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Fig. 1: Comparison between (a) traditional neuromorphic vision, where the full scene is captured with sensors, and (b) laconic
neuromorphic vision, where sparse encoding by masks is used to reduce the number of input spikes while retaining essential

information for task performance.

Abstract—In this paper, we introduce laconic neuromorphic
vision, a novel visual intelligence system that encodes scene
dynamics into sparse spike representations and processes them
using spiking neural networks, mimicking the sparse activation
patterns of biological neurons. This approach drastically reduces
the input data required while maintaining high accuracy in image
classification. Experiments on the MNIST and Fashion-MNIST
datasets demonstrate that our system achieves comparable results
to traditional methods with significantly fewer input pixels and
spikes. This work provides a fresh perspective on energy-efficient,
biologically inspired vision systems, with potential applications
in edge computing and autonomous systems. Code and data will
be released upon manuscript acceptance.
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I. INTRODUCTION

Neuromorphic vision refers to imaging systems and neural
networks that emulate the structure and function of biological
brains [1]-[4]. A key approach in this area is the use of
spiking neural networks (SNN) [5], [6], which are increasingly
recognized for their potential in various applications. Unlike
traditional artificial neural networks (ANN), where all neurons
are activated across multiple layers during computations, SNN
better mimics the brain’s neural dynamics through sparse
activation patterns. In an SNN, only a fraction of neurons
are active at any given time, with neurons firing spikes in
response to specific stimuli. This mirrors how biological neu-
rons process information, where only certain neurons respond
to particular inputs, making SNN much more energy-efficient
and biologically realistic compared to fully-activated ANN.

The energy-efficient, event-driven nature of SNN offers
distinct advantages, particularly in applications requiring low
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Fig. 2: Overview of the laconic neuromorphic vision. The
target scene is sparsely encoded into spikes and processed by
a spiking neural network (SNN) with leaky integrate-and-fire
(LIF) neurons, leading to the final output.

power and real-time processing, such as mobile and edge
computing environments [7]-[9]. ANN, with its large, densely
connected networks, demands high computational power and
energy to operate, as every neuron is involved in each compu-
tation. This leads to inefficiencies, especially when compared
to SNN, which is more selective and activates neurons only
when necessary. However, despite these advantages, one chal-
lenge in SNN lies in handling large-scale, high-resolution input
data. Efficient encoding mechanisms are critical to prevent
the computational load from overwhelming the energy-saving
benefits of SNN.

While much research has focused on the sparse neural
activation within SNN, relatively little attention has been paid
to the sparsity of the input data itself. Current neuromorphic
systems often mirror traditional vision systems by processing
large, high-resolution images, requiring cumbersome archi-
tectures to manage high-dimensional inputs. This approach
overlooks the possibility that the input neurons—those initially
triggered by sensory information—could themselves be more
sparsely encoded. Consequently, while SNN excels at energy-
efficient processing, the inefficiency of handling large, redun-
dant inputs limits its full potential in reducing computational
complexity.

In this work, we propose laconic neuromorphic vision, a
novel approach that leverages sparse input encoding to com-
plement the sparse neuron activation of SNN. Our approach
drastically reduces the number of input neurons activated by
encoding the input into sparse spike representations, signifi-
cantly lowering the computational burden from the outset, as
shown in Figure 1. This method not only aligns closely with
biological principles but also minimizes input data size without
compromising task performance. As depicted in Figure 2,
the system encodes the target scene into spikes, which are
processed by a spiking neural network with leaky integrate-
and-fire (LIF) neurons to generate the final output.

Through extensive experiments on MNIST and Fashion-
MNIST, we demonstrate that even with fewer initial neurons
firing, tasks such as image classification can be performed
successfully, preserving energy efficiency and enhancing the
scalability of neuromorphic systems for real-world applica-
tions, including autonomous systems [10] and edge computing
devices [7]-[9].

II. RELATED WORK

Compressive imaging, such as single-pixel imaging [11]-
[16] and snapshot compressive imaging [17]-[23], focuses on
reconstructing dense images using computational methods like
compressed sensing [24]-[26]. Our approach bypasses recon-
struction, directly inferring task outputs from sparse encoding
to reduce computational load while maintaining accuracy.

Neuromorphic imaging [1]-[4], often using event cam-
eras [27]-[29], can capture scene changes asynchronously for
low-latency data acquisition. We propose laconic neuromor-
phic vision by integrating sparse spike representations into
SNN, reducing input redundancy and improving biological
plausibility and efficiency. By optimizing both inputs and
activations, we push the limits of energy efficiency in neu-
romorphic systems.

Minimalist vision [30], [31] pursues extreme data reduction,
often sacrificing robustness to simpler and controlled tasks like
workspace monitoring or occupancy detection. Zhao et al. [32]
used learnable masks to capture essential information, focusing
on traditional neural networks and overlooking the potential
of SNN. We address this gap by applying laconic principles
to neuromorphic systems, leveraging the event-driven, sparse
activations of SNN.

III. METHOD

This section describes laconic neuromorphic vision in a
mathematical manner, which consists of: 1) sparse encoding
with learnable masks, 2) spikes generation from encoded
pixels, 3) inference using an SNN, and 4) training with loss.

Traditional vision systems often capture redundant data. To
address this, we use learnable masks to sparsely encode essen-
tial information. Each mask M (z, y), where 0 < M (z,y) < 1,
acts as a filter that compresses the scene into encoded pixels:

p=// I(x,y)M (z,y) dz dy, (1)
T,y

where I (z,y) is the scene intensity. The masks learn to capture
relevant features, reducing the dimensionality of the input.

In practice, event-based sensors can directly provide spike
outputs. For simulation purpose, the probability of generating
a spike for each pixel p; is given by:

P(spike at time ) =1 — e 77 @)

where A controls the spike rate.

The spikes pass through the SNN, where spiking neurons
process the input over time. The class prediction ¢ is based
on the neuron with the highest spike count over time 7":

1 Z
7 = arg max <T Zsc(t)> , 3)

where s.(t) is the spike output of neuron ¢ at time ¢. The
SNN uses Leaky Integrate-and-Fire (LIF) neurons, where the
membrane potential V' (¢) follows:

Authorized licensed use limited to: The University of Hong Kong Libraries. Downloaded on July 01,2025 at 06:38:04 UTC from IEEE Xplore. Restrictions apply.



Fig. 3: Visualization of the original 28 x 28 MNIST images (1st row), the Poisson spike trains generated from these images
(2nd row), the 8 x 8 encoded pixels (3rd row), and the Poisson spike trains corresponding to the encoded pixels (4th row).
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Fig. 4: Performance vs. pixel count (log scale) on MNIST.

dV (t)
Tt

where 7 is the membrane time constant, R is the membrane

resistance, and 7(¢) is the input current generated by incoming

spikes. When V(¢) exceeds a threshold V., a spike is
generated, and V' (t) resets to its resting potential.

We train the SNN using Mean Squared Error (MSE) loss,

aiming for the correct class neuron to spike most frequently:

= -V(t) + RI(t), 4)

1< 1 & ’
L=23{ye—=> st)] , ©)
Cc:l Tt:l

where . is the target spike rate, and s.(t) is the output spike
rate of class c at time .
IV. EXPERIMENT

We evaluate the performance of our laconic neuromorphic
vision system using the MNIST [33] and Fashion-MNIST [34]
datasets. Each image is compressed using learnable masks,
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Fig. 5: Training loss over the number of epochs on MNIST.
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Fig. 6: Testing accuracy over the number of epochs on MNIST.

converted into Poisson spikes, and processed by an SNN.
The datasets have a fixed resolution of 28x28 pixels, with the
full-resolution images serving as the baseline. Figure 3 and 7
provide visualization for intuitive understanding.

The results for MNIST are presented in Figures 4, 5, and 6.
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Fig. 7: Visualization of the 28 x 28 Fashion-MNIST images (1st row), the Poisson spike trains generated from these images
(2nd row), the 8 x 8 encoded pixels (3rd row), and the Poisson spike trains corresponding to the encoded pixels (4th row).
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Fig. 8: Performance vs. pixel count on Fashion-MNIST.

In Figure 4, with only 64 encoded pixels, the SNN achieves
98% accuracy, comparable to using all 28 x 28 pixels. Even
with just 8 encoded pixels, 93% accuracy is achieved, demon-
strating the efficiency of the laconic neuromorphic approach.
As Figures 5 and 6 show, once the number of encoded pixels
exceeds 16, the training loss and testing accuracy converge
similarly, highlighting the effectiveness of sparse inputs.
Regrading results on Fashion-MNIST, Figure 8 shows that
with only 8 encoded pixels, the SNN reaches 93% accuracy,
comparable to using all 28 x 28 pixels, despite the complexity
of the clothing structures. Figures 9 and 10 depict the training
loss and testing accuracy over epochs, with both converging
after a small number of epochs when more than 8 encoded
pixels are used. This confirms that even with minimal spike
inputs, the system effectively learns and performs the task.

V. CONCLUSION

In this work, we introduce laconic neuromorphic vision. Our
approach leverages the inherent sparsity and energy efficiency
of SNN while further reducing input complexity through
sparse encoding. Experiments demonstrate that our system

0.1

0.09
0.08

0.07

—o—QOurs (2°)
—o—Qurs (21)

Ours (22)

Ours (23)
—8—Qurs (2%)
—o—Qurs (2%)
—e—Ours (2°)
—&—Qurs (27)

0.02 —e—Ours (28)

0.06

0.05

Loss

0.04

0.03

0.01 —o—Ours (2)

0 —e— Bascline
12 3 4 5 6 7 8 9 10 11 12 13 14

Epoch

Fig. 9: Training loss over the epochs on Fashion-MNIST.

100%

90%

—&—Qurs (2°)

|
80% —&—Qurs (21)
> 70% Ours (22)
g 60% Ours (23)
<8 50% —8—Qurs (2%)
40% =& Qurs (2°)
30% ® Ours (26)

—®—Qurs (27)
—&—Qurs (2%)

—&— Baseline

20%

10%

0%
1 2 3 4 5 6 7 8 9
Epoch

10 11 12 13 14

Fig. 10: Testing accuracy over the epochs on Fashion-MNIST.

achieves high classification accuracy with fewer pixels and
spike inputs. These results highlight the potential of laconic
neuromorphic vision for efficient, low-power, and biologically
inspired vision systems.
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