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Abstract

Electromyography (EMG)-controlled orthoses and wearable assistive systems require clas-
sifiers that combine accurate motion recognition, efficient embedded deployment, and sup-
port for local model formation. Long-term EMG deployment is affected by signal drift and
inter-session variability, motivating architectures that can support post-deployment model
updates. Local processing can reduce dependence on external computation and data trans-
fer. To address these challenges, this work presents a hardware-targeted Hyperdimensional
Computing (HDC) classifier for trainable EMG classification on the resource-constrained
GateMate A1l FPGA from Cologne Chip. The proposed architecture performs on-device
HDC model formation and inference directly on FPGA. Linear Discriminant Analysis (LDA)
serves as a conventional offline-trained and FPGA-inferred baseline. The evaluation uses
eight anonymized single-session EMG recordings from seven healthy participants and one
participant with spinal cord injury with 32 channels and five motion classes and includes
accuracy, robustness, and routed FPGA implementation analysis. Across all recordings,
the per-recording best-case HDC configurations reach 95.20% classification accuracy, while
the LDA baseline achieves 98.54% overall accuracy. Under controlled input perturbation
with a standard deviation of ¢ = 0.10, HDC retains 92.98% mean accuracy compared
with 80.98% for LDA. A first board-level power measurement indicates an energy cost of
approximately 0.40 m] per inference sample and 0.87 m] per training sample. The experi-
ments demonstrate single-session on-device HDC model formation and inference, while
longitudinal validation, fatigue robustness, electrode-shift robustness, and inter-session
adaptation remain future work. The results indicate that HDC provides an architectural
foundation for trainable wearable edge—Al systems with local model updates.

Keywords: hyperdimensional computing; EMG classification; on-device model formation;
FPGA; GateMate Al; hardware training; robustness; model-memory faults; wearable
edge Al

1. Introduction

EMG-controlled orthoses and wearable assistive systems require embedded classifiers
that combine low latency, resource-constrained operation, and robustness against perspira-
tion, fatigue, and day-to-day signal variability [1-3]. Surface EMG signals are inherently
non-stationary because muscle fatigue, skin impedance changes, and user-specific activa-
tion patterns alter the observed feature distribution [2,4,5]. In wearable use, sweating and
changing skin hydration can further modify electrode-skin coupling, contact impedance,
and motion artifacts, especially during longer sessions or daily activities [5,6]. These effects
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can shift feature distributions even when the intended movement class remains unchanged.
As a result, practical systems may benefit from architectures that can support local model
updates close to the sensing hardware, although such longitudinal adaptation must be
evaluated separately.

Most embedded EMG systems perform training offline and deploy only the inference
model to the target device [2,3]. While efficient, this approach limits local model updates
after deployment. Orthotic applications are particularly affected because user-specific
activation patterns and long-term drift can reduce classification performance over time.
Local model formation can reduce repeated transfer of raw or feature-level biosignals
to companion devices or remote services, potentially reducing communication overhead
and associated data-transfer energy while simplifying security assumptions by limiting
communication to configuration, status, or aggregated results.

This work evaluates Hyperdimensional Computing (HDC), also known as Vector-
Symbolic Computing, as a hardware-native Al paradigm for trainable EMG classification
on a resource-constrained FPGA [7,8]. In this work, hardware-native and trainable HDC
refers to an implementation in which the architecture, memory organization, datapath
segmentation, and execution flow are co-optimized for the GateMate FPGA while support-
ing on-device formation of associative-memory class prototypes. The complete workflow
comprises feature encoding, model formation, prototype storage, and inference within the
same reconfigurable hardware fabric after initialization of fixed encoder memories. HDC
operations such as XOR binding, majority bundling, and Hamming-distance search map
efficiently to digital hardware and enable training, model formation, storage, and inference
to share a common binary representation suitable for edge deployment under strict re-
source constraints [8—10]. This is in marked contrast to classical statistical classifiers such as
Linear Discriminant Analysis, whose training relies on floating-point covariance estimation
and matrix inversion—operations that are disproportionately costly to implement on a
small, DSP-scarce FPGA such as the GateMate Al. HDC's reliance on boolean operators
and integer accumulation instead of floating-point arithmetic is therefore not merely an
implementation choice but the property that makes on-device model formation feasible on
such resource-constrained hardware in the first place. Despite this hardware-level limita-
tion, LDA remains a well-established and extensively validated method for EMG pattern
recognition [2,11,12], and this work uses it as a compact, thoroughly studied reference
baseline for comparison rather than as a direct architectural competitor to the proposed
HDC implementation.

The proposed implementation targets the GateMate A1 FPGA from Cologne Chip [13]
as a compact resource-constrained deployment platform. Such constraints are particularly
relevant for wearable orthotic systems, where local processing capability must be balanced
against energy consumption, memory capacity, and implementation complexity [14]. By
executing feature encoding, model formation, storage, and inference locally, the architecture
reduces dependence on continuous external processing and network availability. The
presented architecture therefore evaluates whether this complete HDC workflow can
be executed directly on a compact FPGA platform without relying on external training
infrastructure. This work is positioned as a computer-architecture and hardware-feasibility
study rather than a clinical investigation, prioritizing architectural coverage—parameter
sweeps, robustness, and routed FPGA implementation—over recruiting a large, clinically
powered participant cohort.

The main contributions of this work are:

¢ A hardware-targeted HDC architecture enabling on-device model formation and infer-
ence for trainable EMG classification on the resource-constrained GateMate A1 FPGA.
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¢ A dedicated robustness and sensitivity analysis quantifying classification accuracy
under Gaussian noise injected independently into test-time inputs and into stored
associative-memory prototypes, together with a systematic evaluation of training-data
fraction on classification performance.

*  Resource-aware FPGA implementation analysis covering routed utilization, timing
behavior, and architecture-algorithm trade-offs for edge—Al deployment.

¢  Experimental evaluation across eight EMG recordings from seven healthy partici-
pants and one participant with spinal cord injury, including parameter sweeps and
baseline comparison.

To position the proposed architecture relative to the existing EMG, HDC, and FPGA
literature, the following section reviews related approaches and identifies the addressed
research gap.

2. Related Work
2.1. EMG Pattern Recognition and Embedded Wearable Systems

EMG-based pattern recognition has been extensively investigated for prosthetic, or-
thotic, and wearable assistance applications. Classical approaches typically combine
window-based feature extraction with compact classifiers such as Linear Discriminant
Analysis (LDA), support vector machines, and related low-complexity methods because
these approaches provide predictable execution behavior and efficient deployment on
constrained platforms [2,11,12].

Despite strong classification performance under controlled conditions, practical de-
ployment remains challenging because EMG signals exhibit non-stationary behavior caused
by electrode displacement, muscle fatigue, skin impedance variation, and user adaptation.
Consequently, wearable EMG systems increasingly emphasize robustness, personalization,
and reduced dependence on external computation.

Recent embedded EMG studies explored embedded processing and adaptation-
oriented strategies to improve robustness, personalization, and long-term usability [3].
However, many practical systems continue to separate model formation from deployment
by performing training externally and executing only inference on the target hardware.
While this design simplifies deployment, it limits local model updates directly within
wearable systems.

2.2. HDC for EMG and Biosignal Learning

Hyperdimensional Computing has emerged as a hardware-oriented learning paradigm
based on high-dimensional distributed representations and simple binary operations [7,8].
Because HDC predominantly relies on binary logic, memory access, and population-count
operations, it is frequently considered suitable for embedded and potentially energy-
efficient implementations.

For biosignal processing, Rahimi et al. demonstrated HDC-based EMG gesture recog-
nition using distributed binary representations and similarity search [15]. Benatti et al.
further showed that HDC can support low-power embedded EMG classification with
online updates [16]. Moin et al. further demonstrated an EMG gesture-recognition system
that combines flexible high-density EMG sensors with a brain-inspired HDC classifier,
supporting the relevance of HDC for EMG variability, electrode-dependent signal changes,
and user-specific personalization [17]. More recent work extended incremental learning
capabilities beyond static deployment. Zhou et al. explored incremental learning across
changing limb positions for EMG gesture recognition and reported indications that HDC
can maintain classification performance under distribution shifts without complete re-
training [18]. Beyond EMG-specific applications, OnlineHD and related HDC approaches
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further explored efficient online and single-pass learning procedures for scalable model
updates and hardware-oriented deployment [19,20].

These studies demonstrate that HDC supports efficient adaptation-oriented workflows
and biosignal learning. However, most contributions primarily evaluate algorithmic behav-
ior or processor-based execution rather than complete trainable FPGA implementations
with explicit memory organization and routed implementation constraints.

2.3. HDC Hardware Acceleration and FPGA Deployment

Prior FPGA-based HDC accelerators have primarily targeted larger, performance-
oriented FPGA platforms and have focused on inference acceleration rather than on-device
model formation [9,10,21,22]. Comparatively little attention has been given to executing a
complete, trainable HDC pipeline on a genuinely low-power, cost-optimized FPGA suitable
for battery-powered wearable deployment. Moreover, these studies typically report a single
or narrow operating point rather than a systematic evaluation across robustness, training-
fraction sensitivity, and diverse resource-architecture configurations, which limits their
ability to characterize practical accuracy-resource-timing trade-offs. Together, these works
demonstrate the relevance of HDC for biosignal learning and its suitability for hardware
acceleration. However, they do not fully address the specific combination targeted in this
work: lower-limb EMG classification with on-device HDC model formation and inference
implemented as a complete FPGA hardware pipeline on a low-power, resource-constrained
device under practical resource and routing constraints, together with extensive robustness
and training-sensitivity evaluation. In particular, prior HDC-based EMG studies have
mainly focused on gesture recognition and upper-limb applications, whereas this work
evaluates ankle-motion classification for wearable foot-orthosis-oriented scenarios. Table 1
summarizes this positioning relative to representative prior work.

Table 1. Positioning of this work relative to selected prior work with respect to EMG application,
HDC usage, target hardware, trainability, hardware-oriented evaluation, and support for complete
hardware execution pipelines. Here, complete hardware pipeline denotes that feature encoding,
model formation, model storage, and inference are executed within dedicated hardware fabric and
excludes processor-based execution of training or inference workflows.

Work EMG HDC Execution Trainable HW Eval. Con1.p1et.e HW
Platform Pipeline
Rahimi et al. [15] v v - - - -
Benatti et al. [16] v v PULP SoC v -
Zhou et al. [18] v v SW v - -
OnlineHD/LookHD [19,20] - v SW v - -
F5-HD/FACH [9,10] - v FPGA - v -
HD2FPGA /AeneasHDC [21,22] - v FPGA - v -
HDBinaryCore [23] v v ASIC - v -
This work v v FPGA v v v

To evaluate the identified research gap, the following section introduces the EMG
dataset, HDC formulation, hardware architecture, and experimental methodology.

3. Materials and Methods
3.1. EMG Dataset and Preprocessing

Surface EMG data were collected from eight participants (P1-P8, age range 20-65 years),
including seven healthy participants and one participant with spinal cord injury. The
participant with spinal cord injury is represented by Recording 04 in the later evaluation
and is included to provide an initial indication of how hardware-native model formation
behaves under impaired motor activation patterns. Two participants were female and six
were male. All participants provided written informed consent. The study was conducted
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in accordance with the Declaration of Helsinki and approved by the Ethics Committee of
Friedrich-Alexander-Universitit Erlangen-Niirnberg (application 24-286-B).

Participants performed five ankle-motion classes: rest, dorsiflexion (up), plantarflexion
(down), inversion (right), and eversion (left).

Surface EMG was acquired using a wearable 32-channel dry-electrode bracelet
(HD20MM1602B, OT Bioelettronica, Turin, Italy) and a Muovi wireless EMG probe (OT
Bioelettronica, Turin, Italy). The bracelet was placed over the muscle bellies on the upper
part of the shin below the knee. The system sampled EMG signals at 2000 Hz and streamed
data wirelessly via WiFi using a Transmission Control Protocol (TCP) to the host device at
an approximately 111 Hz frame rate, delivering chunks of 18 samples per channel every
approximately 9 ms. Data acquisition, preprocessing, and baseline model training were
performed using the previously published open-source framework MyoGestic [24].

For each participant, the recording protocol consisted of one initial 10 s resting period
followed by separate 10 s steady-state maximum voluntary contraction recordings for each
movement class. Participants were instructed to reach a comfortable maximum ankle range
of motion and maintain the contraction throughout the recording interval.

Each participant contributed one recording session, resulting in eight processed EMG
recordings in total. The resulting dataset forms a supervised classification task with five
motion classes and 32 RMS-based feature channels and was selected to represent wearable
EMG acquisition conditions relevant to trainable orthotic control and future local model
updates. Across all recordings, 34,744 samples were used for training and 8489 samples for
testing. The window-level train—test split was approximately class-stratified within each
recording. The recordings contain 4338—4350 training samples and 870-1090 test samples
per recording, corresponding to approximately 870 training windows and 174-219 test
windows per represented class. Because each recording is single-session, this split evaluates
within-session model formation and inference rather than inter-session adaptation.

Although MyoGestic supports conventional machine learning pipelines, this work
uses the recorded and preprocessed EMG features exclusively to evaluate hardware-native
HDC training and inference as well as the FPGA-oriented LDA baseline.

The raw EMG signals are sampled at 2000 Hz. The continuous recordings are seg-
mented into overlapping windows of W = 504 samples, corresponding to approximately
252 ms. Consecutive windows are shifted by 18 samples, corresponding to approximately
9 ms and an effective feature-update rate of approximately 111 Hz.

The train-test split follows the MyoGestic preprocessing procedure and is applied
after window extraction. For each class recording, the first 80% of the windowed samples
are used for training, while the final 20% are reserved for testing. With a window length
of 504 samples and a hop size of 18 samples, adjacent windows overlap by 486 samples,
corresponding to 243 ms or 96.4% of the window duration. However, this overlap is
local in time: after 28 window shifts, the start positions are separated by a full window
length and the raw-sample overlap vanishes. Therefore, only windows close to the train—
test boundary can share raw samples across the split, while each class is evaluated on
approximately 174-219 test feature vectors per recording. The reported classification results
should consequently be interpreted as within-session window-level performance with
locally correlated neighboring windows, rather than as inter-session generalization.

For each window, root-mean-square (RMS) features are extracted independently for
all 32 channels. For channel i and a window of raw samples s;[t], the RMS feature is

1)
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where x; describes the local signal energy of the i-th EMG channel. RMS features are widely
used in EMG pattern recognition because they provide a compact estimate of muscle
activation and reduce sensitivity to sign changes in the raw signal [4,11,12], among other
established EMG feature-extraction approaches such as wavelet-based methods [25]. The
resulting feature vector is

x = [x1,%x2,...,x5]T, N =32 2)

After RMS feature extraction, the resulting feature values are standardized using
z-score scaling derived from the training data. For HDC encoding, the scaled continuous
feature values are then quantized into discrete levels using a range derived from the scaled
training data. In the evaluated prototype, RMS extraction, z-score standardization, and
feature quantization are performed in software on the host side before FPGA execution.
The FPGA accelerator operates on the resulting fixed-point feature representation and does
not implement RMS extraction or z-score standardization internally.

This quantization step is part of the evaluated implementation and enables map-
ping continuous EMG features to the discrete level-memory representation used by the
hardware encoder. In alternative deployment scenarios where preprocessing already
produces normalized features directly compatible with the encoder input range, explicit
re-quantization may become unnecessary. In such cases, the fixed item and level mem-
ories remain unchanged and future model updates could be restricted to updating the
associative-memory representation.

3.2. Hyperdimensional Computing Classifier

The HDC classifier maps each feature vector x into a high-dimensional binary hyper-
vector. Let D be the hypervector dimension, M the number of quantization levels, N = 32
the number of EMG features, and C = 5 the number of classes. The implementation uses
binary hypervectors in {0,1}P and record-based encoding, where each feature value is
encoded together with its channel identity.

Each feature position i is assigned a fixed random item hypervector I; € {0,1}P.
The quantization levels use correlated level hypervectors L,, € {0,1}P stored in the
continuous item memory. The first level hypervector is generated randomly. Subsequent
level hypervectors are derived by flipping a fixed number of pseudo-randomly selected
bits from the previous level. Neighboring levels therefore remain more similar than distant
levels, preserving the order of the feature-amplitude range in the hypervector space.

The quantization range is derived from the training data and represented as a sym-
metric feature range about zero, with its extent set by a magnitude derived from the
training data, before conversion into hardware-compatible fixed-point values. Let this
range be [Gmin, Jmax], With §min = —gmax. Each feature value x; is first mapped to a clipped
relative position

rp = chp(xiq“‘“‘,o,1>. 3)
Jmax — Jmin

The corresponding HDC level index is then computed as

i = {ri(M_l)‘i‘;J/ (4)

where q; € {0,...,M — 1}. This formulation describes the level mapping used by the
encoder. In the hardware path, the clipped relative feature position is supplied in fixed-
point form and converted to the same discrete level index.
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The feature-specific encoded hypervector is generated by binding the item and
level hypervectors:
E=1L& qu (5)

where @ denotes bitwise XOR. The sample hypervector Q is obtained by bundling all
encoded feature hypervectors using a component-wise majority operation:

1, YNJE:.>1, .
Q= L j=1...,D, ©)
0, otherwise,

with threshold T = N/2. Since N = 32 is even, a tie occurs when exactly 16 encoded
feature hypervectors contain a one at bit position j. Following the deterministic convention
used in prior HDC hardware work by Ge and Parhi [8], ties are resolved to one, because
the implemented comparator uses } ; E; ; > 16. For the binary HDC majority operation,
resolving ties to zero or to one is an implementation convention as long as the rule is applied
consistently. The selected deterministic rule avoids ambiguity in the implementation for
the even number of input features and was kept fixed across all experiments.

During training, sample hypervectors belonging to class ¢ are accumulated in class-
specific counters:

Ac,j = Z Qn,j~ (7)
n:yp=c
Here, y,, denotes the class label of the n-th training sample, and the sum runs over all
training samples assigned to class ¢, so that A, ; counts how many of these samples have
bit j set to one.

Coy={ 1 o= ®
0, otherwise,
This formulation describes the algorithmic majority operation, where 6. denotes the class-
specific majority threshold derived from the number of training samples of class c.

For the implemented hardware realization, training accumulation is represented
using signed counters that increment for one-valued query bits and decrement for zero-
valued query bits. Final class-hypervector generation therefore becomes equivalent to
thresholding the accumulated signed representation at zero while preserving the same
binary model interpretation.

During inference, the query hypervector Q is compared with each stored class hyper-
vector using the Hamming distance

D
dn(Q,Cc) =) Q& C,. )
j=1
The predicted class is
Jupc = argmindp (Q, Ce). (10)

3.3. Linear Discriminant Analysis Baseline

Linear Discriminant Analysis (LDA) is used as a compact classical baseline for EMG
classification. In contrast to the proposed HDC implementation, the LDA model is trained
offline using the preprocessing and training workflow provided by MyoGestic [24] and
only the inference step is considered for the FPGA-oriented comparison. LDA is therefore
used as an established lightweight clean-accuracy and inference-oriented deployment
reference, not as an equal-functionality on-device-training baseline. For implementation
and algorithmic reference, the LDA training flow follows the formulation commonly used
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in scikit-learn [26]. LDA assumes that all classes share a common covariance structure and
represents each class by a linear discriminant function.
For an input feature vector x, inference evaluates one score per class:

ge(x) = wix+D, 11)

where w, denotes the class-specific weight vector and b, the corresponding bias term. The
predicted class is the class with the largest score:

JipA = arg max gc (x). (12)

In hardware, LDA inference therefore reduces to a set of multiply-accumulate opera-
tions followed by an argmax comparison over the class scores. This makes LDA an efficient
inference-only baseline, but model formation and local model updates are not performed
on the FPGA in this work. HDC and LDA are therefore not functionally equivalent with
respect to post-deployment model updates.

3.4. FPGA-Based HDC Training and Inference

The architecture executes both model formation and inference directly on the FPGA
after memory initialization and configuration. Item memory and continuous item memory
are fixed encoder memories loaded once before execution, whereas associative-memory
contents are created on device during training and form the trainable part of the model.
During training, encoded sample hypervectors are accumulated into class-specific counters
and thresholded into binary class hypervectors for associative-memory storage; during
inference, the same encoder generates a query hypervector that is classified by nearest-
neighbor search in Hamming space.

The hardware consists of item memory, level memory, an encoding and bundling dat-
apath, class accumulators, associative memory, and a Hamming distance comparator. The
resulting training and inference pipeline is described in more detail below and summarized
in Figure 1. Hypervectors are processed in fixed-size datapath segments instead of fully
parallel D-bit operations, enabling dimensions up to D = 10,000 on GateMate A1l while
reducing logic and routing pressure.

For a datapath segment width W, one hypervector is stored in

D
B= [W-‘ (13)
segments, corresponding to
Dpw = BW (14)

stored hardware bits. Other evaluated variants use different segment widths or additional
parallelism, allowing the design to trade sequential processing time against routed logic
and memory pressure. Table 2 summarizes the main memories used by the accelerator.

Table 2. Main memories used by the HDC accelerator.

Memory Stored Data Depth Access
Item memory Feature/item N-B segments Load and encode
hypervectors
Level memory Quantization-level M:-B segments Load and encode

hypervectors

Binary class C-B segments Load, finalize,

Associative memory
hypervectors compare
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Testdata

Traindata

Before an experiment, the accelerator interface loads the item memory and level
memory and configures the training or inference run. As illustrated in Figure 1, both
training and test samples pass through the same encoder. For every EMG feature, the
encoder combines the corresponding item-memory segment with the segment of the
quantized level hypervector using bitwise XOR. The encoded feature hypervectors are
then bundled by majority voting across the 32 input features. With N = 32, the majority
threshold is 16; therefore, a 16-to-16 tie is resolved as one in the hardware implementation.

During model formation, the encoded training samples are accumulated class-wise.
After all samples of a class have been processed, majority voting converts the accumulated
representation into one binary class hypervector, which is stored in associative memory.
The associative memory therefore contains one stored prototype hypervector per class.

During operation, the associative-memory contents are stored in on-chip FPGA mem-
ory/BRAM. These contents are volatile and must be retrained or reloaded after power
loss unless an external non-volatile storage mechanism is added. Power-loss-safe persis-
tence and transactional update procedures are outside the current prototype and remain
future work.

During inference, a test sample is encoded in the same way and becomes the query
hypervector shown in Figure 1. The query is compared with all stored class hypervectors by
segment-wise XOR and population-count accumulation, yielding one Hamming distance
per class. The predicted class is the associative-memory entry with the minimum distance.
Because all hypervector segments must be processed, inference latency scales approximately
linearly with the number of segments B.

>[ Sample vector
( \ — ' \
features| ——— sample J — T
feature_id Similarity
fi Bindi So
Indin
f, . 9 S AM
f3 . Sy
feature_value Bundling Cdorsi
> C Hamming
fao $10,000 > plantar L i
Ceversion distance
~—~
inversion
Crest
———

Figure 1. Block diagram of the proposed HDC hardware pipeline. The same encoder maps training
and test samples into binary hypervectors. Training samples are accumulated class-wise and stored
as associative-memory prototypes after majority voting; during inference, the encoded query is
compared against the stored prototypes using Hamming distance accumulation.

3.5. GateMate A1 Implementation and Evaluation Protocol

All FPGA resource results are generated using an open-source GateMate implemen-
tation flow based on OSS CAD Suite (release 9 June 2026), combining Yosys with the
GHDL frontend and nextpnr-himbaechel for placement, routing, and timing analysis on
the CCGM1AL1 device. Identical implementation settings are used for all HDC and LDA
variants to ensure comparability.

The evaluated variants implement the same HDC training and inference pipeline and
differ only in datapath segmentation, encoder replication and pipelining. The comparison
therefore reflects architecture-algorithm trade-offs rather than changes to the underlying
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classifier. In the variant names used below, a 40-bit or 200-bit segmented datapath de-
notes the number of hypervector dimensions processed in parallel per datapath segment.
Wider segmented datapaths reduce the number of serialized segment iterations for a fixed
hypervector dimension D, but increase memory bandwidth, routed resource utilization,
and routing pressure. The pipelined replicated variant inserts registers into the replicated
encoder datapath to shorten combinational paths at the cost of additional registers and
pipeline latency. Specifically, it splits the single encode-and-accumulate step into two
registered stages: the item- and level-memory outputs are first XOR-bound and registered,
and the resulting encoded bits update the per-bit class counters only in the following cycle.
This breaks the otherwise long path from memory output through XOR into the wide
per-bit counter-increment logic, improving the achievable clock frequency at the cost of
one additional pipeline cycle per processed feature group.

The evaluation covers HDC design-space exploration, training-fraction sensitivity,
routed FPGA resource usage, input-noise robustness, and robustness against model-level
perturbations of the stored HDC class hypervectors.

The HDC accuracy sweep uses D values from 500 to 10,000 and M values from 10 to 100
across the eight recordings. For each run, the item memory is generated with independent
random binary hypervectors, and the level memory is generated by starting from a random
level hypervector and repeatedly flipping a fixed number of bits to obtain correlated
neighboring levels. Each HDC configuration was evaluated over 10 independent random
encoder initializations, and results are reported as mean and standard deviation. The sweep
is used to characterize the sensitivity of HDC to hypervector dimension, quantization
granularity, and random memory initialization. The per-recording best configurations are
reported exclusively to analyze parameter sensitivity and achievable performance ranges
and are not used as deployment configurations in subsequent experiments. To avoid
using separate best-case parameters in the subsequent robustness and training-fraction
experiments, those experiments use one fixed global representative configuration selected
across all recordings.

The algorithmic sweep reports the best HDC configuration per recording to account
for recording-dependent parameter optima. The hardware resource evaluation reports
routed utilization for the implemented FPGA design variants.

Input-level robustness is evaluated by adding zero-mean Gaussian noise directly to
the test features. Controlled Gaussian perturbations are commonly used in EMG robustness
studies to evaluate the sensitivity of feature extraction and classification pipelines to signal
uncertainty and measurement variation. In this work, the perturbation model is intended
as a controlled first-order approximation of feature uncertainty rather than a physiological
model of EMG degradation, electrode displacement, or long-term session variability [27,28].

i =X +€, €~ N(0,0’z). (15)

=

Here, x; denotes the original standardized test feature of channel i, £; the corresponding
perturbed feature, €; an independently sampled Gaussian noise term, and ¢ the tested noise
standard deviation.

The tested noise standard deviations are o € {0,0.01,0.05,0.10, 0.30,0.50,0.70,1.00}.
Noise is added only to the test features after training and quantization-range selection, so
the experiment isolates sensitivity to controlled feature perturbations rather than adaptation
to physiological EMG drift.

Model-level robustness is evaluated by injecting random bit flips into the stored HDC
model representation while leaving the input test data unchanged. The implementation
specifies the perturbation probability in parts per million (ppm); the paper reports the
corresponding percentage of flipped model bits, py, = pppm/10,000. The tested rates
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range from 0% to 20% with denser sampling at low perturbation rates. For HDC, flips
are applied after training and before inference to the stored binary class hypervectors in
associative memory. This separation between input-level and model-level perturbations
allows distinguishing sensor-noise robustness from robustness against internal memory or
configuration faults.

Robustness results are reported as absolute accuracy across the eight recordings. The
plots report mean accuracy together with the spread across recording means.

The following section evaluates classification performance, training-fraction sensi-
tivity, robustness, routed hardware utilization, and implementation trade-offs across the
investigated configurations.

4. Results
4.1. HDC Accuracy and Design-Space Exploration

The HDC classifier was evaluated for different hypervector dimensions D and level
counts M using random item memories and bit-flip-generated correlated level memories.
The sweep shows measurable recording-dependent sensitivity to these parameters, while
accuracy remains comparatively stable over broad configuration ranges for most recordings.
Larger dimensions often stabilize the representation, but the optimum is not identical
across recordings and does not always occur at the largest tested dimension. Table 3
summarizes the best mean HDC configuration for each recording over 10 random seeds
and reports the corresponding full-training LDA baseline for the same recording. These
per-recording optima are used to analyze attainable HDC performance and recording-
dependent parameter sensitivity. Each reported configuration corresponds to the mean
over 10 independent random encoder initializations.

Table 3. Best HDC configurations and LDA baseline accuracy in the eight-recording accuracy sweep.

HDC Mean HDC Std. LDA Mean

Recording D M (%) (pp) (%)

Rec%rlding 10,000 60 97.46 0.08 100.00
Rec%rzding 3000 60 96.11 1.72 100.00
Rec%rgding 7000 20 94.07 0.30 97.70
Rec%l;lding 1000 70 87.78 1.64 96.90
Rec%r5ding 8000 90 98.74 0.26 100.00
ReC%Zding 7000 10 94.09 0.92 95.77
Rec%gding 7000 30 96.10 0.38 98.44
Rec%%ding 9000 70 97.27 1.88 99.17

Figure 2 further illustrates the recording-level sensitivity of HDC accuracy to the
hypervector dimension and the number of quantization levels. Across most recordings,
accuracy remains comparatively stable over broad ranges of D and M, indicating that
the evaluated HDC representation is not strongly dependent on a single narrowly tuned
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configuration. Larger deviations are observed only for selected recordings, most notably
Recording 04 and Recording 06, which suggests that parameter sensitivity is driven primar-
ily by recording-specific signal characteristics.

100.0 HDC accuracy across recordings for varying hypervector dimension HDC accuracy across recordings for varying quantization levels
07 100 1
o
- o
075] s———g—— . . s . s H
H ] PR —_— —
oo 954 o ~ \ et
95.01 ——— A : s
3 /‘  m—*
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Figure 2. Recording-level HDC accuracy sensitivity for selected one-dimensional sweeps. Left:
influence of hypervector dimension D at fixed M = 70. Right: influence of quantization levels M at
fixed D = 9000. Each curve represents one EMG recording.

The best-accuracy comparison confirms the expected behavior: LDA achieves the
highest clean accuracy in the evaluated setup, with a sample-weighted overall accuracy
of 98.54% across the eight recordings. The HDC per-recording best configurations reach
95.20% mean recording accuracy and remain competitive. Table 3 also shows the recording-
wise comparison: on most recordings, the HDC results remain within a few percentage
points of the LDA baseline, while Recording 04 shows the largest separation between
both methods. As introduced in the dataset description, Recording 04 corresponds to the
participant with spinal cord injury included in the evaluation corpus. The recording-wise
confusion matrices in Figure 3 show that the main classification difficulties for this recording
occur in the inversion and eversion classes. The best single fixed HDC configuration in the
clean-accuracy sweep is D = 9000, M = 70, F = 1.0, with a mean accuracy of 93.64% and a
standard deviation of 4.65 percentage points across recording means. This configuration
is used as the representative configuration for the subsequent robustness and training-
fraction studies.

Across the recording-wise confusion matrices, the rest control state as well as dor-
siflexion and plantarflexion are generally recognized with high accuracy. The strongest
remaining confusion occurs mainly between inversion and eversion, especially in Record-
ing 04. This pattern is consistent with ankle biomechanics: dorsiflexion and plantarflexion
are the primary sagittal-plane ankle motions during gait, whereas inversion and eversion
occur mainly in the frontal plane and involve the subtalar complex [29,30]. Inversion
and eversion also typically have smaller ranges of motion and more coupled joint me-
chanics than the sagittal-plane motions [30]. Consequently, inversion and eversion may
exhibit more similar surface EMG activation patterns, making these classes more difficult
to distinguish in some recordings.

The best-accuracy comparison indicates that LDA provides the stronger best-accuracy
reference in the evaluated setup, whereas HDC is investigated for the additional capability
of hardware-native model formation and unified execution on the FPGA. The comparison
should therefore be read as a contrast between a strong offline-trained inference baseline
and a trainable HDC hardware architecture rather than as a claim of equal deployment
functionality. A fully fair comparison of post-deployment adaptation would require an
online-learning baseline with hardware-supported model updates, such as an OnlineHD-
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Figure 3. Recording-wise HDC confusion matrices for all eight recordings using the per-recording best
configurations from Table 3 and F = 1.0. For each recording, the displayed run is the deterministic
re-evaluation closest to the corresponding Table 3 mean accuracy. Rows denote ground-truth classes
and columns denote predicted classes. Cell values show row-normalized percentages with sample
counts in parentheses.

A paired Wilcoxon signed-rank test was performed on the eight recording-level clean-
session accuracies in Table 3, using the per-recording HDC best mean accuracy and the
corresponding LDA baseline accuracy as paired observations. A non-parametric paired test
was selected because the comparison contains only eight paired recordings and does not
require assuming normally distributed paired differences. The test indicated higher clean-
session accuracy for LDA across the evaluated recordings (n = 8, W = 0.0, exact two-sided
p = 0.0078). This statistical result confirms the descriptive clean-accuracy comparison
reported in Table 3. As discussed throughout this work, the proposed contribution focuses
on unified hardware-native model formation and inference rather than maximizing clean-
session classification accuracy.

Using one global configuration prevents the later experiments from relying on per-
recording best-case hyperparameters and provides a more realistic hardware-relevant
operating point.

4.2. Training-Fraction Sensitivity

The representative HDC configuration was evaluated with training-data fractions
F € {0.01,0.05,0.10,0.20, ...,1.00}. These fractions correspond to approximately 347 to
34,744 training samples across the eight recordings. For HDC, reducing F directly changes
the amount of training data used for hardware-native model formation on the FPGA. For
LDA, the same fractions are applied only during offline model generation to maintain
comparable training-data availability, while the resulting FPGA implementation still per-
forms inference only. Figure 4 shows that mean accuracy remains close to the full-training
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result for moderate fractions. The largest HDC reduction occurs at F = 0.01, where mean
accuracy decreases by approximately 2.76 percentage points relative to full training; the
corresponding LDA reduction is approximately 2.20 percentage points.

Training-Fraction Sensitivity

.
© o
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Figure 4. Training-fraction sensitivity of HDC and LDA for the eight-recording evaluation. The
tested fractions F use the corresponding portion of the 34,744-sample training split, ranging from
approximately 347 samples at F = 0.01 to all 34,744 samples at F = 1.0. The lines show the mean
across recording-level means, and the shaded regions indicate the spread across recordings.

The results indicate that HDC maintains stable classification performance over a
broad range of available training data and does not require the full training split to reach
competitive accuracy. This behavior is consistent with the distributed representation and
majority-based model formation used in HDC. While LDA remains the stronger clean-
accuracy baseline, the comparison suggests that HDC can retain practical EMG classification
performance while simultaneously supporting on-device model formation and unified
hardware execution.

4.3. FPGA Resource Utilization of HDC Variants

Table 4 summarizes the routed resource ranges for the evaluated HDC hardware
variants and the LDA reference design. The values are reported as post-place-and-route
device-utilization percentages for the accelerator and predictor cores without the UART
bootloader interface. For HDC variants with multiple available implementation logs, the
table reports the observed range over D at M = 40. The 40-bit and non-replicated 200-bit
segmented datapaths are reported for D = 1000-10,000, the replicated 200-bit encoder
for D = 1000-6000, and the pipelined replicated 200-bit encoder for D = 1000-5000. The
reported utilization ranges are primarily caused by varying the hypervector dimension
D, which determines the number of stored hypervector segments and therefore the size
of the item, level, associative, and intermediate training memories, while all other archi-
tectural parameters remain fixed unless explicitly stated. LDA is independent of the HDC
hypervector dimension and is therefore reported as a single routed reference design.

The reported logical memory footprint corresponds to the stored HDC model (item,
level, associative, and training memories) and is independent of FPGA-specific BRAM
packing. For the replicated and pipelined replicated encoder variants, the item and level
memories are duplicated to provide parallel encoder lanes, which explains their larger
logical memory footprint compared with the non-replicated 200-bit segmented datapath.
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Table 4. Routed resource ranges for the evaluated HDC and LDA hardware cores on GateMate
Al. Resource values are post-place-and-route utilization percentages without the UART bootloader
interface. Percentages are relative to the total routable CCGM1A1 device resources reported by the
used implementation flow: 40,960 look-up table sites (CPE_LT), 40,960 flip-flop sites (CPE_FF), and
64 half RAM blocks (RAM_HALF).

Logical Memory

Variant Functionality D Range Footprint LUT FF BRAM fmax (MHz)
ég'tzg:ff' g’fgl:ntcrsining * 1000-10,000 21_778_‘18092 61‘%3 13-17% 4% 18-71% 32.22-34.76
312?:;2 ne frffg‘sntcr:inmg * 1000-10,000 21.778—_18093 6kll’<iitB 34-39% 10% 34-87% 16.94-20.91
Eggﬁf;‘i fffgr/:n‘;sim“g * 1000-6000 33?32:19167§ 9]"2;3 50-61% 10% 50-100% 17.09-21.30
pipelined repl. - FIIGA training + 1000-5000 Jaz-so0 kit 60-61% 11-12% 51-82% 17.33-19.69
LDA Offline training + - - 54% 16% 0% 1220

FPGA inference

The routed implementation results show that resource scaling is dominated by on-
chip memory rather than by routed logic or registers. Across increasing D, LUT and FF
utilization remain comparatively stable within each architecture, while BRAM utilization
increases strongly. For example, BRAM utilization grows from 18% to 71% for the 40-bit
segmented datapath and from 34% to 87% for the 200-bit segmented datapath. The repli-
cated 200-bit encoder reaches full BRAM utilization already at D = 6000, indicating that
memory capacity becomes the practical implementation limit before logic utilization is
exhausted. Because these values are obtained after synthesis, placement, and routing, the
reported utilization does not necessarily scale linearly with D. Tool-dependent mapping
decisions, packing efficiency, memory inference, and the specific BRAM and routing archi-
tecture of the GateMate A1 can introduce step-like or non-monotonic changes in the final
resource percentages.

To assess whether the reported implementation characteristics are specific to GateMate
A1 or reflect the proposed architecture more generally, the HDC hardware variants were
additionally implemented on a Xilinx Zynq UltraScale+ xczu3eg-sbva484-1-i device used by
the Ultra96 platform using Vivado 2024.1. This experiment is intended as a cross-platform
portability check rather than a board-level benchmark. The Ultra96 implementations close
timing at substantially higher clock frequencies, whereas absolute utilization percentages
differ because of vendor-specific logic-cell definitions, memory primitives, routing fabrics,
and implementation tools. Therefore, the values in Table 5 should not be interpreted as a
direct vendor efficiency ranking. For the Ultra96 results, fmax denotes the highest timing
constraint that closed with non-negative WNS in the performed Vivado implementation
runs. Nevertheless, successful timing closure for the same synthesizable HDC variants on
both GateMate A1l and Xilinx Zynq UltraScale+ indicates that the proposed architecture is
portable and not tied to GateMate-specific primitives.

Although the absolute utilization percentages differ across FPGA families because of
different LUT structures, BRAM granularities, routing architectures, and timing models, the
comparison indicates that the proposed HDC pipeline is not inherently tied to GateMate
Al. The relative scaling trends remain architecture-driven: increasing D primarily increases
memory footprint, while wider datapaths trade lower cycle count for higher routing and
memory pressure.
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Table 5. Cross-platform implementation comparison for HDC variants at M = 40. GateMate Al
values reuse the routed utilization ranges from Table 4; Ultra96 values are post-implementation
Vivado 2024.1 routed counts with device-utilization percentages in parentheses. Only HDC variants
available on both platforms are included, evaluated over the same D range on each platform.

Variant Platform D Range LUT FF BRAM DSP fmax (MHz)

flo'b“ seg. GateMate Al 1000-10,000 13-17% 4% 18-71% - 32.22-3476
atapath

40-bit seg. 1294-1393 1701-1743 55285

datapath Ultrad% ZUSEG 1000-10,000 (1.83-1.97%) (1.21-1.24%) (2.55-13.19%) 0 139.6-140.0

ioo'bit seg- GateMate Al 1000-10,000 34-39% 10% 34-87% - 16.94-20.91
atapath

200-bit seg. 2978-3006 3301-3342 12.5-33

datapath Ultra% ZUSEG 1000-10,000 (4.22-4.26%) (2.34-2.37%) (5.79-15.28%) 0 1464-1467

Replicated GateMate Al 1000-6000 50-61% 10% 50-100% - 17.09-21.30

200-bit enc.

Replicated 3320-3428 18.5-56

bt enc. Ultra96 ZU3EG 1000-6000 3513-3533 (5.01%) (235-2.43%) (8.56.25.95%) 0 138.7-147.6

Pipelined repl. GateMate Al 1000-5000 60-61% 11-12% 51-82% - 17.33-19.69

200-bit enc.

Pipelined repl. o 3808-3946 20-55.5

bt ene. Ultra96 ZU3EG 1000-5000 4358-4374 (6.20%) (270.2.80% (9.26.25.69%) 0 138.2-143.4

The comparison with LDA reflects different deployment paradigms rather than equal-
functionality classifier cost. LDA implements offline-trained FPGA inference only, whereas
HDC integrates feature encoding, on-device model formation, binary model storage, and
inference in one architecture. Consequently, HDC requires additional on-chip memories
for item memories, continuous item memories, associative memories, and intermediate
training state, so its resource scaling is primarily memory constrained. The benefit of HDC
is therefore not a simple clean-accuracy advantage over LDA, but the integration of model
formation and update-capable model storage into the FPGA execution flow. Increasing
datapath parallelism or reducing serialization in HDC must therefore be balanced against
the available RAM resources on GateMate Al.

The timing results complement this resource trend. They indicate that moderate data-
path widths provide the most practical implementation balance, while aggressive inference
or training parallelism is limited mainly by BRAM utilization and routing pressure.

4.4. Hardware Latency and Throughput

The latency measurements complement the routed resource results by quantifying the
serialization cost of the HDC datapath. Figure 5 shows the routed inference latency for the
evaluated M = 40 designs, computed from the measured cycle count and the post-route
maximum clock frequency of each implementation. The measurements use representative
hardware testbench stimuli with one training sample and one test sample to characterize
datapath latency rather than full-corpus execution time. The corresponding cycle counts
are constant across the measured samples for a fixed configuration.

Table 6 summarizes compact representative timing points for M = 40 in the same
style as the routed resource overview. Latency is computed from the measured cycle count
and the post-route maximum frequency reported by nextpnr-himbaechel.

Cycles, latency, and throughput are reported from the smallest routed configuration to
the largest routed configuration available for each variant at M = 40, while fiax gives the
observed range over the listed routed points. Figure 5 uses only points for which routed
maximum-frequency data are available. The replicated 200-bit encoder is reported up to
D = 6000, while the pipelined replicated 200-bit encoder is summarized from D = 2000 to
D = 5000.
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Figure 5. Routed inference latency for the evaluated HDC variants and the LDA inference-only
baseline. Latency is computed from measured inference cycles and the post-route maximum clock
frequency of each implementation.

Table 6. Representative routed inference latency and throughput for M = 40 on GateMate Al.

. . Throughput
Variant D Points Cycles fmax (MHz) Latency (us) (Samples/s)
40-bit seg. 2000, 10,000 4263-21,263 32.22-34.56 132.31-615.25 7558-1625
datapath
200-bit seg.

3 2000, 10,000 863-4263 20.67-20.91 41.75-203.87 23,951-4905
atapath

Replicated 2000, 6000 5431603 21.30-20.67 2549-7755  39,227-12,895

200-bit enc.

Pipelined repl. 2000, 5000 703-1738 17.33-19.35 40.57-89.82 24,651-11,133

200-bit enc.

LDA independent 38 12.20 3.11 321,053

The HDC results show the expected dependence on hypervector dimension and datap-
ath segmentation. For a fixed datapath organization, the number of processed hypervector
segments increases with D, so inference cycles scale approximately linearly. Wider and
more parallel variants reduce this serialization overhead: at D = 2000, the 200-bit seg-
mented datapath requires substantially fewer cycles than the 40-bit segmented datapath,
and the replicated 200-bit encoder further reduces inference latency. The pipelined variant
also uses a replicated 200-bit encoder, but adds registered encoder stages. These latency
reductions must be interpreted together with the routed implementation costs shown in
Table 4, especially higher BRAM utilization and increased routing pressure. Consequently,
the fastest inference configuration does not necessarily represent the most practical overall
hardware operating point.

As expected, the LDA baseline achieves very low inference latency because it evaluates
a compact fixed-size linear model and performs only inference after offline model genera-
tion. The latency comparison therefore reflects different deployment objectives rather than
identical hardware functionality. In contrast, the proposed HDC architecture additionally
integrates feature encoding, hardware-native model formation, associative-memory gen-
eration, binary model storage, and inference within a unified execution flow directly on
the FPGA.
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Despite these additional responsibilities and deployment on the resource-constrained
GateMate A1 FPGA, the evaluated HDC variants reach low-microsecond inference latency
through datapath parallelization and encoder replication. The EMG feature stream operates
at approximately 111 Hz, corresponding to a frame period of about 9 ms. All evaluated
HDC hardware variants remain well below this timing budget for inference, even for
the largest tested hypervector dimensions. The reported latency differences therefore
mainly affect energy, duty cycle, and available time for preprocessing or communication
rather than real-time feasibility. Depending on the selected architecture, the measured
throughput already reaches tens of thousands of samples per second. These results indicate
that trainable HDC architectures can approach the execution range of compact inference-
oriented classifiers while simultaneously providing hardware-native model formation and
unified model execution directly in hardware.

As a first board-level power measurement, the 40-bit segmented HDC implementation
was evaluated at D = 4000 and M = 40 using the measured voltage drop across a 1 (2 shunt
resistor in the 5 V supply path. The voltage traces were recorded with PicoScope 7 T&M soft-
ware, a PicoScope 3405D oscilloscope, and a TA132 probe. The board-side supply voltage
was approximately 4.93 V. The measured shunt voltage drop was approximately 92.5 mV in
idle and 94.9 mV during training; current was therefore computed as I = AV /Rgynt, and
board power as P = W,0arql. This gives an idle board power of approximately 0.456 W and
a measured board power during training of approximately 0.467 =+ 0.001 W, corresponding
to an activity-related increase of about 11.2 + 0.6 mW. For the same configuration, a time
of 0.8513 ms for testing and 1.8502 ms for training was measured. Using the measured
training power as a board-level estimate gives approximately 0.398 m] per inference sample
and 0.865 m] per training sample; the incremental energy over idle is approximately 9.5 puJ
and 20.7 pJ, respectively. Class finalization required 1.6003 ms in this configuration and is
performed once per finalized class rather than once per input sample. These values should
be interpreted as evaluation-board-level estimates that include static board consumption
and measurement setup effects, not as isolated FPGA-core power or as a complete power
characterization over all HDC variants.

The latency comparison therefore highlights that efficient trainable Al systems can
be realized directly on constrained FPGA hardware rather than indicating an inherent
performance disadvantage of HDC for embedded EMG classification.

4.5. Robustness Against Input Noise

Input-level robustness was evaluated by perturbing the EMG test data while keeping
the trained models unchanged. This robustness experiment uses the representative HDC
configuration D = 9000, M = 70, and F = 1.0 and the offline-trained, FPGA-inferred LDA
baseline. Figure 6 shows that both classifiers remain close to their clean baselines at low
input-noise levels. For stronger perturbations, both classifiers show decreasing accuracy,
with the evaluated HDC configuration retaining a larger fraction of its clean-baseline
performance over the investigated noise range.

Across the evaluated controlled feature-perturbation setting, the robustness advantage
becomes increasingly visible at moderate and high noise levels.

At the representative perturbation level o = 0.10, the evaluated HDC configuration
retained higher mean recording accuracy than the LDA baseline, consistent with the
descriptive robustness trend observed across the investigated noise range.

A possible explanation for this behavior is the distributed high-dimensional binary
representation used by HDC, where information is represented redundantly across many
dimensions and aggregated through majority-based model formation [7,8,15,16]. Local
perturbations in the input space therefore affect only a fraction of the resulting representa-
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tion, whereas perturbations in compact linear models can influence decision boundaries
more directly.

Input Noise Robustness: Mean Across Recordings
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Figure 6. HDC and LDA accuracy under input/test-data noise for the eight-recording evaluation.

The lines show the mean accuracy across recording means, and the shaded regions indicate the spread
across recordings.

4.6. Robustness Against Model and Configuration Noise

The second robustness experiment evaluates model-level perturbations. For HDC,
random bit flips were injected into the stored binary class hypervectors. For LDA, the
stored classifier parameters were perturbed using the same relative noise levels. Figure 7
summarizes the resulting accuracy across all eight recordings.

Model Noise Robustness: Mean Across Recordings
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Figure 7. HDC and LDA accuracy under model/configuration noise for the eight-recording evalua-
tion. The lines show the mean accuracy across recording means, and the shaded regions indicate the
spread across recordings.

The HDC model representation remains comparatively stable under low and mod-
erate perturbation rates in the evaluated range. Mean accuracy stays close to the clean
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baseline up to several thousand ppm and decreases more noticeably only for the largest
perturbation rates.

This behavior is consistent with the observations from the input-noise experiment in
Section 4.5, where HDC also retained a larger fraction of its clean-baseline accuracy under
increasing perturbation levels. A possible explanation is that robustness in HDC originates
from the same distributed high-dimensional representation in both cases.

For model perturbations specifically, the associative-memory representation itself
consists of high-dimensional binary class hypervectors. Random bit flips therefore modify
only a small subset of dimensions while leaving most of the stored class representation
unchanged. Since classification is based on global Hamming similarity rather than a small
number of critical coefficients, perturbations tend to degrade the decision gradually instead
of causing abrupt failure.

From a hardware perspective, this result is relevant because model perturbations
can approximate memory faults, configuration disturbances, or storage degradation in
embedded systems. The experiment therefore does not only evaluate classifier robust-
ness but also provides an indication of how binary model representations behave under
implementation-level disturbances on constrained hardware.

5. Discussion

The presented results demonstrate that trainable HDC can execute directly on a
compact FPGA platform while maintaining competitive EMG classification performance,
low-microsecond execution latency, and favorable behavior under controlled input and
model perturbations. Rather than separating training and deployment into independent
stages, the proposed architecture enables model formation, class-prototype storage, and
inference within a unified hardware-native execution flow.

From a hardware perspective, the evaluation showed that practical scalability is deter-
mined primarily by memory organization and data movement rather than computational
complexity alone. Increasing datapath width, encoder replication, and training parallelism
reduced serialization overhead and improved latency, but also increased routed memory
utilization and implementation pressure. Consequently, selecting HDC parameters and
hardware architecture jointly remains essential for achieving balanced deployment points
on resource-constrained FPGA devices.

The accuracy sweeps further show that practical configurations do not have to be
selected solely from the largest evaluated hypervector dimensions. Because several record-
ings remain stable over broad ranges of D and M, lower-dimensional configurations may
provide attractive deployment points when a small accuracy trade-off is acceptable. Re-
ducing D lowers associative-memory and encoder-memory requirements and also reduces
the number of serialized hypervector segments, which can improve per-sample latency
for segmented datapaths. The final configuration should therefore be selected as a joint
accuracy-resource—timing trade-off rather than by accuracy alone.

From the EMG classification perspective, the results indicate that HDC can maintain
competitive accuracy while additionally enabling local model formation and hardware-
native execution. At the same time, the experiments show that no single HDC configuration
consistently dominates across all recordings, which is why the per-recording best results
should be interpreted as a sensitivity analysis rather than as a deployment protocol. Hyper-
vector dimension, quantization granularity, and available training data therefore remain
application-dependent design choices that should be selected together with the intended
hardware target and deployment scenario.

Repeated model updates do not require regeneration of the fixed item and continuous
item memories. The architecture is therefore designed so that future update procedures
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could modify only the associative-memory representation on device, reducing deployment
complexity while preserving hardware-native model formation. Accordingly, local model
updating is treated here as an architectural capability, while explicit repeated-session
adaptation remains future work.

The recording-level analysis additionally highlights the influence of subject charac-
teristics on classification performance. While most recordings reached high classification
accuracy, Recording 04 produced the lowest overall performance across the evaluated
configurations. As introduced in the dataset description, this recording corresponds to the
participant with spinal cord injury included in the evaluation corpus. In this case, the main
classification difficulty was observed between inversion and eversion movements, indicat-
ing increased overlap in the corresponding EMG activation patterns compared to the other
recordings. Recording 04 is therefore treated as an exploratory impaired-motor-pattern
case rather than as a basis for population-level conclusions about spinal-cord-injury users.
Because only one such recording was included, no stratified statistical comparison between
impaired and unimpaired participants was performed.

The experimental validation is limited by the dataset size and structure. The dataset
contains eight recordings from eight participants and only one impaired participant. Be-
cause each participant contributed only one recording session, the reported results should
be interpreted as subject-dependent within-session window-level performance. With only
eight participants and a single recording per participant, the reported accuracy estimates
carry substantial subject-dependent bias, since individual-specific factors such as electrode
placement, anatomy, and effort level cannot be separated from algorithmic effects; the
small sample size further limits the statistical power of any cross-recording comparison,
including the paired test reported above, and the results should not be read as evidence of
population-level generalization. The study did not evaluate subject-independent general-
ization, inter-session variability, long-term signal drift, fatigue, electrode displacement, or
longitudinal adaptation. The inclusion of one participant with spinal cord injury provides
only an initial indication for impaired motor activation patterns and is not sufficient to
draw population-level conclusions for rehabilitation users. These limitations concern the
experimental evidence base rather than the hardware architecture itself, which is evaluated
here as a platform for single-session model formation and inference.

The robustness experiments further suggest that distributed high-dimensional binary
representations provide favorable behavior under controlled feature perturbations and
stored-model disturbances, although the perturbation model should not be interpreted as a
direct physiological EMG-noise model.

These findings also motivate several directions for future work. From the application
perspective, future studies can extend the evaluation corpus with additional participants,
repeated-session recordings, and longer observation periods to investigate adaptation
behavior under realistic electrode shifts, muscle fatigue, user adaptation, and day-to-day
variability. From the hardware perspective, future work can further explore architecture—
algorithm co-design, online model-update mechanisms, power-loss-safe model persistence,
power and energy measurements across all variants and operating points, and comparisons
against online-learning hardware baselines under identical deployment constraints.

Overall, the presented implementation demonstrates that complete HDC model for-
mation and inference are feasible on resource-constrained FPGA hardware and provides a
basis for future trainable edge—-Al systems combining single-session EMG model formation
with hardware-native execution.
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6. Conclusions

This work presented a hardware-native Hyperdimensional Computing implemen-
tation for trainable EMG classification on the resource-constrained GateMate A1 FPGA.
Training, model formation, storage, and inference were executed directly on the FPGA
using a unified binary representation.

Across eight single-session EMG recordings, the evaluation demonstrated that train-
able HDC can maintain competitive classification accuracy, reaching 95.20% for the per-
recording best configurations and 93.64% for the fixed representative configuration, com-
pared with 98.54% for the offline-trained LDA baseline. Under controlled input pertur-
bation at o = 0.10, the representative HDC configuration retained 92.98% mean accuracy
across recordings. The results further showed that practical deployment is primarily shaped
by memory organization and architecture-algorithm trade-offs rather than computational
complexity alone.

The design-space and routed FPGA results indicate that HDC configurations should
be selected as joint accuracy-resource-timing operating points. Because accuracy remained
comparatively stable over broad ranges of D and M for most recordings, lower-dimensional
configurations may be attractive when reduced memory use and lower per-sample latency
are prioritized. Overall, the presented architecture demonstrates that complete HDC model
formation and inference are feasible on constrained reconfigurable hardware without re-
quiring external training infrastructure during the evaluated single-session workflow. At
the same time, the results are limited to subject-dependent within-session evaluation and
one initial board-level power measurement point. Future work must validate longitudi-
nal sessions, fatigue and electrode-shift conditions, online-learning hardware baselines,
full power and energy behavior across operating points, and power-loss-safe persistence
strategies before drawing conclusions about post-deployment adaptation in wearable
rehabilitation use.
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Abbreviations

The following abbreviations are used in this manuscript:

DSE Design-space exploration

EMG Electromyography

FES Functional electrical stimulation
FF Flip-flop

FPGA  Field-programmable gate array
HDC Hyperdimensional computing
RAM Random-access memory

RMS Root mean square
BRAM  Block random-access memory
LDA Linear discriminant analysis
LUT Look-up table
TCP Transmission Control Protocol
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