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Abstract— Micro-robots are emerging as powerful tools for
search-and-rescue, precision agriculture, and cooperative ma-
nipulation, where their small size and low cost offer advantages
over larger robots. However, enabling autonomous navigation
on these robots remains challenging due to severe hardware
constraints, such as limited memory, energy, and computa-
tional power. We explore a brain-inspired learning paradigm
called Hyperdimensional Computing (HDC) to equip a cheap,
lightweight navigation model that runs onboard micro-robots.
We present NavHD, which features an adaptive HD encoder
that learns spatial representations and incorporates loss-based
training for both imitation learning and off-policy reinforce-
ment learning. Our hardware implementation of NavHD uses
eight ultrasound sensors and is optimized to run on an ARM
Cortex-M4 core, using only 10.2 kB of memory, 900 clock cycles
and 1.1 mJ of energy per inference. Through experiments in
both simulation and the real world, we demonstrate that NavHD
outperforms DNN-based and prior HDC-based RL methods in
obstacle avoidance by more than 2x the performance, while
achieving 2-26x more superior resource efficiency.

I. INTRODUCTION

Micro-robots are emerging as promising solutions for
exploring environments that are inaccessible to larger robots
and humans. These robots have the potential to search for
survivors in disaster zones [1]-[3], navigate under canopy for
precision agriculture [4], [5], and cooperatively move heavy
objects in tight spaces [6], [7]. They are typically cheaper
to manufacture than full-scale robots and can be valuable
in field missions with the risk of losing robots or can be
deployed in large quantities [8], [9]. Despite their potential, a
major challenge in micro-robotics is enabling these robots to
autonomously navigate dynamic environments by perceiving
their surroundings and making real-time decisions. Conven-
tional navigation systems, which are designed for larger
robots, are impractical for micro-robots due to their stringent
hardware constraints, including limited processing power,
memory, and energy availability. High-power sensors such
as LiDAR and high-resolution RGB cameras are infeasible,
and micro-robots rely on simpler low-power sensors such as
proximity sensors for obstacle avoidance or photodiodes for
light source seeking [8], [10], [11].

Moreover, in larger robots, deep neural networks (DNN5s)
are widely used to process sensory inputs and have shown
remarkable success in tasks such as obstacle avoidance, path
planning, and end-to-end navigation [12], [13]. However,
these networks typically require substantial computational
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resources, and adapting DNNs for resource-limited hard-
ware is an active area of research. Efforts include model
compression and quantization [14], [15], neural architec-
ture search [16], [17], and the development of low-power
neural accelerators [18], [19]. Despite these advancements,
DNN s inherently trade off performance with model size, and
their reliance on frequent memory accesses and multiply-
accumulate operations results in computational inefficiencies
on embedded hardware. In this work, we propose an alterna-
tive approach using neuromorphic computing, which offers
promising results in resource efficiency and performance.

Hyperdimensional Computing (HDC) is a brain-inspired
computing paradigm that represents information using high-
dimensional vectors, known as hypervectors. HDC uses
lightweight, algebraic operations such as XOR, majority
voting, and bit shifting to encode real-world data into hyper-
vectors. Prior works on HDC-based machine learning have
achieved accuracies comparable to DNNs in lightweight clas-
sification tasks while offering orders-of-magnitude improve-
ments in speed, memory efficiency, and energy consump-
tion [20]-[22]. Additionally, HDC algorithms are highly
parallelizable and can be aggressively optimized, with im-
plementations on hardware accelerators achieving significant
performance gains [23], [24].

Recently, researchers have explored integrating reinforce-
ment learning (RL) with HDC. RL is a machine learning
framework that teaches an agent to make decisions through
trial-and-error. Using both data from the real world and the
simulation, an RL agent is able to learn common navigation
tasks by rewarding favorable behaviors. One such effort,
QHD [25], adapts off-policy RL to HDC by introducing
an HD encoder that maps state vectors into hyperspace
and an HD-based regression model to predict Q-values
from encoded state hypervectors. ReactHD [26] builds on
QHD to train sensorimotor controls of wheeled robots to
learn meaningful navigation tasks in the wild using LiDAR
data. However, existing HD-based RL approaches are not
optimized for resource efficiency, and they rely on sensors
and computational resources that are unavailable to micro-
robots.

In this work, we extend these efforts by developing a low-
power HDC-based navigation model for micro-robots called
NavHD. We introduce an HD encoder that captures spatial
information from arbitrary sensor positions and ranges, draw
inspiration from state-of-the-art HD classifiers to enhance
loss-based training, and optimize computations for deploy-
ment on resource-constrained hardware. Our system features
eight low-power ultrasound sensors to perceive dynamic
environments and runs the HD-based classifier on an ARM



TABLE I: Feature comparison of HD-based classifiers.

RL Gradient Update Value Arbitrary
Integration Class HVs Encoder Encoding Sensor Position
OnlineHD [27] X X X HD Compute N/A
LeHDC [21] X v X HD Compute N/A
LDC [22] X v v Neural Network N/A
QHD [25] v X X HD Compute X
ReactHD [26] v X X Trig. Activation X
Ours v 4 v Trig. Activation v

Cortex-M4 microcontroller. NavHD’s navigation model can
be trained from imitating human behaviors or learning in
simulation from scratch. From experiments, we demonstrate
that our approach outperforms both DNN and previous HD
methods, achieving over twice the performance in Q-learning
training within simulated environments and zero-shot real-
world navigation tasks. Additionally, NavHD achieves the
highest resource efficiency, requiring only 10.2 kB for model
storage, 900 clock cycles per inference, and consuming just
1.1 mJ of energy per frame. Compared to the baseline DNN,
NavHD is 26x smaller, 3x faster, and 3x more energy-
efficient.

Contributions. We make the following contributions:

o NavHD. We introduce NavHD, a differentiable HDC-
based sense-actuate model designed for training on com-
mon navigation tasks.

¢ Q-learning setup for NavHD. We integrate NavHD with
Q-learning and demonstrate how Q-value updates drive
model learning. We experiment with various hyperpa-
rameters, including different loss functions and reward
structures, and report the best-performing configurations.

« Hardware implementation of NavHD and baseline.
We optimize computational efficiency and memory usage
across all models to ensure they can be evaluated on
resource-constrained hardware with a single ARM Cortex
M4 core and 512 kilobytes of flash memory.

II. BACKGROUND AND RELATED WORK
A. Micro-Robotics & Navigation

There has been extensive research in developing low-
power micro-robots. In [8], [11], [28], [29], robotics plat-
forms operate at very low power, requiring only a small
battery or operating solely on harvested energy. For ex-
ample, MilliMobile is a 10 x 10 mm mobile robot that
harvests solar energy and uses light-following to trigger
locomotion. In all cases, low-power microcontrollers are
used, limiting the device memory to <256kB RAM and
<1MB Flash. Beyond hardware development, several efforts
have focused on energy-efficient navigation techniques for
resource-constrained robotics. For example, in [10], acoustic
sensors are used to perform ultra-low-power spatial sensing,
but their range is limited to 20 cm. In [30], a sensor network
uses stationary sensor nodes as signposts for mobile robots
to navigate. In [31], a deep RL policy was developed to
run onboard nano quadcopters, enabling autonomous source-
seeking of light. The system achieved a 94% success rate in

simple and complex environments, while using only 20.5 kB
of RAM.

B. Hyperdimensional Computing

Hyperdimensional Computing (HDC), or Vector Symbolic
Architecture (VSA), is a brain-inspired computing paradigm
that has been used for lightweight classification and control
tasks. The basic datatype for HDC is a hypervector, where
information is encoded in distances between hypervectors.

We focus on MAP-HDC [32], a version of HDC that
works with n-dimensional real-valued hypervectors in R"
with elements within the range of [—1,1] and uses the
dot-product similarity dist(h,h’) = h - h' as the distance
measure. In MAP-HDC, binding (®) is multiplication and
yields dissimilar hypervectors, and bundling () is normal-
ized addition and yields similar hypervectors.

In HD classification and prediction, the HD classifier first

encodes classic data as a state hypervector using a process
called encoding, and then compares the state hypervector to
a set of class hypervectors using the distance function. The
closest class hypervector is the winning class. HD controllers
operate similarly, with the exception that class hypervectors
map to actions a controller might take.
Prior Work. Table [l summarizes the differences between
HDC classifiers (rows 1-3) and controllers (rows 4-6) from
prior research. OnlineHD [27] is an early work that uses an
iterative training algorithm to refine the HD classifier’s class
hypervectors. LeHDC [21] improves on OnlineHD by using
gradient-based methods to learn class hypervectors, but does
not use a learned encoder. LDC [22] uses gradient-based
methods to learn both the encoder and the class hypervectors,
and achieves the highest classification accuracies of the
three methods. ReactHD [26] and QHD [25] are both HDC-
based robotic controller architectures that are trained with
Q-learning and are therefore integrable with reinforcement
learning frameworks. However, they use OnlineHD’s training
algorithm instead of more effective gradient-based methods.
We present an HD controller architecture and reinforcement
learning algorithm that adapts the gradient-based training
methods from LDC to HD controllers.

Another key difference across HDC models is in how
numeric values and sensor positions are encoded. This is
especially relevant for robotics applications that work with
numeric sensor data; poor encodings impact model perfor-
mance. OnlineHD, LeHDC, and QHD all use encoders com-
posed of HD operators to translate numeric data to hypervec-
tors. LDC uses a neural network to translate values to hyper-
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Fig. 1: NavHD Overview. The model is composed of an HD encoder and a model memory for predicting action classes or
Q-Values. After training, the model knowledge can be transferred to the real world without finetuning.

vectors, which improves accuracy but significantly increases
resource usage. ReactHD uses a trigonometric activation
function (cos(+)) as its encoder. Our method uses a more
sophisticated trigonometric activation function (sin(-) cos(-))
in its encoder. The same activation function is used in one
benchmark implementation in the OnlineHD codebase, but
is not discussed in their paper. Second, ReactHD and QHD
require sensor positions to be explicitly encoded into the
hypervector. In contrast, our method learns sensor positions.

III. METHOD

This paper presents NavHD, a lightweight HDC-based
sensorimotor control framework for micro-robotic naviga-
tion. As shown in Figure (1} NavHD first encodes the sensor
input s; into a hypervector h; using a HD encoder. The HD
trainer uses imitation learning and off-policy reinforcement
learning to train the model memory, which has &£ number of
action classes. During inference, the encoded sensor input,
called the state hypervector h,, is queried against the action
hypervectors to find the winning action class. The robot acts
on the decision to perform navigation tasks such as object
avoidance. Section describes NavHD’s model design,
including the HD encoder and the classifier. Section [[II-
describes NavHD’s training algorithm, which uses both
imitation learning and off-policy RL.

A. NavHD Model Design

HD Encoder. NavHD’s encoder maps the real-world sensor
data into hyperspace. At time ¢, the robot observes the world
using d proximity sensors placed in arbitrary directions. This
sensor input, normalized to the range [0, 1], is denoted as
sc = (s,...,s¢). The encoding function ¢ : RY — R"
maps a sensor input into a n-dimensional hypervector h;.
The encoding function works with a learned scaling matrix
B € R"*? and a learned offset vector b € R™ that scale and
shift the sensed values. The final encoded hypervector h; is
then computed using trigonometric activation functions:

h; = ¢(s;) = cos(B - s; +b) @ sin(B - s;), (D

where © is binding implemented as element-wise multiplica-
tion. In the above encoding, B, b are used to linearly project
the d sensor values to an n-element vector, which is then

passed through a trigonometric activation function. At the
start of training, the elements of the scaling matrix B are
initialized from a normal distribution N (0, c?), while each
element of the offset vector b is drawn from a uniform distri-
bution over [0, 27]. Notice that the trigonometric activation
function not only introduces nonlinearity but also bounds the
vector elements within [—1, 1]. The encoded hypervectors are
therefore valid hypervectors under MAP-HDC.

The resulting hypervector is a distance-based information

representation, where the similarity between sensor values is
estimated with the dot product between their representative
hypervectors.
Action Prediction. Once the input vector s; is encoded to a
hypervector hy, that hypervector is used as a query against
the model memory for predicting the next action. The model
memory C = {cy, ...,¢x) consists of k action hypervectors,
where k denotes the number of actions that may be taken.
Each action hypervector is initialized using Kaiming uniform
initialization with a negative slope parameter /5. The simi-
larity of the query hypervector and an action hypervector is
computed using a dot product:

sim(hg, ¢x) = h/ - ¢y )

The next action a; is then determined by selecting the ac-
tion k with the highest similarity to the encoded hypervector:

a; = argmax,sim(h, c). 3)

Differentiability. NavHD is designed to be fully differen-
tiable, including the encoder and the similarity function,
and thus can be trained using backpropagation to update
model parameters based on a loss function. Unlike con-
ventional HD classifiers, which typically update only class
hypervectors [20], [21], [27], our approach jointly optimizes
the scale matrix, offset vector, and class hypervectors. After
training, the scale vector b;, the ¢-th column vector of
B, is expected to capture the spatial position and sensing
range of sensor ¢, allowing flexibility for arbitrary sensor
configurations. Similarly, a well-trained class hypervector
effectively represents the data distribution of its respective
class, ensuring that queries from the same class yield the
highest similarity scores during inference.



Exchangeability. Encoder parameters B, b are indepen-
dently and identically distributed (i.i.d.) random variables
at initialization. The loss function is defined based on hy-
pervector distances, which are symmetric with respect to
element indices, and gradient-based training preserves this
symmetry throughout optimization. As established in [33],
these properties ensure that NavHD satisfies exchangeability.
This exchangeability preserves key HDC properties, such
as fully-distributedness, which ensures that information is
evenly encoded across all hypervector dimensions, and error-
resiliency, which enhances robustness to minor perturba-
tions in sensor readings [22]. We anticipate NavHD will
be amenable to statistical early termination-based dynamic
optimization to further reduce resource usage [33].

B. NavHD Training Algorithms

NavHD can be trained using two methods, supervised
training using user play data or off-policy RL in simulation.
These methods can be applied independently or in sequence
to enhance performance. Supervised training, or imitation
learning, leverages user play data to train the model and is
effective when a large, high-quality dataset is available. In
contrast, off-policy RL enables the model to generalize by
exposing it to various situations, including edge cases that
may not have been encountered in user-collected data.
Q-learning Algorithm. NavHD can be incorporated into an
off-policy RL framework using Q-learning. We use ideas
from Deep Q-Networks (DQN) [34], which use a DNN to
approximate Q-values. Instead, we use NavHD to estimate
Q-values by using the output of the similarity function from
Equation [2] Given an input s; and an action @ at time ¢, the
Q-value is computed as

Q(s¢,a) = sim(P(sy), €q)- )

Using the Bellman equation [34], the target Q-value is
computed as:

Yyt = 1t + (1 — done;) max Q'(sy11,a’), &)

where r; is the reward received at time ¢, v is the discount
factor that controls the importance of future rewards, and
done; is an indicator variable that is one if the episode
terminates and zero otherwise. The target Q-value y; is
computed using a separate target model (' to improve
training stability. To optimize the model, we minimize the
Huber loss.

l; = HuberLoss(Q(s¢, at; C, B, ¢), y). (6)

For efficient training, NavHD employs experience replay
[34], where a buffer of past experiences is maintained and
randomly sampled to reduce correlations between consec-
utive updates. This method ensures a more stable learning
process. Additionally, NavHD integrates Double DQN [35]
to mitigate overestimation bias. Instead of selecting the
action that maximizes the next-state Q-value directly, Double
DQN uses the main model to choose the best action and the
target model to evaluate its value. This method helps reduce
overestimation bias in Q-value updates.

(a) Real World (b) Simulation

Fig. 3: Model training and evaluation environments.

IV. IMPLEMENTATION
A. Hardware

SparkFun micro:bot kit was configured to demonstrate
NavHD. The robot uses the micro:bit v2 board, which runs
the nRF52833 SoC. This microprocessor hosts a single ARM
Cortex M4 core that runs up to 64 MHz clock and has
512 kB of flash memory and 128 kB of RAM. The board
consumes about 39 mW at 3V running our firmware. We
equip the robot with eight MaxBotix MB1010 LV-MaxSonar-
EZ1 ultrasound sensors, placed on four corners and four
sides of the robot. Each sensor consumes about 5 mW and
has a range of over 6 meters. The ultrasound sensors have
a cone-shaped beam pattern and have larger coverage than
time-of-flight sensors or lasers used in LiDAR. However,
the micro:bit v2 board does not support eight analog inputs,
and hence a 74HC4051 multiplexer is used to poll sensor
readings at 5 Hz. The system’s power consumption is shown
in Table [

Component Idle (mW) Full Throttle (mW)
Micro:bit v2 39.0 39.0
Carrier Board 439 48.4
Motors 0.0 2307.0
Ultrasound Sensors 40.0 40.0
Multiplexer 0.2 0.2
Total 123.1 2434.6

TABLE II: System power consumption.

B. Firmware

Porting the perception-to-action classifiers onto the hard-
ware is a non-trival task due to the severe resource constraints
of the nRF52833 microcontroller, specifically on model
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Fig. 4: NavHD and baseline models are evaluated on the simulation and the real world.

storage, latency, and memory allocation. We use Zephyr, a
real-time operating system designed for microcontrollers, to
control hardware modules. The microcontroller reads sensor
data via an analog-to-digital converter, interfaced with a
multiplexer to cycle through multiple ultrasound sensors. The
motors are controlled using the I12C interface. Inference is
performed using TensorFlow Lite Micro and CMSIS-NN,
both of which accelerate inference-time computations. To
further enhance efficiency, expensive trigonometric functions
are replaced with precomputed lookup tables, eliminating
costly floating-point operations. Additionally, we minimize
memory footprint by packing binary data into byte-aligned
structures and eliminating dynamic memory allocation.

C. Simulation

We built a simulation environment using Gymnasium [36]
and Pygame [37] that can run on standard laptops and GPU
servers. As shown in Figure [3b] the simulation is designed to
mimic the interaction of mobile robots. The agent follows the
differential drive model using two independently controlled
wheels on either side, and its direction of movement is
determined by the velocity difference between these wheels.
Given the left and right wheel velocities, vy, and vy re-
spectively, the agent operates using a discrete action space
consisting of four motion primitives: stop (v, = vg = 0),
forward (v, = vg > 0), forward left (v;, < vg), and forward
right (vg > vpr). Furthermore, the agent observes the world
using eight virtual ultrasound sensors. Each sensor emits a
conical beam and returns the distance of the nearest obstacle
or wall within its detection range.

V. RESULTS

We evaluated NavHD’s learning quality and performance
in both simulation and real-world experiments.

A. Experimental Setup and Baselines

We evaluated NavHD against a deep neural network
(DNN) and ReactHD [26], an existing HD-based RL model.
All models were implemented using PyTorch 2.4.1, with
architectures optimized to fit the constraints of the target em-
bedded hardware. The DNN baseline consists of a four-layer
network with hidden sizes of 256, 128, and 64, incorporating
batch normalization and dropout between layers. Each layer
uses the Leaky ReLLU activation function to improve stability.
The ReactHD baseline operates with hypervectors of length
5000, following the original implementation. Training details

are summarized in Table We refer to the model’s qual
variant as the one achieving the highest test accuracy or
reward, and the opt variant as the one optimized for minimal
resource usage.

TABLE III: Hyperparameters used for training.

Hyperparameter Value
Discount factor (vy) 0.99
Learning rate () 0.001
Exploration rate (e) 1.0
Epsilon decay 0.999
Minimum epsilon 0.1
Batch size 64
Target model update interval 50
Hypervector length (n) 256

We evaluated all models on an object avoidance task,
where the agent must navigate without colliding with static
walls or dynamic objects that chase the agent. Higher re-
wards and longer travel distances indicate better learning
performance. The reward at each timestep is computed as
r+ = a — 1005, where « is a binary variable that takes the
value 1 if the agent remains at a safe distance from obstacles,
and O otherwise. Similarly, £ is a binary variable set to 1 if
the agent collides with an object or goes out of bounds, and
0 otherwise. When a collision occurs, the agent receives a
significant penalty of -100.

Imitation learning was independently evaluated by collect-
ing user play data. The robot was manually controlled in an
8.76 ft x 8.76 ft enclosed environment with smooth flooring,
as shown in Figure A human subject acted as a moving
object, performing a random walk for 3 minutes and chasing
the robot with sporadic pauses for another 3 minutes. This
dataset was used to train NavHD and all baseline models.
Training was performed on a MacBook Pro, using an 8:2
train-test split, and continued until convergence.

B. NavHD RL Model Evaluation

Simulation. All models were trained for 10000 episodes
from scratch, ensuring full convergence before stopping

TABLE IV: Resource usage on the target hardware.

Model Memory (kB) Clock Cycle (k) Energy (mJ)
DNN 263.8 2.9 34
ReactHD 19.5 8.4 9.9
NavHD 10.2 0.9 1.1




training. During training, models were evaluated every 100
episodes by running 10 test trials without learning updates,
recording the mean and standard deviation of rewards per
episode to track progress. Figure [da] shows that while all
models initially improve, NavHD quickly surpasses the base-
lines after approximately 3000 episodes and continues to
improve until about 6000 episodes. In contrast, the baseline
models both converge around 5000 episodes. Ultimately,
NavHD achieves nearly twice the reward values of DNN
and ReactHD.

Real World. These trained models were then ported to the
hardware and tested in the real world without finetuning. As
shown in Figure the total traveled distance is measured
before the agent collides against a wall or the chasing object
in 10 trial runs. NavHD outperforms both DNN and ReactHD
in object avoidance, as indicated by the significantly higher
total traveled distance. Specifically, NavHD has multiple
trials reaching more than 6 meters, while DNN and ReactHD
struggle to exceed 3 meters in most cases. DNN performs
poorly and inconsistently, often colliding within 0.5-1.5
meters of movement, indicating that its learned policies do
not transfer well to real-world environments zero-shot and
are sensitive to sensor configurations and noise.

Resource Usage. As shown in Table NavHD achieves
the best resource usage in terms of memory consumption,
computational cost, and energy efficiency. NavHD uses 10.2
kB of flash memory, which is 2x smaller than ReactHD (19.5
kB) and 26x smaller than DNN (263.8 kB). In terms of
computational efficiency, NavHD achieves the lowest clock
cycle count (0.9k), making it 3x faster than DNN (2.9k)
and 9x faster than ReactHD (8.4k). Although ReactHD is
more lightweight than a DNN, it uses more clock cycles
to compute 5000-length hypervectors. Furthermore, the bit-
packing technique used to minimize memory footprint intro-
duces additional unpacking overhead during encoding. This
increased inference time leads to ReactHD having the highest
energy consumption (9.9 mlJ), whereas NavHD is 9x more
energy-efficient, requiring only 1.1 mJ per inference.
CPU-Only Experiments. As shown in Figure models
that did not fit on the embedded hardware were evaluated
on the CPU. DNN-qual uses an additional hidden layer of
size 512 and ReactHD—-qual uses hypervectors of length
10000, which is double the version that fits on the hardware.
LDC, the state-of-the-art HD classifier, was also evaluated
in Q-learning. Since LDC is not designed to work with Q-
learning, LDC uses the NavHD’s Q-learning framework and
training method. Experimental results in terms of rewards
per episode show that NavHD outperforms all baseline
models by a significant margin. Specifically, each qual
version outperforms the hardware-optimized version by a
small margin, but struggles to accumulate rewards over 400.
Encoder Ablation Study. Figure [4d| presents the performance
of NavHD without the trigonometric activation function
(green), and with a permutation-based encoder that also
captures the history of sensor values (red). We find that
both models perform poorly in simulation, converging at
lower rewards than those of other baselines. These results
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Fig. 5: Sensor count affecting NavHD performance.

show that the trigonometric activation significantly helps the
performance and that explicit encoding of the past state
vectors can be detrimental.

C. Sensor Count and NavHD Performance

We further evaluate NavHD across different sensor counts.
Figure [5a] shows test accuracy as the number of sensors
increases. While DNN maintains stable performance, NavHD
achieves its highest accuracy at 108 sensors (ours—qual),
outperforming both baselines. Notably, at higher sensor
counts, NavHD’s accuracy declines. The encoding function
averages out sensor readings and reduces NavHD’s sensitiv-
ity to fine-grained variations. In contrast, at the minimum
sensor count of 8 (ours-opt), NavHD maintains strong
accuracy (63.39%).

Figure [5b] compares the RL performance of ours—qual
(108 sensors) and ours—opt (8 sensors). ours—opt con-
sistently achieves higher rewards, showing that despite using
fewer sensors, it learns more efficiently in simulation. Ad-
ditionally, its larger variance suggests more exploration be-
fore stabilizing at higher rewards. Meanwhile, ours—-qual
improves steadily but converges to a lower final reward.
These results reinforce that NavHD can learn effectively with
minimal sensors, making it an ideal choice for resource-
constrained robotic systems.

VI. CONCLUSION

We present NavHD, an HD-based RL framework op-
timized for resource-constrained micro-robotic navigation.
By using adaptive HD encoding and loss-based training
methods, NavHD outperforms both DNN and prior HD-
based RL models, achieving over 2x the performance in
Q-learning and zero-shot real-world object avoidance. Our
results demonstrate that NavHD achieves optimal resource
efficiency, using 26x less memory and 3x less energy than
a DNN. While it performs well on object avoidance, future
work includes extending evaluation to more complex tasks
such as path planning. Additionally, while the trigonometric
encoder is expressive and fully differentiable, it can be com-
putationally expensive on microcontrollers without floating-
point support. This motivates the need for more efficient
encoding alternatives. Finally, since HD models use the
same lightweight operations for both training and inference,
NavHD can be explored for on-device learning.
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