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Abstract. Deploying neural networks for Human Activity Recognition
on wearable devices is often constrained by battery capacity and com-
putational power. While conventional compression techniques mitigate
these constraints, they typically operate on raw time-domain data, which
overlooks the low-frequency nature of human movement. Furthermore, as
published inference latency are frequently tied to specific physical hard-
ware setups and undocumented toolchains, validating it remains a signif-
icant barrier. To address these challenges, we propose a dual-stage prun-
ing strategy optimized for frequency- and wavelet-domain HAR pipelines.
Utilizing Gumbel-Softmax reparameterization, our methodology system-
atically eliminates uninformative transform bins at the input level be-
fore selectively pruning convolutional channels. By heavily compressing
models, we leave vital memory headroom for other firmware components
(OS, future updates, etc), and drastically reduce execution time to con-
serve battery life. To guarantee verifiable cloud-based hardware valida-
tion without requiring physical board access, we profile our optimized
models using the ST Edge AI testbench. Our pruned models achieve
over a 50% reduction in memory footprint and inference latency cut to
less than a third, while maintaining predictive performance comparable
to the baseline.

Keywords: human activity recognition - digital signal processing - em-
bedded systems - cloud-based validation

1 Introduction

Human Activity Recognition (HAR) on wearable devices faces significant chal-
lenges due to the small battery and processing constraints of low-power micro-
controllers (MCUs). To deploy neural network models within these strict limits,
the field of Tiny Machine Learning (TinyML) heavily relies on compression tech-
niques, such as weight quantization, weight clustering, and network pruning to
minimize computational complexity and memory usage.

While these approaches effectively reduce model size, we may overlook the
potential of optimizing for the HAR domain. The current HAR methods mostly
use raw time-domain data, which is sensitive to hardware noise and ignores the
fact that human movement is limited to specific frequency ranges. Shifting the
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HAR pipelines to the frequency or wavelet domains allows for more effective
pruning by isolating the essential motion information. In addition to being an
understudied approach, the field faces an ongoing challenge regarding hardware
validation. Research frequently reports impressive on-device latency reductions,
but these claims are often tied to specific local hardware setups. Consequently,
verifying published inference speedups can be difficult without obtaining the
exact physical development board. Furthermore, while some unpruned models
may technically fit within the theoretical constraints of a microcontroller, further
compression is critical in real-world deployments. Minimizing RAM and ROM
usage leaves vital headroom for the Real-Time Operating System (RTOS), wire-
less stacks, and firmware updates. Crucially, accelerating inference speed directly
translates to reduced active-mode power consumption, allowing the MCU to re-
turn to sleep faster and significantly extending battery life.

In response to these challenges, we propose a domain-specific, dual-stage
pruning strategy optimized for frequency- and wavelet-domain HAR. By leverag-
ing Gumbel-Softmax reparameterization, our method eliminates uninformative
transform bins at the input level, then selectively prunes intermediate convolu-
tional network channels. To ensure our methodology can be reliably validated
by the ubiquitous computing community, this paper presents three key contri-
butions:

— We benchmark the Discrete Cosine Transform (DCT), Fast Fourier Trans-
form (FFT) as frequency-domain representations, alongside the Integer Haar
Wavelet (IHW) as a wavelet-domain representation, evaluating the trade-offs
between these transformed inputs.

— Our pruned models achieve over a 50% reduction in memory footprint and a
more than 3x acceleration in inference latency, while maintaining predictive
performance comparable to the baseline.

— To facilitate verifiable cloud-based hardware validation, we profile our com-
pressed models using low-power MCUs from the ST Edge Al public testbench
ﬂ Consequently, our efficiency metrics can be independently validated with-
out requiring physical access to the target hardware.

2 Related Work

This section examines the hardware constraints that drive neural networks in
wearable HAR, reviews current methodologies to highlight the gap in learnable
pruning for frequency- and wavelet-domain inputs, and discusses how cloud-
based benchmarking resolves the ongoing hardware reproducibility bottleneck.
System Constraints in Wearable HAR. Wearable sensing devices dif-
fer significantly from smartphones and servers, as they depend on low-power
microcontrollers with severe memory and energy restrictions [29]. Operating at
clock speeds up to 200 MHz, these platforms are typically limited to a few hun-
dred kilobytes of SRAM and a few megabytes of Flash [27]. Furthermore, the

! ST Edge AI Cloud: https://stedgeai-dc.st.com [Last access June 2026]
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use of small rechargeable batteries [28] requires thorough power management to
support always-on monitoring capabilities. Therefore, the design of wearable sys-
tems requires a careful trade-off between energy usage, computational demand,
and sensing fidelity [3319].

To manage these strict hardware constraints without compromising perfor-
mance, TinyML specializes in adapting neural networks for low-power microcon-
trollers. Previous research has investigated various model compression strategies,
such as low-bit weight quantization [7I37] and lightweight architectures [384],
to minimize computational complexity and memory footprints. Alongside these
improvements, specialized inference engines like ExecuTorch [26] and Tensor-
Flow Lite for Microcontrollers [8] facilitate practical deployment by supplying
memory-efficient frameworks and integer-computational kernels tailored for edge
devices.

Pruning Techniques and Methodologies. Pruning is essential for de-
ploying neural networks on resource-constrained devices. It removes less essential
components without significantly degrading performance [6]. Current literature
generally explores two main structural paradigms. Unstructured pruning removes
individual weights or connections, preserving the overall architecture and layer
dimensions [30]. Typically, it zeroes out connections with the smallest absolute
magnitudes [34]. This magnitude-based approach often serves as a preparatory
step for further compression techniques, such as quantization [I3UT1]. Structured
pruning, on the other hand, removes entire channels or filters to accelerate infer-
ence. Variation ranges from eliminating near-zero convolutional channels [T6J24],
dynamic channel selectivity [15], and pruning 2D FFT feature maps to preserve
essential low-frequency movement energy [32].

Identifying these redundant components relies on either criteria-based or
learnable methodologies. Criteria-based methods evaluate post-training param-
eter importance, often enhancing iterative magnitude pruning with scheduling
functions like polynomial decay [19/1], though simple global magnitude prun-
ing remains a highly competitive baseline [12]. Learnable methods, alternatively,
integrate the search directly into training. Recent HAR approaches utilize input-
dependent probabilities to adaptively fuse channels [20], differentiable channel-
wise scaling combined with Neural Architecture Search [38], and sparse group
Lasso mechanisms with attention [39].

Within this landscape of learnable methods, Gumbel-Softmax reparameter-
ization stands out by enabling the optimization of discrete pruning decisions
through continuous gradient descent. While this optimization strategy has been
previously explored for channel pruning [I4], its application remains largely con-
fined to vision benchmarks (e.g., CIFAR-10, ImageNet) and heavy ResNet ar-
chitectures. To bridge this gap between high-resource vision tasks and wearable
sensing, our work significantly extends the Gumbel-Softmax paradigm into the
HAR domain. Rather than merely adapting this paradigm to prune convolu-
tional channels, we introduce a novel application at the input level: applying
Gumbel masks to selectively drop uninformative frequency and wavelet bins. By
coupling these input- and channel-level reductions, we formulate a dual-stage
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Table 1. A comparison of state-of-the-art pruning techniques in HAR alongside our
proposed method.

Input Representation

References Pruning Setting Pruning Method (Domain)

[35] Unstructured (Model weights) Learnable Time

[I3B0MI11341T] Unstructured (Model weights) Criteria-Based  Time

[12116124110] Structured (Channels, Filters, Layers) Criteria-Based ~ Time
[36121122]T5120139138] Structured (Channels, Filters, Layers, Sensor Channels) Learnable Time

32) Structured (Feature Maps) Criteria-based ~ Frequency

Our work Structured (Channels, Input Bins) Learnable Frequency /Wavelet

pruning methodology specifically tailored for the strict constraints of low-power
systems.

Cloud-based hardware validation. Standardized hardware validation re-
mains a bottleneck in ubiquitous computing research. Specifically, metrics such
as inference latency and memory utilization are fundamentally dictated by the
target hardware architecture, specific compiler flags, and the availability of hardware-
accelerated floating-point units [I8]. Because these performance metrics are deeply
coupled to the physical setup, merely publishing model source code and naming
the microcontroller makes independent verification difficult unless researchers ac-
quire the exact development board [27]. Consequently, cloud-based testbenches
offer a practical way to decouple initial hardware validation from physical board
possession.

3 Proposed Methods

This section introduces a dual-stage pruning methodology that leverages Gumbel-
Softmax reparameterization to learn the optimal subset of input transform bins
and intermediate convolutional channels for hardware-efficient HAR. Crucially,
our dual-stage pipeline is trained sequentially: the model is first optimized at
the input level (Stage 1) and retrained to convergence before any convolutional
channel pruning (Stage 2) is initiated.

3.1 Input Bins Pruning

Human movements are typically concentrated within a narrow low-frequency
band, with 99% of the energy in human gait falling below 15 Hz [3]. When raw
signals are transformed into the frequency or wavelet domains, each transform
bin isolates a specific frequency component. Therefore, we can treat them as
independent discrete variables. To systematically evaluate and select the most
informative of these variables, we employ the Gumbel-Softmax trick [I7]. This
reparameterization forms the foundation of our input pruning stage (Figure
Stage 1.1), where a learnable mask is introduced immediately prior to the input
layer. Specifically, this mask is applied across the n input bins, modeling each
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Fig. 1. Dual-stage pruning breakdown from pre-trained model to the optimized model
for edge devices.

bin as a categorical variable with two possible states: active (1) or inactive (0).
Consequently, the underlying learnable parameters form a weight matrix of shape
(n,2), representing the logits for the active and inactive probabilities of each
respective bin.

To discard irrelevant bins, we must encourage sparsity within this weight
matrix. We achieve this by applying an L; penalty directly to the mask fraction
M, defined as the ratio of active bins to the total number of input bins n. The
overall training loss function is thus formulated as:

Liotat = LcE + A - M (1)

where Lo is the Cross-Entropy Loss and A is a tunable sparsity coefficient. By
increasing A, the network aggressively penalizes active bins, trading predictive
accuracy for a more compressed input size.

To maintain end-to-end differentiability while enforcing strict binary choices,
the masking layer is trained using the Straight-Through Gumbel-Softmax Esti-
mator [I7]. First, stochastic Gumbel noise g; j is injected into the unnormalized
logits log(m; ), enabling the continuous exploration of various masking combi-
nations across training samples. These noised logits are then relaxed into con-
tinuous probabilities ysof ! via a softmax function modulated by a temperature
parameter 7:

ore _ exp((l08(mie) + 90)/7) o)

My gexp((log(miy) + 9i5)/7)

During the forward pass of the training phase, the model strictly enforces
discrete states by applying an argmaz operation to y*°/t, yielding a hard binary
mask y""? (where each mask value is definitively 1 or 0). This ensures the input
space is compressed. However, because the argmaz operation is mathematically
non-differentiable, the Estimator employs a straight-through trick during the
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backward pass. It bypasses the discrete argmaz step entirely, routing the gradi-
ents directly backward through the continuous y*°/* probabilities. Note that the
temperature parameter 7 must be carefully selected: higher temperatures smooth
the distribution to encourage stochastic exploration, but simultaneously atten-
uate the learning signal by making the soft approximation less representative of
the hard forward pass. Afterwards, the zeroed input bins are then permanently
discarded, and the network undergoes a retraining phase (Figure |4 Stage 1.2)
utilizing a reduced learning rate (typically scaled by a factor of 0.1) to recover
any minor accuracy drops.

In the inference phase, Gumbel noise is omitted, and probabilities are com-
puted by applying a standard softmax directly to the learned logits. A final
argmaz operation is then applied to generate a static, binary mask. By mul-
tiplying this fixed mask with the original input, the network deterministically
prunes uninformative bins, yielding a computationally efficient input represen-
tation optimized for edge hardware.

3.2 Convolutional Channels Pruning

Following these same principles above, the next stage executes channel prun-
ing by introducing a learnable binary mask across the channel dimension of the
feature maps (Figure [4] Stage 2.1 and 2.2). Modeled identically as categorical
variables, the underlying mask weights form a matrix of shape (¢, 2), represent-
ing the unnormalized log-probabilities (logits) for the active (1) and inactive
(0) states of each of the ¢ channels. Note that rather than applying sparsity
uniformly across the entire network, we employ the pruning mechanism exclu-
sively to the network’s intermediate layer. By explicitly preserving the initial
feature extraction and final classification layers, this method yields significant
advantages in the classification results.

4 Implementation

To validate our approach, the subsequent section describes the experimental
methodology, including the selected benchmark datasets, the evaluation process
and the reproducibility.

4.1 Datasets

To validate our dual-stage pruning approach, two datasets are being used. First,
we leverage the WEAR dataset [5], which captures 50Hz tri-axial accelerometer
signals from 24 subjects performing body-weight exercises. For this dataset, we
group the 18 fine-grained activities into 8 distinct super-classes to emulate the
constraints of wearable constraints. Second, we use the UCI-HAR dataset [2],
which includes both 50Hz tri-axial gyroscope and accelerometer data from 30
participants performing 6 standard activities of daily living. Details are described
in Table 21
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Table 2. Detailed configuration of each dataset utilized in this study. Note that the
WEAR dataset’s original 18 fine-grained activities are categorized into 8 fundamental
activities.

Dataset Activity Classes Channels Window (s) Overlap

WEAR Sport 8 6 (Left+Right Acc)  2.00 50%
UCI-HAR Daily living 6 6 (Acc+Gyro) 2.56 50%

4.2 Experimental Setup

We evaluate our proposed strategies using a typical lightweight Convolutional
Neural Network tailored for inertial time-series data. By employing Depthwise
Separable Convolutions, we decouple spatial and channel-wise feature extraction,
greatly reducing model complexity. This yields a highly compact architecture
comprising approximately 37k parameters, as illustrated in Figure
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Fig. 2. Overview of the lightweight CNN architecture for evaluation.

Data preprocessing strategies are adapted based on the specific input domain.
For time-domain configurations, the input signals will be fed directly into the
network. Conversely, for frequency- and wavelet-domain configurations, the raw
sensor data is transformed via DCT and THW, respectively. To preserve their
spectral characteristics, these transformed representations are also fed directly
into the network without further normalization.

During the training phase, the network is optimized using Adam with a learn-
ing rate of 1 x 1073, a weight decay of 1 x 107°, and a batch size of 64. This
optimization process minimizes a weighted cross-entropy loss function. Addi-
tionally, the temperature parameter 7 of the Gumbel-Softmax reparameteriza-
tion is initialized at 10 and linearly decayed to 0.01 upon network convergence.
Moreover, we evaluate the model’s robustness against inter-subject variability
by employing Leave-One-Subject-Out (LOSO) cross-validation.

Deploying the trained model into the embedded systems involves two primary
phases: implementing the on-device data preprocessing pipeline, and converting
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Table 3. Estimated CPU cycle costs and processing times for proposed preprocessing
methods on an MCU running at 84MHz (Window size N = 128).

Preprocessing CPU cycle cost CPU cycle cost Processing time
Technique (1D sensor) (of 6D sensor) (of 6D sensor)

TD 0 cycles 0 cycles 0 us
FFT 16,153 cycles 96,918 cycles 1,153 us
DCT 9,950 cycles 56,700 cycles 675 us
THW 710 cycles 4,260 cycles 51 us

the model into a TFLite format. For the first phase, the computational cost of
the preprocessing pipeline depends heavily on the chosen domain. Specifically,
switching to the frequency or wavelet domain introduces additional preprocessing
overhead, as illustrated in Figure [3] The estimated CPU cycle counts required
to process a single 1D sensor channel for these transforms are detailed in [3} In
practice, a system utilizing a 6D sensor configuration (e.g., a 3D accelerometer
paired with a 3D gyroscope) will multiply these cycle costs by six. Despite this
multiplication, the total estimated preprocessing time peaks at around 1 ms,
making its impact on the system’s inference latency negligible, as shown in Table

Bl

Frequency/Wavelet-domain

N Apply domain transform Prepare model input .
[Collectlng Acc & Gyro data]—)[ (IHW, DCT) buffers Network runtime Output buffers

IMU Host MCU

Time-domain

Collecting Acc & Gyro data [Prepar::;foec::l 'npuH Network runtime H Output buffers ]

IMU Host MCU

Fig. 3. The on-device processing pipelines for all domains. Notable is that the frequency
or wavelet domain (top) introduces additional processing overhead.

4.3 Cloud-based Hardware Validation

To execute our cloud-based hardware validation, we leverage a pipeline that
bridges local model development and physical hardware evaluation, as illustrated
in Figure 4} First, the trained PyTorch models are converted to the Tensor-
Flow utilizing onnx2tf and subjected to post-training quantization (8-bit integer
weights and 16-bit integer activations). Second, to bypass the need for physical
hardware access, these quantized models are programmatically submitted to the
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publicly accessible ST Edge AI Cloud via its API. Third, the platform will gener-
ates the corresponding C-code firmware and compiles it into binary files. Lastly,
the platform flashes the binary onto the target physical device for profiling.

For our benchmarking, we target an STM32F401 MCU operating at 84 MHz,
equipped with a hardware Floating-Point Unit, 512 KB of flash memory, and 96
KB of SRAM. Once deployed on this specific MCU, the cloud testbench profiles
the model and returns efficiency metrics. We systematically evaluate three key
metrics without applying further hardware-specific memory optimizations: (1)
inference latency, which measures the end-to-end processing time required for a
single input sample; (2) ROM utilization, representing the non-volatile memory
required to store static model parameters (predominantly weights and biases);
and (3) RAM utilization (the activation buffer), which measures the dynamic
heap allocated by the C-runtime engine exclusively for intermediate feature maps
and input/output tensors [31].

Trained Pytorch Convert to Tensorflow Post-training Send model to ST Edge Al Generate firmware Profiling on actual hardware
model (via onnxztf) quantization Cloud testbench artifacts Metrics: Inference, ROM, RAM

Local development Cloud & internal servers Hardware

Fig. 4. Overview of the hardware benchmarking pipeline, enabling enabling automated
cloud-based validation and profiling of quantized models without requiring physical
hardware access.

5 Result Analysis

The following section details our experimental findings, offering an in-depth anal-
ysis of the isolated impacts of each pruning stage, alongside their integration to
achieve optimal efficiency. All the results are displayed in the Table [4]

5.1 Isolated Pruning

Evaluating the first stage, we find that isolated input pruning (IP) successfully
maintains the baseline performance, even when keeping only 40% to 50% of
the input bins. For instance, on the UCI-HAR dataset, the DCT-IP configura-
tion retains a mere 40.6% of the input size yet achieves a macro Fl-score of
91.36%, slightly outperforming the unpruned DCT of 90.60%. A comparable
trend emerges in the WEAR dataset. This sustained performance suggests that
by actively stripping away high-frequency noise in the transformed domains, the
pruning mechanism effectively forces the model to focus exclusively on the most
informative frequency bands.

Alongside these accuracy improvements, input pruning drastically reduces in-
ference latency and RAM usage. For the UCI-HAR dataset, transitioning from
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the unpruned DCT to the balanced DCT-IP configuration accelerates inference
by nearly 63% (dropping from 104.46 ms to 38.72 ms) and cuts RAM allocation
by more than half (from 28.24 KB to 12.81 KB). However, despite these substan-
tial runtime efficiencies, the static ROM requirement remains stubbornly fixed
at 161.74 KB, as the downstream network architecture is unaltered.

To validate the physical intuition behind our learnable input pruning, we vi-
sualize the learned binary mask mapped back to the discrete frequency and
wavelet bins. Figure [5] presents the input pruning masks for the UCI-HAR
(DCT-IP) and the WEAR dataset (IHW-IP) across all validation subjects. The
Gumbel-Softmax reparameterization successfully learns to preserve the funda-
mental movement components while automatically discarding higher frequency
bins. For the DCT mask on UCI-HAR, active bins are heavily concentrated
in the low-frequency range (bins 0-25), aligning with the biomechanical reality
that human movement energy is concentrated in lower frequencies. Similarly, the
THW mask on WEAR consistently preserves the left half of the coefficients, corre-
sponding to the macro-level movement shapes. This confirms that our methodol-
ogy systematically removes hardware noise and irrelevant high-frequency signals
without relying on manually cutoff thresholds.

The second stage of our methodology, channel pruning (CP), specifically
addresses this ROM limitation. Similar to input feature reduction, we can selec-
tively drop convolution channels without degrading predictive capacity. This
phenomenon is observable across both datasets. Specifically, for the WEAR
dataset, the unpruned FFT configuration yields an Fl-score of 68.17%; how-
ever, applying a balanced channel pruning ratio that retains only 47% of the
model’s parameters actually elevates the Fl-score to 69.05%.

Interestingly, while parameter reduction heavily optimizes ROM footprint
and inference speed, it leaves overall RAM usage largely unaffected. In C-runtime
embedded inference engines (such as the ST Edge Al runtime in this case), dy-
namic memory is allocated via a single, pre-calculated tensor arena. The size
of this arena must accommodate the maximum memory bottleneck across the
entire network, typically the largest intermediate activation buffer during a sin-
gle layer’s execution. Although channel pruning reduces the channel depth of
intermediate activation buffers, it does not reduce the peak RAM requirement
unless the specific layer acting as the network’s absolute memory bottleneck is
proportionally shrunk. Since the initial input buffers and unpruned layers remain
constant and dictate this peak bottleneck, the overall runtime arena size stays
fixed. In contrast, the ROM footprint (which stores the static weight matrices)
and the inference latency (which is driven by the volume of multiply-accumulate
operations) scale more directly with the degree of channel reduction.

5.2 Dual Pruning

Dual pruning synergistically combines the advantages of both pruning stages to
yield a highly optimized, deployment-ready model. In the following paragraphs,
we evaluate the efficacy of our dual-pruning (DP) strategy across two main
datasets.
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Fig. 5. Visualization of the learned input pruning masks for the DCT on UCI-HAR
(top) and the IHW on WEAR (bottom). Dark green indicates a preserved bin, while
light green indicates a pruned bin. The model consistently learns to retain low-
frequency components and discard high-frequency noise.
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For the WEAR dataset, IHW configuration emerges as the most competitive
alternative to the time-domain baseline. Notably, IHW-DP approach achieves a
superior Fl-score of 71.87%, slightly outperforming the time-domain at 71.80%.
Additionally, IHW-DP demonstrates exceptional cross-subject stability. Under
LOSO validation scheme, its F1-scores maintain a tight bound between 71.20%
and 72.50%, whereas the time-domain equivalent exhibits significant variance,
fluctuating from 68.67% to 74.93%. This stability highlights a key advantage
of wavelets over FFT and DCT: by preserving temporal resolution, wavelets
effectively capture the transient energy bursts characteristic of outdoor sports
movements. Beyond predictive robustness, IHW-DP is highly resource-efficient.
The dual-pruning methodology yields a 3x reduction in inference latency (from
80.91 ms to 23.10 ms) and approximately halves the memory overhead, reducing
the RAM requirement from 22.90 KB to 11.22 KB and the ROM footprint from
162.27 KB to 86.02 KB.

Conversely, for the UCI-HAR dataset, the DCT emerges as the optimal al-
ternative. As illustrated in Table [d] applying dual pruning to the DCT yields a
massive efficiency boost at the cost of a negligible 2.4% drop in Fl-score, from
92.58% to 90.28%. This configuration achieves a 3.6x reduction in inference la-
tency, dropping from 104.46 ms to an average of 24.72 ms, with performance
ranging strictly between 18.14 ms and 31.30 ms. Furthermore, this dual-pruning
approach successfully minimizes memory utilization, cutting the RAM require-
ment from 22.24 KB to 11.22 KB and the ROM footprint from 161.74 KB to
86.02 KB.

Finally, in scenarios where minimizing absolute latency and power consump-
tion is the strict priority, the FFT provides unparalleled acceleration. Because
the FFT output is symmetric, preprocessing only needs to process the positive
half of the spectrum. Coupled with dual pruning, the FFT approach operates
up to 2x faster than the other spectral methods evaluated in this study. For the
WEAR dataset, this extreme efficiency comes with a trade-off: a 4% drop in
F1-score is offset by a 5x speedup in inference latency, dropping from 80.91 ms
down to an average of 12.53 ms.

6 Limitations

While our dual-stage pruning strategy demonstrates significant efficiency gains
under the constraints of limited processing power and battery life, there are
a few acknowledged limitations in our experimental setup. First, our current
dual-stage methodology is architecturally dependent on Convolutional Neural
Networks (CNNs). Both Stage 1 (input pruning) and Stage 2 (channel pruning)
are specifically optimized for the structural properties of convolutional layers and
their corresponding feature maps. Extending this learnable pruning framework
to other emerging wearable architectures, such as Recurrent Neural Networks or
lightweight Transformers, remains an area for future work. Second, our Gumbel-
Softmax formulation treats discrete frequency and wavelet bins as independent
categorical variables, effectively ignoring the innate harmonic structures of hu-
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Table 4. Predictive performance and hardware efficiency of pruning configurations on
both datasets, profiled on STM32F401 running at 84 MHz. Compression is quantified
by input and parameter kept ratios (pruned relative to original). Suffixes indicate
the pruning strategy: no-suffiz (no pruning), -IP (input pruning, only stage 1), -CP
(channel pruning, only stage 2) and -DP (dual pruning, applied both stage 1 and
2). Detailed implementation is located in the github repository: https://github.com/
thong-phn/dual-pruning-har

Pre- Input kept Model param. Float metrics (F32) Quantized metrics (W8A16) Efficiency
Dataset processing  ratio kept ratio
7 Accuracy (%) F1 score (%) Accuracy (%) F1 score (%) Inference (ms) RAM (KB) ROM (KB)
TD 1.000 1.000 80.94 + 2.13 71.80 & 3.13 80.92 & 2.31 72.07 &£ 2.33 80.91 & 0.01 22.87 £ 0.00 162.27 £ 0.00
FFT 1.000 1.000 78.19 £ 1.89 68.17 &£ 1.24 77.34 £2.79 67.74 £ 1.62 40.54 & 0.00 13.14 £ 0.00 162.26 = 0.00
FFT-TP 0.503 1.000 78.16 & 1.55 67.12 £ 1.86 78.39 & 1.68 68.08 £ 1.42 22.26 £ 6.77 8.70 = 1.78 160.99 £ 0.69
FFT-CP 1.000 0.470 79.38 £ 0.66 69.05 4+ 0.84 78.87 £ 0.79 68.77 £ 0.88 24.08 4+ 1.96 11.31 £ 0.23 84.24 £ 8.17
- FFT-DP 0.503 0.485 78.40 &£ 1.28 68.05 & 1.36 78.23 £ 1.33 67.93 £ 1.32 12,53 £ 3.35 7.20 £ 1.06 85.15 £ 11.38
é DCT 1.000 1.000 T7.78 £ 3.81 68.11 £ 1.91 77.41 £4.12 67.92 £ 2.14 80.90 £ 0.01 22.87 + 0.00 162.27 £ 0.00
= DCT-IP 0.423 1.000 78.55 + 1.69 66.71 4+ 2.28 78.07 £ 1.96 68.04 + 1.27 38.72 4+ 8.49 12.81 + 1.99 161.74 &+ 0.25
DCT-CP 1.000 0.498 79.40 £ 0.73  69.20 &£ 0.61 79.12 £ 0.91 69.06 = 0.59 47.38 4 5.45 18.81 £ 0.34 88.02 £ 11.80
DCT-DP 0.424 0.500 79.03 + 0.98 68.36 £ 1.07 79.00 + 1.00 68.35 £ 1.07 24.72 &+ 6.57 11.22 + 1.79 86.02 & 12.22
THW 1.000 1.000 81.09 + 2.24 72.07 + 1.26 81.08 £ 2.26 72.07 + 1.28 80.91 4 0.01 22.87 + 0.00 162.27 + 0.00
IHW-1P 0.490 1.000 81.30 & 1.28 70.31 4= 4.46 81.27 £ 1.25 71.82 & 1.05 42.45 £ 11.09 13.64 £ 2.78 161.54 £ 0.70
IHW-CP 1.000 0.555 81.52 + 0.95 72.40 £ 0.81 81.83 £0.92 72.61 £0.77 47.73 & 3.35 18.67 £ 0.10 95.67 £ 5.43
IHW-DP 0.490 0.523 81.36 + 0.70 71.87 £ 0.65 81.36 + 0.69 71.85 £ 0.65 23.10 & 3.65 10.84 £ 0.96 91.74 + 10.32
TD 1.000 1.000 92.58 & 1.18  92.60 £ 1.21 92.58 & 1.19 92.60 + 1.22 104.46 &+ 0.04 28.24 + 0.00 161.74 £ 0.00
FFT 1.000 1.000 88.83 4+ 5.88 88.83 £ 6.46 86.39 &£ 5.59 86.39 £ 6.20 52.35 £ 0.01 15.96 + 0.00 161.72 £ 0.00
FET-1IP 0.400 1.000 89.47 + 1.83 89.91 4 1.84 88.15 & 1.65 88.24 & 1.69 22.26 4+ 6.77 8.70 &£ 1.78 160.99 + 0.69
FFT-CP 1.000 0.476 88.52 & 3.75 89.49 £ 3.89 86.73 + 3.57 86.85 £ 3.69 31.65 = 4.41 13.56 + 0.31 84.44 £ 13.37
E FFT-DP 0.400 0.462 89.45 + 1.44 89.58 4+ 1.41 88.27 4+ 1.40 88.41 + 1.39 14.06 + 4.62 7.77 + 1.53 81.79 + 10.20
:':T DCT 1.000 1.000 90.48 + 1.87 90.60 4 1.82 90.28 & 1.83 90.41 + 1.77 104.46 + 0.04 28.24 £ 0.00 161.74 + 0.00
@) DCT-IP 0.406 1.000 91.12 £ 0.97 91.36 & 0.94 91.04 £ 0.88 91.14 = 0.85 38.72 £ 8.49 12.81 £ 1.99 161.74 & 1.25
R DCT-CP 1.000 0.485 90.18 + 1.45 90.82 £ 1.34 89.95 £ 1.45 90.11 £ 1.41 62.25 £ 9.40 23.63 + 1.04 85.90 & 13.10
DCT-DP 0.406 0.486 90.28 + 1.41 90.40 & 1.36 90.15 £ 1.41 90.28 &+ 1.37 24.72 4+ 6.58 11.22 £ 1.79 86.02 + 12.22
IHW 1.000 1.000 88.77 & 5.51 88.81 4 5.94 88.77 £ 5.63 88.81 & 6.04 104.46 = 0.04 28.24 £ 0.00 161.74 = 0.00
THW-TP 0.430 1.000 87.61 & 5.14 88.78 £ 5.20 87.38 & 5.02 87.59 £ 5.10 42.45 £ 11.09 13.64 + 2.78 161.54 £ 0.70
IHW-CP 1.000 0.434 87.40 + 5.49 87.71 &+ 5.33 87.19 £ 5.51 87.45 &+ 5.52 55.17 £ 12.70 2: 78.26 + 17.65
IHW-DP 0.430 0.407 88.59 + 3.17 88.86 & 3.14 88.56 £ 3.05 88.85 & 3.03 22.16 £ 5.77 74.19 £ 13.34
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man movement. Although the network successfully compensates for this by learn-
ing robust downstream feature combinations, integrating harmonic constraints
directly into the pruning mask could further optimize the representation.

7 Conclusions

In this paper, we presented a reproducible framework for deploying frequency-
and wavelet-domain HAR models on severely constrained microcontrollers. By
utilizing Gumbel-Softmax reparameterization, we demonstrated that aggressive
dual-stage pruning of both transform bins and network channels yields up to
a 3x inference speedup and reduces RAM requirements by over 50%, with a
negligible impact on classification accuracy. Our evaluation underscores that
there is no universal deployment strategy; rather, the optimal configuration is
intrinsically tied to specific application constraints, ranging from predictable
daily-activity monitoring and complex sports analytics to operation on strictly
power-constrained edge devices.

Beyond these performance gains, this work explicitly addresses the ongoing
reproducibility crisis. By open-sourcing our preprocessing pipelines and execut-
ing hardware-in-the-loop validation exclusively on the public ST Edge AI De-
veloper Cloud, we establish a verifiable baseline that the ubiquitous computing
community can seamlessly adopt and extend.
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A Appendix: Preprocessing Overhead

To evaluate the computational overhead of the different preprocessing methods,
we analyzed the required CPU cycle costs with the ARM CMSIS-DSP library
[23]. For the WEAR dataset, as the APIs for frequency-domain transformations
require the window size to be a power of 2, we had to apply zero-padding with
an additional 28 samples (100+28 = 26). For the UCI-HAR dataset, the original
window size is already 128 samples. As the additional zero-padding computation
is minimal compared to the total execution time, we simplified our evaluation
by focusing on the 128-sample window.

FFT. ARM’s CMSIS-DSP complex FFT function, arm_cfft_£32, requires
RAM data to be formatted as an interleaved array of alternating real and imag-
inary components (e.g., [Real_0, Imag_0, Real_1, Imag_1, ...]). The implementa-
tion is discussed below, and the estimated computational cycle cost for a single

1D sensor channel is summarized in Table
Input: X: Buffer of length N containing raw 1D sensor data
Output: M: Buffer of length N/2 + 1 containing positive half-spectrum

magnitudes
/* Step 1: Complex vector construction (Interleaving) */
for i+ 0to N—1do
Z[2i] + Xi // Real component
Z[2i+ 1]+ 0 // Imaginary component

end

/* Step 2: Fast Fourier Transform using CMSIS-DSP arm cfft_f32 */
Z < cFFT(Z,N)

/* Step 3: Magnitude calculation of the positive half */

forkeOto%do

| MIE] « /Z[2K]2 + Z[2k + 1]2
end

Algorithm 1: FFT Implementation

Table 5. Estimated CPU cycle cost for FFT on 1D sensor input data (N = 128).
Operations leverage the hardware FPU in the Cortex-M4.

Step Cycle Cost Comments
Vector construction = 900 128 samples; & 7 cycles/sample to load real and zero-pad imaginary components.
FFT calculation 13,823 Reference value from [23].

Magnitude calculation ~ 1,430 65 bins computed using the hardware FPU (& 22 cycles/bin).
Total =~ 16,153

DCT. As DCT-II algorithm is not natively supported by the ARM CMSIS-
DSP library, a custom implementation is necessary. This can be efficiently achieved
by leveraging the existing arm rfft_fast_f32 function, following the strategy
originally proposed by Makhoul [25]. Traditionally, the DCT of an N-point real
signal is derived by computing the DFT of its 2N-point even extension. However,
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Makhoul demonstrated that the exact same result can be obtained using only
an N-point DFT applied to a reordered version of the original signal, effectively
reducing the computational overhead by half.

Table 6. Estimated CPU cycle cost for DCT on 1D sensor input data (N = 128).
Operations leverage the hardware FPU unit in the Cortex-M4.

Step Cycle Cost Comments

Signal Rearrangement  ~ 450 64 iterations of load/store operations and pointer arithmetic.

Real FFT calculation 7,714 Reference value from [23].

Phase shift (Lower half) ~ 910 65 iterations of load/store, MAC, and MUL operations (= 14 cycles/bin).
Phase shift (Upper half) ~ 882 63 iterations of load/store, MSUB, and MUL operations (= 14 cycles/bin).
Total ~ 9,956

Input: X: Buffer of length N containing raw 1D sensor data
Output: C: Buffer of length N containing DCT coefficients

/* Step 1: Buffer construction x/
for i < 0 to %—1d0
Y[i] < X[24] // Even indices into first half
Y[N—1—14]+ X[2i+1] // 0dd indices (reversed order) into
second half
end
/* Step 2: Real Fast Fourier Transform x/
Z < rFFT(Y,N) // Using arm rfft_fast_ £32 from CMSIS-DSP
/* Step 3.1: Phase shift (Lower half, even indices) x/

fork<—0t0%do

// Multiply by phase factor e N
Clk] <= 2+ (R(Z[K]) cos (5x) + S(Z[K]) sin (33))
end
/* Step 3.2: Phase shift (Upper half, odd indices) x/
fork<—%+1toN—1do
// Utilize Hermitian symmetry Z[k] = Z*[N — k| for the remaining
bins

Clk] + 2+ (R(Z[N — k]) cos (Z£) — S(Z[N — k])sin (Z£))

el

end

Algorithm 2: DCT-II Implementation

IHW. Unlike the heavy floating-point operations of the FFT or DCT, the
IHW requires no FPU, no multiplications, and no complex array rearrangements.
The algorithm inherently processes data in pairs, the table reflects the CPU cycle
cost per pair of samples (one even, one odd). In this case, the total sample is
either 100 or 128 for 1D sensor, which is even. So there no need to check for even
at the end of the algorithm.
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Input: X: Buffer of length N containing raw ADC samples (assumed 16-bit

integers)
Output: Y: Buffer of length N containing THW coefficients (16-bit signed
integers)
H + |N/2| // Half-length of the buffer
/* Compute Approximation (A) and Detail (D) coefficients x/
for i+ 0to H—-1do
E «+ X2 // Even sample
O+ X[2i+1] // 044 sample
D+~O-F
A~ FE+(D>1)
Y]+ A
Y[H +i] + D

end
Algorithm 3: IHW implementation

Table 7. Estimated CPU cycle cost for IHW on 1D sensor input (N = 128). No FPU
is required.

Step Cycle Cost Comments
Initialization ~4 Computes H = N/2 and loads the initial memory pointers.
Calculation loop 704 64 iterations x 11 cycles per pair (split, subtract, add with in-line shift, and store).

Total =~ 708
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