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ABSTRACT
Edge intelligence greatly benefits Internet-of-Things devices
by providing insights at the sensor node without transmit-
ting the data to and from the cloud. Although recent work
has scaled deep neural networks down to microcontrollers,
these solutions remain impractical for devices operating un-
der strict energy budgets—such as battery-powered camera
traps in remote forests or micro-robots in disaster zones. My
work addresses that gap by exploring a brain-inspired Vec-
tor Symbolic Architecture (VSA) over conventional neural
networks. I introduce HyperCam for low-power image clas-
sification, NavHD for micro-robot navigation, and Omen for
dynamic optimization during inference. These methods each
optimize VSA’s encoding and training algorithms to achieve
meaningful speedups and energy savings. Ongoing work
seeks to demonstrate these advances as real-world systems,
where VSA can extend the lifespan of intelligent systems in
remote or energy-constrained environments.
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1 INTRODUCTION
TinyML is emerging as a means to run Machine Learning
(ML) models directly on embedded devices, such as micro-
controllers (MCUs). By processing data on-device rather than
sending it to a gateway or cloud server, TinyML systems con-
serve time, bandwidth, energy, and privacy. Recent efforts
have shown that deep neural networks (DNNs) can be scaled

Permission to make digital or hard copies of part or all of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. Copyrights for third-
party components of this work must be honored. For all other uses, contact
the owner/author(s).
MobiSys’ 25, June 23–27, 2025, Anaheim, CA, USA
© 2025 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-1453-5/25/06
https://doi.org/10.1145/3711875.3736678

down to mobile devices and smaller MCUs [5]. Yet, these so-
lutions often remain impractical for highly resource-limited
systems such as those powered by batteries or deployed in
remote areas. Even if more memory or faster clock speeds
are available, leveraging them to boost DNN performance
can quickly deplete limited energy reserves.
Consider, for instance, a fleet of wireless camera traps

deployed in remote forests. Onboard intelligence can discard
non-wildlife images and thereby greatly conserve transmis-
sion energy. Meanwhile, micro-robots rely on ML for real-
time navigation. Both systems must carefully manage power:
camera traps use most of their energy on image transmission,
while micro-robots expend it on locomotion. As a result, they
require an efficient, low-power ML solution that goes beyond
typical TinyML constraints and addresses the strict energy
budgets of these challenging scenarios.

Mywork addresses this gap by developing ultra-lightweight
intelligence for resource-limited hardware. Specifically, it
explores a neuromorphic learning paradigm called Vector
Symbolic Architecture (VSA), which shows promising perfor-
mance and resource efficiency. VSA represents information
as vectors and processes it using simple operations (e.g.,
bitwise exclusive-or or addition), performing classification
through vector-distance comparisons. This inherent sim-
plicity and hardware-friendliness enable highly efficient re-
source usage. Recent studies have shown that VSA methods
can match DNN-level accuracy on tasks such as behavioral
classification and simple image recognition while drastically
reducing computational overhead [1, 2].
Building on these strengths, my research adapts VSA for

various ML tasks on severely resource-constrained MCUs.
For instance,HyperCam [4] enables low-power image classifi-
cation of 120x160 grayscale images using about 50 KB of flash
memory and 20 KB of RAM. NavHD [3] achieves VSA-based
off-policy reinforcement learning for micro-robot navigation
using only 10 KB of flash memory. Additionally, both models’
on-device inference time can be significantly reduced with
Omen [6], which supports early termination of vector en-
coding. Moving forward, I plan to apply these techniques in
real-world settings and demonstrate long-term deployments
of inexpensive, intelligent IoT platforms at scale.
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2 VSA-BASED EDGE ML SYSTEMS
VSA offers a lightweight, hardware-friendly approach to
ML. However, naive VSA implementations can still demand
significant time and memory for encoding input data into
vectors. To address this challenge, I developed novel encod-
ing and training algorithms tailored for resource-constrained
hardware. These optimizations substantially reduce the over-
head associated with VSA-based methods and are validated
through real-world systems running on low-power MCUs.
Image classification. A naive VSA encoder takes several
minutes to encode one 120x160 grayscale image on an STM32-
U585AI MCU. It also uses about a megabyte of flash memory.
HyperCam [4] reduces the encoding time 72x by leveraging
the sparsity of vectors. Using ideas from Bloom Filter and
Count Sketch, HyperCam approximates the bitwise majority
voting of a large number of hypervectors, which consumes
the most time in encoding. Furthermore, HyperCam dras-
tically reduces the encoding memory requirement 30x by
dynamically computing the mapping instead of storing the
precomputed ones. As a result, HyperCam not only outper-
forms existing neural networks but also lightweight MLmod-
els and existing HD classifiers in resource efficiency while
achieving above 90% accuracy for MNIST, Fashion MNIST,
and face detection on 120x160 grayscale images.

Model Accuracy Memory Latency
MobileNet V3 88.18% 1640.00 KB 18.53 s
MCUNet V3 99.88% 1190.00 KB 6.70 s
Ours (Count Sketch) 92.98% 53.83 KB 0.27 s
Ours (Bloom filter) 92.73% 42.91 KB 0.12 s

Table 1: Performance on face detection.
Reinforcement Learning. NavHD [3] achieves off-policy
Reinforcement Learning for motor controls of micro-robots
using only 10.2 KB of flash memory. Per inference, it con-
sumes 5.6 𝜇s and 1.1 mJ of energy. NavHD uses a novel VSA
Q-value function and an adaptive encoder that learns the
spatial information from arbitrary sensor positions. NavHD
is both fully differentiable and exchangeable, and therefore
is subject to both learning-based updates and dynamic opti-
mization.With these features, NavHD outperforms DNN and
existing VSA methods in obstacle avoidance by more than
2x in learning quality in imitation learning and zero-shot
real-world experiments. Moreover, it outperforms baseline
by 2-26x in resource efficiency, as shown in Table 2.

Model Memory (kB) Clock Cycle (k) Energy (mJ)
DNN 263.8 2.9 3.4
VSA 19.5 8.4 9.9
Ours 10.2 0.9 1.1
Table 2: Resource usage on the target hardware.

On-Device Dynamic Optimization Further optimization
methods were studied to reduce computation time. Omen [6]

uses inferential statistics to early-terminate VSA encoding.
Omen proves that existing VSA models satisfy exchangeabil-
ity, which stems from equal distributedness of information
across vectors. Using it, Omen reframes VSA computations as
statistical sampling tasks and uses statistical tests to early ter-
minate encoding of long vectors. As a result, Omen achieves
7-12x speedup while causing only 0.0-0.7% accuracy drop in
19 benchmarks. Furthermore, the statistical tests in Omen
can be optimized using pre-computed distance lookup, and
Omen can be easily deployed on embedded hardware to
further optimize existing work [3, 4].

3 FUTUREWORK
One immediate direction is deploying a self-sustaining wire-
less camera trap in remote forests. By integrating Hyper-
Cam [4] to identify wildlife and transmit only critical images
via satellite backhaul, the platform can operate continuously
by harvesting ambient energy. Such a setup aims to run for
months with minimal human intervention.
Another research thrust involves on-device training. Un-

like deep neural networks, which typically consume sig-
nificantly more resources during training than inference,
VSA models employ the same mechanisms for both. Con-
sequently, a VSA model that performs on-device inference
can train on-device without additional overhead. I plan to
explore this feature in realistic contexts, such as adapting
to terrain changes for navigation or adding new classes in
classification.
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