or photodetectors to capture the device response. However, neuromorphic image sensors
(i.e., event cameras) offer superior speed, dynamic range, and power efficiency compared to
CMOS image sensors [9]. Additionally, while photodetectors also offer high capture speeds,
their applications are limited as single-pixel detectors.

Recent research has utilized non-Fourier optical convolution methods [4,10], but the majority
of research involving optical convolutions remains in the Fourier domain [11–13]. These methods
require precise calibration. Incoherent convolutions, on the other hand, stay clear of the Fourier
domain, simplifying the required optics and calibration.

Our proposed opto-electronic convolution accelerator generates incoherent, non-Fourier
convolutions by utilizing a neuromorphic sensor, two digital micromirror devices (DMDs), a
bright light source, and a computer. The first DMD modulates incoming light to form the
convolution kernel, which is then diffused. The second DMD is patterned with the convolution
input features and positioned in the optical path. This interaction results in a convolutional response
projected onto a screen that is imaged by an event camera. In this way, the computationally
burdensome convolutions are performed optically while the digitized output is processed in
electronics, enabling various non-linearities and other functions such as batch normalization and
pooling. Additionally, our system is reconfigurable as we use DMDs for the kernel and input
features. This allows the convolutional response to be looped back into the system, enabling
machine learning applications.
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Utilizing an event camera in this way enables a novel method of capturing convolutional
responses for optical neural networks and machine learning tasks. This method offers higher
speeds and lower power consumption when compared to CMOS image sensors. As it is a
non-Fourier method, the hardware required is straightforward to calibrate. Our contributions
are:

1. The novel use of an event camera for optical computation,

2. Mathematical characterization of non-Fourier, event-based convolutions, and

3. Demonstrating our device on two simple machine learning tasks.

Finally, we note that our system utilizes binary weights, taking advantage of recent work on
binary neural networks to demonstrate our event-based opto-electronic accelerator.

Fig. 1. Top down view of our proposed device. Light is patterned with the kernel DMD then
passed through a lens to converge diffraction duplicates, which are blocked by the aperture.
After this, the light is diffused, ensuring incoherence. The kernel is then convolved with
the input features displayed on the second DMD. The result is projected on a screen, with
an event camera focused on the screen. The changing response results in an event stream,
which is processed to construct the total convolution response.

2. Related work

Optical computing exploits physical properties of light to perform data processing and computation.
It is a mature and well studied sub-field [1] with multiple textbooks written on the subject
[55,56]. In the late 1980s, neural networks were implemented in optical hardware as the result
of cross-disciplinary collaboration [57–66], but enthusiasm died down after this. Recently, the
resurgence of neural networks in computer vision has led to new impacts and research in the
field, as outlined in Table 1.

Deep Diffractive Networks: Deep diffractive neural networks (D2NNs) utilize diffraction
[14] across a series of specially engineered surfaces to construct task-specific models [15–17].
Feed-forward networks with millions of neurons and hundreds of billions of connections across
fully-connected layers have been fabricated with this method [18–21,24,25]. These approaches
are fully optical, and light attenuation usually limits the number of layers. Most deep-diffraction
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Table 1. Related work overviewa

aDeep diffractive networks utilize coherent light and specialized masks to create fully connected layers. Typically, these
networks do not have reconfigurable filters [14–23], but recent work has demonstrated this capacity [24,25]. D2NNs
typically use a CCD image sensor or array of photodectors to capture the output response. Fiber-optical convolutions
have similar properties–i.e., reconfigurable filters and fully connected layers but no feature pooling–and use coherent light
sources. Typically, these setups use a single photodetector to capture the output response. Photonic neural networks retain
the advantages of the previous approaches while also supporting feature pooling. These systems also use photodetectors.
Computational imaging, usually in the form of a computational camera or image sensor, uses incoherent light and can
support fully connected layers. However, these systems are not reconfigurable and do not support feature pooling. Our
proposed device retains the advantages of the previous work while also utilizing a unique image sensing technology: an
event camera.

neural networks do not have non-linear capabilities, limiting them to only realize linear neural
activation functions [17]. However, recent works have used special materials to create non-linear
effects, enabling more complex models [22,23].

Fiber-Optical Convolutions: Optical processing with optical fibers attempt to mimic pathways
found in the brain. Data is encoded into pulse trains that are sent down optical fibers, where
Rayleigh scattering is exploited to produce concentric backscattering patterns. Multi-mode fibers
[26,27] have seen extensive use for pattern recognition tasks [28–32]. They have been combined
with optical reservoir computing systems [33–36] to achieve high throughput rates [37].

Photonic Neural Networks: Photonic-integrated neural chips can perform fast matrix-vector
multiplications and additions [41–43]. They typically utilize either micro-loop / micro-ring
modulators [44–48] or Mach-Zehnder modulators [38–40] in conjunction with some supporting
hardware. These modulators manipulate the phase of the incoming coherent light, which is
provided by semiconductor lasers. At the end, the signal is received by a photodetector.

Computational Imaging: Simple tasks like edge detection and depth perception have been
implemented via lensless and programmable imaging. These computational cameras use a mask
placed in front of a camera sensor to perform optical convolution [49–51], use specialized lenses
for a specific task [52], or use custom image sensors [53,54]. In all cases, the input to the system
is a real world scene, and most of these efforts focus on a single passive optical convolution step
before image capture.
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3. Characterization of non-Fourier, event-based convolutions

Convolutions are the basic building block of CNNs. W.l.o.g, here we consider 2D convolutions.
Since these transformations are linear, any ND convolution can be broken up into sets of 2D
convolutions that are added together.

We consider the 2D convolution of a kernel image IK and the input features image IF, as

Iconv(x, y) = IK(x, y) ∗ IF(x, y)

=

∬ ∞

τ1,τ2=0
IK(τ1, τ2) · IF(x − τ1, y − τ2)dτ1dτ2.

(1)

3.1. Matching effective pixel sizes

Consider a convolution implemented via conventional compute methods that we wish to perform
optically. In software, the kernels, input features, and resulting convolutions are discrete, with
each element of their respective tensors having the same extent (i.e., one element equals one
element). Our device does not inherently have this constraint, as light is continuous, and the scale
of the projected images varies with the optical setup. However, the DMDs and image sensor
all have a fundamental unit dimension (i.e., pixel pitch). To accurately characterize the optical
convolution being performed, we must either ensure parity between the extent of each unit by
manipulating the optical setup or account for any disparity in software.

We start by considering the effective spatial extent of one element of the kernel, Keff , and input
features, Feff , in our optical setup for a given set of pixel pitches (Kpt and Fpt):

Keff = ςKpt

Feff = σFpt,
(2)

where ς is the software scaling factor, representing how much the kernel is upscaled on the DMD;
and σ is the optical scaling factor, dictated by the physical distances between the diffuser, the
input features DMD, and the screen as discussed by [67]. The optical scaling factor σ is given by:

σ =
u + z

u
, (3)

where the distance between the diffuser and input features DMD is represented by z, and the
distance between the input features DMD and the screen is represented by u. The software scaling
factor, ς can be used to ensure parity between the effective pixel sizes of the kernel and feature
map:

ς =
σFpt

Kpt
. (4)

3.2. Effective stride

In software, stride is typically constrained to positive integers. Fractional strides instead work by
dilating the input features with zeros. In optics, stride can be fractional without dilation and is
determined primarily by the image sensor pitch Φpt and distances u and z. The image sensor
pitch can be artificially increased by skipping pixels, decimating the result. Here the decimation
factor is denoted as ∆. From similar triangles:

Smm =
zΦpt

u
(5)

Seff =
Smm∆

Keff

=
zΦpt∆

Fpt(u + z)

(6)
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where Smm denotes the stride in millimeters and Seff denotes the effective stride in pixels.

3.3. Handling negative values

The intensity of light cannot be less than 0, so the values of kernel image IK and input features
image IF are constrained to [0,∞). The values are further constrained by the lower noise limit
of the system and the upper light intensity that the system can produce, (Imin, Imax). When we
map between the optical convolutions and digital convolutions we begin by splitting the positive
and negative parts of the desired total kernel K and input features F. Each convolution happens
optically, and subtraction occurs in software.

3.4. Temporal capture window

The time throughput of our optical device depends on the refresh rates of the DMD modules
and the temporal capture window of the neuromorphic sensor. The minimum temporal capture
window that is possible with the system is determined by the slowest device,

hmin = min(Khz, Fhz,
1
Sl
), (7)

where Khz is the refresh rate of the kernel DMD, Fhz is the refresh rate of the input features
DMD, and 1

Sl
is the pixel latency of the event camera. The minimum time needed to capture the

convolutional response is emin =
1

hmin
. Capture times greater than this slows down computation

and collects more events.

3.5. Determining effective bit depth

Convolutions performed on conventional architectures typically utilize 32-bit floating point
numbers. This results in a high dynamic range, at the expense of computational complexity. Our
device’s effective bit depth is determined by a combination of the bit depth of the sensor, the
temporal capture window, and the quality of our DMDs. The effective number of bits can be
describe by

ENOB =
SINAD − 1.76

6.02
,

where SINAD is the signal-to-noise and distortion ratio. For simplicity, we will assume distortions
are negligible. We can then determine the equation for our device’s SINAD:

SINAD = 10 log10
Psignal + Pnoise + Pdistortion

Pnoise + Pdistortion

= 10 log10
RMS(Icap)

2

st.d.(Icap)2
,

(8)

where Icap is the resulting image from a test scene.

3.6. Effect of shot noise

When capturing events, multiple forms of noise are present. Pattern noise is dependent on the
physical image sensor. Dark shot noise is dependent on temperature and can be controlled
by keeping the device adequately cooled. Poisson noise, or shot noise, always occurs when
measuring light, but is dominant in low-light imaging. To reduce power requirements, it is
desirable to run our system with the lowest amount of light possible. Additionally, a low temporal
capture window is desirable to increase speed. These two factors reduce the number of photons
converted into measurable current for a given image, and increase the amount of shot noise
present. However, reducing noise in our system is also desirable, as the noise from each captured
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convolution may compound in the post-processing needed to address negative values and multiple
channels.

Shot noise follows a Poisson distribution, and the probability that k photons hit the sensor is
given by:

P(X = k) =
λke−λ

k!
(9)

where λ is the expected value of the variable X. Loosely speaking, this is proportional to the
intensity of the light-source. We can augment the convolution equation below using the Poisson
distribution as:

Iconv(x, y) =
∬ ∞

τ1,τ2=0
C · IF(x − τ1, y − τ2) · IK(τ1, τ2))dτ1dτ2 (10)

where the term C is the cumulative distribution of the Poisson distribution. It is given by
Σ

Ne
i P(X = i ∗ ϕ), where P(X = i ∗ ϕ) is the probability of i ∗ ϕ photons with an expected value

proportional to the light source brightness B. The photon flux (photons per time unit) is denoted
as ϕ and Ne is an integer that depends on the temporal capture window e and the time unit
selected.

The cumulative term C = ΣNe
i P(X = i ∗ ϕ) varies as follows: if the number of trials increases

(or the brightness, i.e. power, of the light source increases) this number approaches 1 and the
convolution equation resembles a conventional convolution. In a low-light scene, the cumulative
term C can change the value of the convolution. In an extreme case, if the scene is very dark
with a short capture window, the probabilities will all be low, and the output of the convolution
will be near-zero.

We now characterize a worst case bound due to the effects of Poisson noise in optical
convolution. Consider the lowest light intensity across all input features in all layers of a network
Ilow
F (x − τ1, y − τ2)), which we shorten as Ilow. This value correlates to the lowest number of

events captured at a specific pixel location across all input features in all layers of a network
in software. We can place the variable cumulative term C with the term corresponding to the
lowest value Ilow, which induces the Poisson distribution P corresponding to the lowest expected
value λlow = ρB ∗ Ilow

F (x − τ1, y − τ2). Given a temporal capture window, this induces the lowest
cumulative factor Clow which is a constant, unlike the variable cumulative term C, and can be
removed from the convolution equation:

Iconv(x, y) = Clow · (IK(x, y) ∗ IF(x, y)) (11)

The impact of this factor Clow depends on the non-linear activations that are applied after each
convolutional layer. The activations, such as ReLU and tanh, are usually monotonic in most
regions, except when they cross the zero mark or contain a discontinuity.

We define the robustness of a neural network to be a pair of values (R, r). R is the maximum
percentage of such activation “flips” that it can tolerate before classification rate falls below r on
a dataset D. We then specify a bound on the noise, given the overall neural network function flow
and a desired classification rate r, which specifies the lowest value from the light source Ilow

min such
that:

Σ
|D |

i V(i)
|D|

≥ r, s.t. V(i) =

{︄
1, if flow(xi, Wi) = yi

0, otherwise
(12)

where the indicator function V tests the effect of the learned overall network function f , and
flow is the implementation of the network where every convolution is reduces by the factor Clow
before the application of non-linearity.
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4. Experimental design and results

Our device, shown in Fig. 1 and Fig. 2, consists of a 514 nm Vortran laser, two Texas Instrument
0.65-inch 1080p digital micromirror devices, and an iniVation DVXplorer Lite. Light from
the laser is passed through a convex lens before being patterned via the first DMD. From here,
we use another convex lens and aperture to block duplicate images caused by diffraction. The
light is then passed through a diffuser, ensuring incoherence, before hitting the second DMD.
The convolutional response is then projected onto a second diffuser, which serves as the image
plane for the event camera. Once captured, the event stream is reconstructed in electronics. To
perform multiple convolutions, the system uploads all relevant kernels and input features to their
respective DMDs [68] then triggers the DMDs and the event camera with a timing sequence that
captures all permutations of input features and kernel pairs.

Fig. 2. Left: Example convolutional outputs for a given kernel and input features are
shown. Optical convolutions were reconstructed from the captured event stream. Simulated
convolutions were performed with the same kernel and input features on a conventional
computer. Right: Ray diagram of our device, as pictured in Fig. 1. The distance z is a
summation of the distance between the diffuser, mirror, and kernel DMD.

4.1. Benefits of binary convolutions

While our device is not inherently constrained to binary inputs (DMDs are available with high
resolution bit depths through pulse width modulation), we opted to use binary DMD modules
for speed and ease of use with event cameras. This provides both an advantage and a design
constraint: our design gains superior robustness to noise but is constrained to using binarized
kernels and input features. Binary weights and input features can tolerate a higher level of
Poisson noise before “flipping” to the other value. They also maximize contrast, which reduces
the amount of post-processing needed in software.

As we chose to constrain our system to binary kernels and input features, we opted to target
binary convolutions as used in binary convolutional neural networks [69] with our device. We
consider a quantization approach similar to that of Rastegari et al. [70], Li et al. [71], and others
[72–76] for specifying the filters. Essentially, the binary weights are estimated by scaling the
weights according to their average absolute value and using the sign of the weight magnitude.
The input features are similarly binarized after applying batch normalization.

Binary CNNs have reduced representation capability compared to conventional CNNs. Fur-
thermore, the BCNNs used are small networks, resulting in a lower baseline accuracy compared



Research Article Vol. 34, No. 6 / 23 Mar 2026 / Optics Express 10180

to conventional CNNs. We compare our device’s performance to the same model optimized on
conventional computing hardware.

4.2. Optimization strategy

Currently, gradient-free methods are necessary as enabling backpropagation on device requires
accurate gradients that account for the properties of the optical setup and event camera. One way
of theoretically achieving this is to capture the device’s light transport matrix and including it
in the convolution function. Consider the discretized 2D convolution that accounts for a light
transport matrix T:

yi,j =
∑︂
m

∑︂
n

Km,n · Fi+m,j+n · Ti,j,m,n,i+m,j+n,

which would result in gradients:

∂E
∂Kl

m′,n′
=
∑︂

i

∑︂
j

∂E
∂yl

i,j

∂yl
i,j

∂Kl
m′,n′

∂E
∂Fl

i′,j′
=
∑︂
m

∑︂
n

∂E
∂yl

m,n
· Kl

−m,−n · Ti′,j′,−m,−n,i′,j′ .

However, this 8D light transport matrix proves difficult to capture. Iterating through each pixel
individually results in an extreme low-light situation, leading to poor, noisy results. Decimating
the capture by iterating through patches of pixels can solve the low-light issue but results in low
precision. In both cases, the slight inaccuracies incurred during capture is enough to make the
gradients unusable.

Another method for enabling backpropagation with our device would be to estimate the true
gradients with either a model-based or a model-free approach. Both strategies have been used
with diffractive ONNs [77–80] and may transfer to our event-based approach. Further work
is needed to explore these different ways of enabling backpropagation with an event-based
opto-electronic convolution accelerator.

Instead, for the following experiments, we focus on using gradient-free optimization. For the
kernel recovery task discussed in Sect. 4.4, we employ a naive brute force strategy, iterating
through every possible kernel. This approach is suitable for recovering a 3 × 3 kernel with 29

possible combinations, but becomes exponentially unfeasible as the number of weights increases.
In Sect. 4.5 we instead employ two optimization algorithms: simulated annealing and random
walk. Both simulated annealing and random walk require a high number of optimization steps,
but the maximum number of steps per experiment was limited by developmental drivers for the
DMDs that resulted in long loading times between image batches.

4.3. Poisson noise experiments

In Fig. 3 we show the effect of simulated Poisson noise on classification accuracy for a two layer
BCNN trained as a binary classifier on a balanced combination of Labeled Faces in the Wild [81]
(“Face”) and CIFAR-10 [82] (“Not Face”) data. We refer to this as the Face-Not-Face (FNF)
dataset. In these experiments, Poisson noise was steadily increased for every convolution in the
network, and the number of pixels “flipped” was recorded after each subsequent binarization.

Next we explored the impact that light source brightness has on the stability of the captured
response. Using the same image sizes as the previous simulation, a chosen kernel and input
features was captured ten times with our device. The event stream was reconstructed into an
image, down-sampled, and binarized, simulating the impact Poisson noise would make in a future
BCNN layer. These processed responses were compared to each other, resulting a percentage of
pixels “flipped” between the responses.
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Fig. 3. Left: The impact of Poisson noise on test accuracy in simulation. A two layer BCNN
model was trained as a binary classifier with an original test accuracy of 92.88% on the FNF
dataset. During inference, scaled Poisson noise was added to the output of each BCNN
layer, and the difference in pixel values was recorded after binarization. Right: The average
percentage of pixels “flipped” at a given laser power level. A series of eleven different kernels
were displayed for a given input features and captured ten times. The captured response was
then post-processed and binarized as would be typical in our BCNN model. The resulting
16 × 16 binary images were compared and the difference in pixel values recorded.

Having an average percentage of pixels “flipped” in simulation on a conventional computer and
from our device gives us the ability to compare noise levels. With this, we can gauge whether the
Poisson noise present in our system is within an acceptable limit. From these noise experiments,
we would expect a <5% test accuracy decrease solely from Poisson noise.

4.4. Kernel recovery

Next we explore the system’s functional ability. For our opto-electronic convolution accelerator
to be useful, the captured response needs to be distinct for varying inputs. This is impacted
by noise (as discussed in Sec. 4.3), capture time (Sec. 3.4), and alignment. To determine the
functional ability of our system, we implemented a kernel recovery task. The goal of this task
was to recover the kernel used to generate a chosen convolutional response. First, we chose a 3x3
binary pattern for the kernel and a 16x16 binary pattern for the input features. The convolutional
response was captured and served as the ground truth data during the recovery step.

During the recovery step, we convolved every 3x3 binary kernel pattern with the input features,
resulting in 29 iterations. The response was compared with the target using MSE loss, and the
iteration with the lowest loss was chosen as the output kernel. The results of three experiments
are shown in Fig. 4, where the kernel was successfully recovered in two out of the three trials. In
the case where the kernel was not successfully recovered, the output kernel is a shifted version of
the target and has a similar MSE loss (≤ 0.1).
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Fig. 4. Results for the kernel recovery task. The “Input Features” column shows the input
image for each experiment. The “Target Kernel” column shows the weights used to generate
the ground truth convolutional response, shown in “Target Response.” Each possible kernel
was displayed, captured, and compared to the target response. The kernel with the lowest
MSE loss is displayed under “Solution Kernel” and the captured convolutional response
under “Solution Response.” Below, each graph shows the MSE loss for every candidate
kernel for the task.

4.5. Binary classification

We constructed a binary classification model targeting two tasks. The first was differentiating
between “Face” and “Not Face” using the FNF dataset, and the second was differentiating
between letters and digits using a balanced subset of EMNIST [83] data. This model consisted of
three BCNN layers followed by a pooling layer. Optimization occurred in an iterative, layerwise
approach. During the optimization of the first and hidden layers, the dot product was calculated
between the current layer and two complementary binary masks, as shown in Fig. 5. These two
values were compared to generate an output classification, which was then used in binary cross
entropy with the data label. This method separates the two classes consistently during layerwise
optimization. Binary cross entropy is directly used with the model output and the data labels for
the final layer.
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Fig. 5. Example images from the FNF dataset and corresponding device outputs. The far
left column denotes the label for each row (“Face” or “Not Face”), and the “Image” column is
the dataset image data after downsampling to 16 × 16. The “Captured Response” column is
the captured response after reconstructing the event stream. The images in the “Face Score”
and “Not Face Score” columns represent the output after element-wise multiplication but
before summation. The values in these columns are the results after summation, i.e., the dot
product of the output with each binary classification mask. These values are subsequently
passed to the optimization criterion, which in this case is binary cross entropy. The lower of
the two values determines the predicted label. Each of these examples correctly predicted
the target label. For a full summary of test results, see Table 2.

4.5.1. Face-not-face

Simulated annealing was used to optimize the model for the FNF dataset with a temperature of
10. The model was optimized seven times in this way and the test accuracies recorded. The same
optimization was performed fifty times using a conventional computer, with both results reported
in Table 2.

Due to the low number of steps used for optimization, the same model was optimized using
simulated annealing and random walk with a temperature of 5. This was repeated five times for
each optimization strategy and reported in Table 2. Simulated annealing achieved slightly higher
results (54.6% vs 51.5%), but also had a slightly higher standard deviation.



Research Article Vol. 34, No. 6 / 23 Mar 2026 / Optics Express 10184

Table 2. Test accuracy results of the three layer BCNN model optimized
on the FNF dataseta

Simulated Annealing Random Walk

Statistic Conventional Computer Opto-Electronic Device

Max 72.8% 66.7% 63.0% 56.4%

Min 30.3% 52.4% 46.7% 48.9%

Mean 49.9% 55.1% 54.6% 51.5%

St.D. 9.6% 12.1% 5.9% 3.2%

Temperature = 10 Temperature = 5

aThe model was optimized in an iterative, layerwise fashion. The “Opto-Electronic Device”
column was optimized on real hardware, while the “Conventional Computer” column
reports the test accuracies from optimizing the same model on a conventional computer.
The “Simulated Annealing” column was optimized using simulated annealing while the
“Random Walk” column was optimized with random walk.

4.5.2. Letters vs. digits

Like the previous section, the model was optimized with simulated annealing on balanced subset
of EMNIST data. The temperature was 10, the model was optimized three times, and the test
accuracies recorded. The same optimization was performed five times using a conventional
computer, with both results reported in Table 3. Our device achieved a similar mean test accuracy
to the conventional computer (2.7% difference) but, similar to the previous experiment, had a
higher standard deviation.

Table 3. Test accuracy results of the three layer BCNN
model optimized on the EMNIST dataseta

Statistic Conventional Computer Opto-Electronic Device

Mean 58.5±0.83% 55.8±2.24%

Max 58.9% 58.6%

Temperature = 10

aThe model was optimized in an iterative, layerwise fashion using
simulated annealing. The “Opto-Electronic Device” column was
optimized on real hardware, while the “Conventional Computer”
column reports the test accuracies from optimizing the same model
on a conventional computer.

5. Conclusion

Here we have proposed an opto-electronic non-Fourier convolution accelerator utilizing a
neuromorphic image sensor and digital micromirror devices. By using an event camera, we
enable higher speeds, dynamic range, and power efficiency offered by neuromorphic image
sensors over conventional CMOS image sensors. By targeting non-Fourier convolutions, we
avoid the complexity typical of many other optical convolution methods.

In characterizing this device, we described the way these convolutions differ from those
performed on conventional hardware (i.e., GPUs). However, due to these differences, further
study is needed to enable backpropagation with an unconstrained convolutional response, rather
than attempting parity with those obtained via conventional means. Despite this, our initial noise
experiments and kernel recovery task demonstrate the level of information present in the captured
response of our system. Additionally, our device performs similarly to simulation for the binary
classification task, indicating that the sub-optimal performance is due to limitations in training
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methods. Overall, using event cameras to capture non-Fourier optical convolutions unlocks new
ways to implement opto-electronic convolution accelerators.
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