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Abstract

Deploying efficient sign language recognition models on edge devices advances inclusive,
affordable, and privacy-preserving human–computer interaction. Yet most state-of-the-art
architectures target server-class hardware and fail under the strict memory, computation,
and energy constraints of microcontrollers. This work introduces S3D-Conv1D, a separable
spatiotemporal architecture for isolated word-level sign language recognition, tailored for
TinyML deployment. While the idea of separating spatial and temporal processing has been
explored in earlier models, the novelty here lies in a deployment pipeline designed from
the outset for microcontroller-class constraints: every operator has native INT8 support in
TensorFlow Lite, CMSIS-NN, and NNoM; the architecture achieves full integer-only execu-
tion with competitive accuracy; and the evaluation scale (100 and 300 classes) substantially
exceeds prior TinyML sign language recognition studies. Evaluations on datasets show
that S3D-Conv1D achieves 98.96% float32 accuracy on WLASL100 with stable cross-dataset
generalization (82.5% on SemLex100). After INT8 quantization, accuracy remains high
(98.7% on WLASL100) while compressing to 883 KB, the smallest across all evaluated
architectures. An ultralight variant further reduces size to 24.7 KB while sustaining 98.5%
accuracy on WLASL100 and 77.2% on WLASL300. Quantization-aware training improves
stability, particularly at larger vocabulary scales. Among baselines, S3D achieves strong
performances but negligible compression (30.3 MB) due to non-quantization-friendly op-
erators. The MobileNet variant generalizes better with 99.4% on WLASL100 and 97.6%
accuracy on SemLex100 but remains large at 2.71 MB in INT8 form. CNN + RNN and
e-LSTM depend on unsupported recurrent or attention operators. In contrast, S3D-Conv1D
meets all operator compatibility requirements, delivers full INT8 execution with a compact
sub-1 MB footprint, and real-time performance. These results demonstrate that competitive
word-level sign language recognition is achievable under embedded constraints when ar-
chitectural design prioritizes quantization stability, operator compatibility, and deployment
feasibility from the outset.

Keywords: sign language recognition; TinyML; quantization; spatiotemporal modeling;
microcontrollers; embedded deep learning; inclusive technology

1. Introduction
Hearing loss affects more than 1.5 billion people worldwide, with about 430 million

requiring rehabilitation services [1]. Sign languages are complete natural languages with
their own grammar and cultural grounding, yet significant barriers persist between signers
and non-signers [2,3]. DHH individuals face systemic exclusion in education, healthcare,
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and public services. Interpreter shortages, inaccessible materials, and dependency on
intermediaries undermine autonomy and safety in everyday life [3–6]. These realities
highlight the need for tools that enable independent and reliable communication.

Automatic Sign Language Recognition (SLR) offers a potential technological bridge.
Recent deep learning advances have enabled accurate sign recognition from video [7–9],
but most state-of-the-art systems depend on GPUs or cloud infrastructure, raising concerns
about privacy, latency, and accessibility in low-resource settings. TinyML addresses this
by enabling inference on ultra-low-power microcontrollers, supporting fully offline, low-
latency, and privacy-preserving operation.

Vision-based SLR models typically combine convolutional spatial encoders with recur-
rent, temporal convolutional, or 3D convolutional modules [9–11]. Although effective on
benchmarks, these architectures remain computationally intensive and poorly aligned with
microcontroller constraints. Advances in edge inference frameworks such as TensorFlow
Lite for microcontrollers [12] and CMSIS-NN [13] have improved quantized inference sup-
port, yet integer-only execution remains incompatible with recurrent and attention-based
operators used by most SLR models. In practice, promising SLR systems remain confined
to desktop or mobile hardware.

Despite strong progress in large-scale and continuous SLR, fully self-contained word-
level recognition under embedded deployment constraints remains largely unexplored.
The primary obstacles are: (1) the computational cost of spatiotemporal modeling, (2) the
difficulty of achieving stable quantization for sequential architectures, and (3) strict memory
and operator compatibility requirements of constrained inference stacks.

This work addresses these challenges by systematically studying word-level SLR under
realistic embedded deployment constraints, evaluating five spatiotemporal architectures:
S3D [14], e-LSTM [15], CNN + RNN, a MobileNet variant [16], and the proposed S3D-
Conv1D. The scope is limited to isolated word-level recognition from grayscale video.
Continuous recognition, cloud processing, multimodal inputs, and hardware accelerators
are excluded. The central research questions are: (i) which spatiotemporal modeling
strategies remain accurate and stable under full INT8 quantization, (ii) how architectural
choices influence computational cost and operator compatibility on constrained inference
stacks, and (iii) whether competitive recognition is achievable with a constrained operator
set and without recurrent layers.

While separating spatial and temporal processing is not new, the novelty of this work
lies in the complete deployment pipeline designed from the outset for microcontroller con-
straints. Every operator in S3D-Conv1D has native INT8 support across TFLite, CMSIS-NN,
and NNoM, enabling full integer-only execution without Flex delegates, at an evaluation
scale (100 and 300 classes) substantially exceeding prior TinyML SLR studies limited to
3–12 classes. The primary objective is not to maximize raw accuracy but to identify ar-
chitectures occupying the feasible intersection of accuracy, efficiency, and deployability.
Fully on-device recognition preserves privacy, operates without connectivity, and remains
usable in classrooms, clinics, and remote environments. This supports scalable, low-cost
assistive technology.

2. Related Works
Figure 1 conceptually organizes the literature across three intersecting domains: edge

AI frameworks, dataset development, and spatiotemporal modeling. Their convergence
defines the current research frontier, while the gaps uncovered motivate the direction of
this work towards an efficient, fully quantized word-level SLR for microcontrollers.
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Figure 1. Taxonomy of the literature review showing relationships among methodologies, datasets,
and technologies in SLR research on edge.

2.1. Scope and Challenges in Sign Language Recognition

Early SLR systems grew from pattern recognition and computer vision, relying on
handcrafted features such as movement trajectories and motion paths. As data availability
and compute capacity increased, the field shifted toward deep learning, with mixed CNN,
RNN models becoming the dominant paradigm for learning spatiotemporal patterns
directly from raw video.

Sign language recognition is more than a computer vision task. It is a communication
bridge for DHH individuals across healthcare, education, and everyday interaction [17–19].
Traditional solutions depend on human interpreters who are not always available, afford-
able, or private. SLR systems promise direct, autonomous communication by translating
sign gestures into text or speech in real time.

Sign language is inherently spatiotemporal. Each sign combines hand shape, move-
ment trajectory, facial expression, and rhythm. Word-level recognition is particularly
demanding. Words are defined by subtle motion dynamics, and environmental factors such
as lighting variation, camera angle, and signer diversity further complicate recognition [18].
Models relying on dense video input also suffer from high frame redundancy, wasting com-
putational resources. CNNs capture spatial features effectively but struggle with motion
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continuity. Recurrent networks handle temporal dependencies but are computationally
expensive, particularly on edge devices [17–19]. In the broader HCI context, accurate
gesture recognition lays the foundation for intuitive human, machine communication [20],
where each gesture carries precise semantic meaning.

2.2. Modern Deep Learning Approaches in SLR
2.2.1. Static vs. Dynamic SLR

Sign language recognition divides into static and dynamic settings. Static SLR classi-
fies individual frames, typically targeting alphabets or isolated signs. Dynamic SLR tracks
motion across frames, capturing the temporal structure of word- and sentence-level signing.
As computational capacity increased, dynamic recognition became the primary research
direction. Ref. [21] evaluates CNN, LRCN, and ConvLSTM architectures on WLASL, show-
ing that spatiotemporal fusion via LRCN outperforms purely spatial models, confirming
the importance of temporal feature modeling for word-level recognition.

2.2.2. Convolutional and Recurrent Architectures

CNNs extract spatial features, hand shape, finger position, motion boundaries, while
recurrent networks track how signs evolve over time [22,23]. Together they enable end-
to-end learning from sign language video. Ref. [24] benchmarks I3D, SlowFast, P3D, and
R(2 + 1)D on MS-ASL, establishing SlowFast ResNet101 at 92.35% top-1 accuracy as a strong
word-level SLR baseline. Ref. [14] proposed S3D in 2018, factorizing 3D convolutions into
spatial 2D and temporal 1D operations, achieving near-I3D accuracy at approximately 40%
fewer FLOPs. This provided the conceptual foundation for the architecture proposed in
this work. Hybrid CNN, RNN designs remain the dominant paradigm. Ref. [10] combines
3D CNNs with BiLSTMs for near-human accuracy on Sports-1M. Ref. [25] achieves 97% on
ASL through CNN, RNN multimodal fusion. Ref. [26] reaches 99.51% by integrating the
reptile search algorithm (metaheuristic optimizer) into a CNN, LSTM framework.

2.2.3. Hybrid and Multi-Stream Models

Multi-stream architectures combine spatial, temporal, and skeletal cues to build more
robust representations [23,27]. Ref. [28] integrates RGB, depth, and wearable sensor data
for multimodal SLR, identifying signer variability, limited annotated data, and real-time
latency as the primary obstacles. These challenges are directly relevant to this work. Ref. [7]
reports over 98% accuracy for sentence-level recognition using depth-based LSTM with
Leap Motion sensors, demonstrating the value of 3D motion trajectories for dynamic gesture
recognition. Recent hybrids push further. A ViT, CNN, BiLSTM fusion [27] combines local
spatial features, global attention, and sequential modeling, though at a parameter and
memory cost incompatible with constrained deployment.

2.2.4. Attention and Transformer-Based Architectures

Attention mechanisms allow models to focus on relevant spatiotemporal regions, im-
proving both accuracy and interpretability for long or complex signing sequences [22,29,30].
Transformers extend this by replacing sequential recurrence with self-attention across all
frames simultaneously, capturing both local and global temporal dependencies [29,30]. This
makes them effective for continuous sign recognition and translation, though their memory
and computation demands currently preclude deployment on microcontroller-class hardware.

2.3. Model Compression and Optimization Techniques

Model compression is what makes embedded deep learning practical. Three principal
strategies enable complex networks to fit within kilobyte-scale memory budgets: pruning,
quantization, and knowledge distillation.
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2.3.1. Pruning and Quantization

Pruning removes parameters or neurons that contribute little to model output, reducing
size and computation without retraining from scratch [31]. Quantization lowers numerical
precision from 32-bit floats to 16-, 8-, or 4-bit integers, yielding smaller models, higher through-
put, and lower energy consumption [32]. Applied jointly, these techniques can achieve 92.3%
accuracy in ECG anomaly detection at 0.024 mW on wearables [33] and enable gesture recog-
nition on nano drones at 7 FPS using only 72.5 KB of memory [34]. Ref. [35] surveys pruning,
quantization, and low-rank factorization in the context of algorithm, hardware co-design for
real-time MCU inference, while ref. [36] provides a quantitative meta-analysis of their relative
effectiveness. In this work, full INT8 quantization is applied through both PTQ and QAT,
targeting the same kilobyte-scale regime demonstrated by these studies.

2.3.2. Knowledge Distillation

Knowledge distillation transfers the learned representations of a large model into a
smaller one rather than training the smaller model from scratch [37,38]. The large teacher
model provides soft probability outputs that carry more information than hard labels,
guiding the student toward better generalization under a reduced parameter budget.

2.4. TinyML and Edge AI in Sign Language Recognition

Tiny Machine Learning (TinyML) brings intelligence directly onto microcontrollers
and low-power devices. It allows models to run locally in real time without relying on the
cloud. That means lower latency, less cost, and stronger privacy.

A wide range of studies have explored both static and dynamic SLR under embedded
or low-power constraints. Table 1 summarizes major contributions across static image
recognition, sensor-based classification, and dynamic gesture modeling. These works
collectively show the feasibility of CNN- and RNN-based architectures under TinyML
toolchains while exposing persistent challenges in model quantization, operator support,
and dataset standardization.

Table 1. Summary of TinyML and edge AI-related works in SLR and embedded ML.

Paper Static/Dynamic Dataset Model MCU/Toolchain

[39] Static Custom glove sensor
dataset CNN-based TinyML model Raspberry Pi Pico

[40] Static (ASL digits) Custom flex-sensor dataset CNN, KNN, Naïve Bayes,
Decision Tree Arduino Uno

[41] Static (ASL digits 0–9) 64,000 RGB images CNN + Residual/Dense
Blocks, MobileNet V3 Raspberry Pi/TFLite

[42] Static (ASL alphabet) Kaggle ASL A–Z dataset TinyML CNN classifier on
CSV images MCU (unspecified)

[43] Static (ASL gestures) Custom vision dataset MobileNet V1–V3 (transfer
learning)

STM32F746G (Cortex-
M7)/TFLM vs.
STM32Cube.AI

[44] Static (images) Underwater sensor dataset MobileNet, MobileNet V2,
Custom Tiny CNN ARM Cortex-M4/TFLM

[15] Dynamic (ISL months) Custom Indian SL (video) Mediapipe keypoints + e-
LSTM

Raspberry Pi 4/TFLite
(INT8)

[45] Dynamic (sensor HAR) 8 public HAR datasets RNN, LSTM, GRU, FGRNN,
FRNN, UGRNN Raspberry Pi/TFLM

[35] Conceptual review – – TFLM, NNoM, Edge Im-
pulse, µTVM

[46] TinyML overview – – Raspberry Pi Pico, ESP32,
Arduino Nano 33 BLE Sense
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Edge Metrics and Evaluation

TinyML deployment emphasizes multi-objective metrics that differ from those used in
conventional cloud benchmarks. Beyond accuracy, system-level evaluations now include:

• Inference latency (ms or FPS): end-to-end response time; real-time thresholds typically
range between 15–30 FPS for gesture or sign recognition [34].

• Energy per inference (mJ or µW): total power consumption; sub-milliwatt operation is
desired for continuous wearable or mobile use [32,33].

2.5. Frameworks and Platforms for Edge AI

The success of TinyML depends on optimized toolchains that bridge ML frameworks
and embedded hardware. Ref. [35] surveys the leading deployment solutions: TensorFlow
Lite for microcontrollers (TFLM), NNoM, Edge Impulse, and µTVM, with CMSIS-NN as the
underlying kernel library accelerating core operations on Cortex-M cores. TFLM remains
the dominant open-source runtime for portable INT8 inference, though it lacks native
support for GRU and has limited profiling tools. NNoM compiles networks to plain C with
full RNN support and CMSIS-NN integration, at the cost of a smaller community. Edge
Impulse provides an end-to-end AutoML pipeline whose EON compiler reduces SRAM
usage by 25–55% but sacrifices transparency and portability. From a hardware perspective,
ref. [46] catalogs the leading embedded vision boards used in TinyML research and identi-
fies the battery chemistries most commonly used to power them. These frameworks and
platforms constitute the first generation of deployable edge AI infrastructure, supporting
the migration of SLR models from GPU servers to energy-constrained microcontrollers.

2.6. Hardware-Aware Optimization

Deep learning on embedded devices demands models tailored to specific hardware
constraints. Hardware-aware optimization combines architectural profiling, topology
search, and accelerator tuning to balance accuracy, latency, and energy [31,32,47]. Perfor-
mance evaluation in this setting extends beyond accuracy to include MAC counts and
GOPS as primary measures of computational workload. For reference, AlexNet requires
1.4 GOPS and ResNet-152 requires 22.6 GOPS [32].

2.7. Energy Efficiency and Privacy

Running sign language recognition on low-power edge devices requires balancing
accuracy, energy consumption, and data protection. On-device inference eliminates the
need to transmit raw video to external servers, providing strong privacy guarantees by
design. Recent work in neuromorphic computing, quantized neural processing, and
physical reservoir computing points toward further reductions in inference energy [48,49].

2.8. Incremental Learning for Expanding Sign Vocabularies

A practical limitation of static SLR models is their inability to incorporate new signs
without full retraining. Incremental and continual learning address this by enabling models
to extend their vocabulary without catastrophic forgetting. Ref. [50] compares incremental
learning strategies for a skeleton- and transformer-based isolated SLR model on Peruvian
Sign Language, demonstrating that vocabulary expansion is feasible without discarding
previously learned representations.
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2.9. Datasets and Benchmarks in SLR

Robust datasets are essential for evaluating deep learning models. Ref. [51] combines
RGB video, IMU, and sEMG signals in a multimodal continuous SLR dataset of 765 samples
across nine activity types. Ref. [8] evaluates on RWTH, RWTHT, and CSL-Daily (over
25,000 samples combined) using Word Error Rate as the principal metric. At the word level,
Ref. [24] employs MS-ASL to address signer diversity and background variation, achiev-
ing 92.35% top-1 accuracy. Ref. [52] introduces the Sem-Lex Benchmark, 84,000 videos
from native ASL signers aligned with ASL-LEX and SignBank, reaching 85% phonological
feature recognition with SL-GCN, and identifying demographic bias as a persistent lim-
itation. Ref. [9] evaluates across LSA64, AUTSL, and WLASL, while ref. [53] establishes
WLASL as the largest public ASL corpus (2000 glosses, 100+ signers), enabling scalable
benchmarking for both pose-based and appearance-based models. Quantization calibration
quality has also received attention. The SelectQ method [54] improves 4-bit ResNet-18
accuracy on ImageNet by over 15% through activation-clustering-based calibration sample
selection, underscoring that robust quantization requires careful data curation, not only
numerical schemes.

Ethical and Reproducibility Considerations

Ethical research with DHH participants requires genuine partnership rather than
observation. Deaf communities are close-knit and individuals can be identified even with-
out explicit labeling, making careful data governance and informed consent essential at
every stage of collection, processing, and sharing [55–57]. Signed video explanations and
QR-coded consent forms help ensure participants understand and remain in control of their
data. Reproducibility is further complicated by inconsistent annotation. In WLASL2000,
some gloss labels carry translation errors [58], and most datasets label at the video level
without frame-by-frame keypoint ground truth, making it difficult to separate pose estima-
tion errors from genuine motion variability [58,59]. Most benchmarks also cover isolated
signs or narrow-domain sentences, missing the contextual and dialogic structure of real
communication [60].

2.10. Identified Gaps and Design Opportunities

This review shows clear gaps and missed design opportunities for low-power edge
deployment. Below we synthesize the main weaknesses found across the literature:

• Overreliance on heavy preprocessing pipelines: Many SLR systems depend on full-
frame 3D CNNs and pose-estimation toolkits (MediaPipe, OpenPose) that assume
abundant CPU/GPU resources and incur costly per-frame preprocessing, making
them unsuitable for microcontrollers.

• Limited vocabulary size and non-representative datasets: Most TinyML-oriented
SLR studies restrict classification to only a few dozen signs and rely on small, lab-
controlled, self-collected datasets. This combination limits real-world applicability,
hinders reproducibility, and obscures true generalization performance, while large-
vocabulary word-level recognition under realistic, open-source benchmarks remains
largely unexplored under MCU constraints.

• Dynamic sign language recognition underexplored in TinyML: Word-level and contin-
uous SLR remain largely unexplored in the context of low-power deployment. Most
TinyML work focuses on static, isolated gesture recognition.

• Fragmented toolchains and poor cross-hardware portability: Toolchains, such as
TFLM, TinyEngine, NNoM, Edge Impulse, and vendor SDKs exhibit inconsistent
serialization formats and missing operators. This means each toolchain uses its own
way of saving and representing models, increasing friction and hurting reproducibility.
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• Multimodal fusion cost: While multimodal fusion improves accuracy in laboratory
settings, it significantly increases compute and memory requirements.

• Sparse field deployments and user studies: Few works include real-user deployments
that evaluate robustness across signer diversity (skin tone, clothing, background) or
assess social acceptability on practical devices.

Gaps Handled in Our Research

In this work, we address several of the identified gaps directly through targeted design
and evaluation choices:

• Eliminating heavy preprocessing pipelines: We remove dependence on pose-
estimation frameworks and full-frame 3D CNN stacks.

• Architectures designed for TinyML constraints: we introduce a compact, lightweight
architecture that preserves temporal modeling under strict parameter, memory, and
quantization constraints.

• Large-vocabulary word-level recognition: We explicitly target a 100-class vocabulary,
addressing the underexplored challenge of scaling TinyML-based SLR beyond a few
dozen signs and moving closer to real-world linguistic requirements.

• Cross-benchmark robustness assessment: To counter dataset fragmentation and lim-
ited reproducibility, we evaluate on open-source, large-scale benchmarks (WLASL
and the SemLex benchmark), exposing generalization gaps that are hidden in small,
lab-curated datasets.

• Realistic pre-deployment assessment: Rather than claiming deployment readiness
without validation, we conduct a systematic pre-deployment hardware assessment.
This includes operator-level compatibility analysis, quantization behavior, latency,
memory footprint, and energy proxy under microcontroller-like constraints. This
bridges the gap between algorithmic evaluation and practical embedded feasibility.

Taken together, the literature makes one point clear: future SLR systems must bal-
ance linguistic expressiveness with computational efficiency and must be designed with
hardware constraints in mind from the start. This understanding shapes the methodology
developed in this work.

3. Proposed Method
3.1. Problem Formulation

This work investigates a lightweight spatio-temporal architecture designed for efficient
word-level sign language recognition on low-power hardware.

We consider a video classification problem where each input sample is a sequence
of frames

X = {Xt}T
t=1, Xt ∈ RH×W×C,

and the goal is to learn a mapping

fθ : RT×H×W×C → ∆K−1. (1)

where K denotes the number of target classes. In sign language recognition, K may grow
substantially as vocabularies expand, making scalability with respect to K and T a central
design constraint.
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3.2. Model Architecture

The S3D-Conv1D architecture was inspired by the separable 3D architecture proposed
by Xie et al. [14]. It factorizes 3D convolution into separate spatial and temporal operations
to reduce computation and improve efficiency.

This subsection presents a mathematical formulation of the proposed S3D-Conv1D
architecture, directly grounded in its intuitive operation on video data. Each video is
treated as an ordered sequence of individual frames, and spatial and temporal reasoning
are deliberately decoupled. This modular design enables clear interpretability, linear-
time temporal processing, and predictable memory usage, all essential for scalable and
deployable sign language recognition.

Table A1 summarizes the mathematical notation used throughout the paper.
As shown in Figure 2 and described in Algorithm 1, rather than employing full 3D

convolutions or recurrent models, S3D-Conv1D factorizes the problem into:

1. A frame-wise spatial encoder based on Conv2D operators;
2. A temporal encoder based on a single Conv1D layer followed by global temporal pooling.

Frames are processed independently in the spatial domain before being aggregated tempo-
rally. This architectural decision directly shapes the mathematical structure of the model,
the form of its parameterization, and its computational scaling behavior.

Figure 2. S3D-Conv1D workflow diagram.
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Algorithm 1 S3D-Conv1D Architecture for Sign Language Recognition

Require: Video sequence X = {Xt}T
t=1, with Xt ∈ RH×W×C; number of classes K

Ensure: Predicted class probabilities ŷ ∈ ∆K−1

Define mapping:

fθ : RT×H×W×C → ∆K−1

Spatial encoder parameters:
W(1) ∈ R3×3×C×12 (Conv2D, stride 1, padding “same”, activation ReLU)
W(2) ∈ R3×3×12×24 (Conv2D, stride 1, padding “same”, activation ReLU)
MaxPooling layers with window 2× 2

Temporal encoder parameters:
W(3) ∈ Rk×d×48 (Conv1D, stride 1, padding “same”, activation ReLU)

Classifier parameters:
W(4) ∈ Rd′×K (Dense layer, activation Softmax)

for t = 1 to T do
Frame-wise spatial encoding:

f (1)t = MaxPool2×2

(
ReLU(W(1) ∗ Xt + b(1))

)
f (2)t = MaxPool2×2

(
ReLU(W(2) ∗ f (1)t + b(2))

)
Flatten features:

st = Flatten( f (2)t ), st ∈ Rd

end for
Construct temporal sequence:

S = [s1, s2, . . . , sT ] ∈ RT×d

Temporal encoding:

h = ReLU(W(3) ∗ S + b(3)), h ∈ RT×d′

Global temporal average pooling:

z =
1
T

T

∑
t=1

ht, z ∈ Rd′

Dense layer:

y = W(4)z + b(4), y ∈ RK

Softmax activation:

ŷ = softmax(y), ŷ ∈ ∆K−1

return ŷ

3.2.1. Spatial Encoding (Frame-Wise Conv2D Backbone)

Each frame is passed through a shared spatial encoder composed of two Conv2D-
ReLU-MaxPooling blocks. Conceptually, this stage scans each frame using small sliding
windows to detect salient patterns such as edges and hand contours.

First Conv2D Block. A 3× 3 convolution with stride 1 and same padding is applied
using 12 filters. The convolutional kernel examines 3× 3 pixel neighborhoods at a time,
ensuring fine-grained spatial coverage. Formally,

f (1)t = MaxPool2×2

(
σ
(
W(1) ∗ Xt + b(1)

))
, (2)

where

W(1) ∈ R3×3×C×12, b(1) ∈ R12,
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and σ(·) denotes the ReLU activation. The subsequent 2 × 2 max pooling operation
retains only the strongest activations in each local region, reducing spatial resolution while
preserving dominant features:

f (1)t ∈ RH/2×W/2×12.

Second Conv2D Block. The process is repeated with increased representational
capacity using 24 filters:

f (2)t = MaxPool2×2

(
σ
(
W(2) ∗ f (1)t + b(2)

))
, (3)

with
W(2) ∈ R3×3×12×24, b(2) ∈ R24,

yielding
f (2)t ∈ RH/4×W/4×24.

3.2.2. Flattening and Spatial Embedding

The final spatial feature maps are flattened into a one-dimensional vector for
each frame:

st = Flatten
(

f (2)t

)
, (4)

where

st ∈ Rd, d = H/4 ·W/4 · 24.

This transformation converts each frame into a compact embedding vector, producing
a temporal sequence

S = [s1, s2, . . . , sT ] ∈ RT×d.

3.2.3. Temporal Modeling (Conv1D over Frame Embeddings)

Temporal dependencies are modeled by applying a one-dimensional convolution
across the sequence of frame embeddings. With kernel size 3, stride 1, and same padding,
the Conv1D layer captures short-range motion patterns:

h = σ
(
W(3) ∗ S + b(3)

)
, (5)

where
W(3) ∈ R3×d×d′ , b(3) ∈ Rd′ , d′ = 48,

and
h ∈ RT×d′ .

3.2.4. Global Temporal Pooling

To summarize the entire video sequence into a fixed-length representation, global
average pooling is applied across time:

z = GAPtime(h) =
1
T

T

∑
t=1

ht, (6)

where

z ∈ Rd′ .

https://doi.org/10.3390/a19040248
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3.2.5. Classification (Dense Softmax Head)

Finally, the pooled temporal representation is mapped to class probabilities using a
fully connected layer:

ŷ = softmax
(
W(4)z + b(4)

)
, (7)

where

W(4) ∈ Rd′×K, b(4) ∈ RK, ŷ ∈ ∆K−1.

This layer-wise formulation explicitly reflects how S3D-Conv1D processes videos:
spatial features are extracted independently from each frame using small, consistent con-
volutional kernels, then aggregated temporally using a lightweight Conv1D operator and
global averaging.

4. Measurable Quantities
This subsection analyzes the quantities that determine the deployability of the pro-

posed S3D-Conv1D architecture on microcontroller-class hardware. In such constrained
environments, feasibility is governed by three factors:

1. Parameter count, which defines Flash memory usage;
2. Activation footprint, which determines peak SRAM requirements;
3. Multiply–accumulate operations (MACs), which dominate inference latency and energy.

4.1. Parameters and Learnable Weights

The number of learnable parameters is determined by kernel dimensions and chan-
nel widths and is independent of the input sequence length T for convolutional and
temporal layers.

4.1.1. Conv2D Layers

For a 2D convolution with kernel size r × r, Cin input channels, and Cout output
channels, the parameter count is

Params(Conv2D) = r2CinCout + Cout. (8)

4.1.2. Temporal Conv1D Layer

The temporal one-dimensional convolution layer applies d′ filters of width r over
frame embeddings st ∈ Rd, yielding

Params(Conv1D) = r d d′ + d′. (9)

4.1.3. Dense Classification Layer

The final classifier maps a pooled representation z ∈ Rd′ to K classes, resulting in

Params(Dense) = d′K + K. (10)

4.2. Activation Memory Footprint

Activation memory corresponds to intermediate tensors stored during inference. For
a convolutional or pooling layer producing

A ∈ RHout×Wout×Cout ,

the activation size is
|A| = HoutWoutCout. (11)
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In the spatial encoder, successive pooling halves the spatial resolution, ensuring that
the peak activation occurs in early layers and is bounded by the fixed input resolution.

For the temporal one-dimensional convolution layer, activations have shape

A1D ∈ RT×d′ ,

with activation size
|A1D| = Td′. (12)

Thus, activation memory scales linearly with T and is independent of the vocabulary
size K. The classifier output of size K does not contribute to peak activation storage.

4.3. Multiply–Accumulate Operations (MACs)

Inference computation is measured using multiply–accumulate operations (MACs).

4.3.1. Conv2D MACs

For a two-dimensional convolution layer with kernel size r× r, Cin input channels,
Cout output channels, and output spatial resolution (Hout, Wout), each output element
requires r2Cin MACs. Summed over all output locations and channels, this yields

MACs(Conv2D) = r2CinCoutHoutWout. (13)

4.3.2. Conv1D MACs

For the temporal one-dimensional convolution layer, each of the T temporal positions
produces d′ outputs, each requiring r · d MACs. The total temporal cost is therefore

MACs(Conv1D) = r d d′ T. (14)

4.3.3. Dense Layer MACs

The dense classifier computes K dot products of length d′, yielding

MACs(Dense) = d′K. (15)

4.4. Numerical Cost Assessment

To assess practical inference cost, representative values are substituted into the
derived expressions.

We consider T = 24 grayscale frames of size 64× 64 and a vocabulary of K = 100 classes.
As presented in Table 2, the model contains 892,420 parameters, corresponding to

a Flash footprint of approximately 900 KB under 8-bit integer (INT8) quantization. The
largest activation tensor, with 49,152 elements, requires about 50 KB of RAM. With buffer
reuse and runtime overheads, total RAM usage remains below 96–128 KB, consistent with
mid-range microcontrollers.

The total inference cost is 95.6 M MACs, dominated by per-frame spatial convolutions
and a lightweight temporal Conv1D backbone. The dense classifier contributes negligibly.
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Table 2. Numerical cost and memory footprint of S3D-Conv1D under INT8 quantization.

Component Parameters Peak Activations MACs

Conv2D-1 32 · 1 · 12 + 12 = 120 64× 64× 12 = 49,152 32 · 1 · 12 · 642 = 442,368 per frame
Conv2D-2 32 · 12 · 24 + 24 = 2616 32× 32× 24 = 24,576 32 · 12 · 24 · 322 = 2,654,208 per frame
Spatial Conv2D (T = 24) 2736 – 24× (442,368 + 2,654,208) = 74,317,824
Temporal Conv1D 3 · 6144 · 48 + 48 = 884,784 24× 48 = 1152 3 · 6144 · 48 · 24 = 21,233,664
Dense 48 · 100 + 100 = 4900 100 48 · 100 = 4800
Total 892,420 49,152 95.6 million

5. Computational Complexity Analysis of S3D-Conv1D
This section analyzes the computational complexity of the proposed S3D-Conv1D

model during inference. Classical complexity theory was developed for algorithms with
input-dependent control flow, whereas neural network inference executes a fixed com-
putation graph once per input. Nevertheless, complexity analysis remains necessary to
assess deployability, scalability, and real-time feasibility, especially under embedded and
microcontroller constraints.

Complexity is expressed using Big-O notation [61]. The analysis considers worst-case
memory usage and worst-case arithmetic cost. It characterizes how inference time and
memory requirements evolve as either the input sequence length T or the vocabulary size
K increases.

Asymptotic analysis describes scalability but does not ensure feasibility under strict
hardware limits. Numerical operation counts provide exact values but hide scaling trends.
We therefore combine closed-form expressions for parameters, activations, and MACs
with asymptotic analysis. This approach enables both reliable deployment validation and
principled scalability assessment.

Space complexity refers to total memory usage, including parameters and intermediate
buffers [62]. Time complexity measures the number of elementary operations required for
inference and is expressed using Big-O notation to describe asymptotic growth [63].

5.1. Inference Model and Assumptions

The input is a video sequence

X = {Xt}T
t=1, Xt ∈ RH×W×C,

processed by a trained S3D-Conv1D model using INT8 precision. Inference follows a fixed
sequential pipeline. Spatial features are first extracted using Conv2D layers. Temporal
dynamics are then modeled with a Conv1D layer. A final dense layer produces class
scores. Each layer is executed exactly once per input, and execution does not depend on
input content.

Worst-case analysis is used since embedded deployment requires strict upper bounds
on memory usage and execution time.

5.2. Space Complexity

Memory usage during inference consists of three components:

• Model parameters, stored in non-volatile memory (Flash/ROM), including convolu-
tional and classifier weights.

• Intermediate activations, stored in SRAM, including input tensors, feature maps, and
temporary convolution buffers.

• Runtime overhead, including stack memory and bookkeeping buffers.
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5.2.1. Model Parameters

All convolutional layers use fixed kernel sizes and channel counts. Their parameter
size does not depend on the sequence length T. Only the final classifier depends on the
number of classes K (see Section 4.1). Therefore,

Oparams = O(K). (16)

5.2.2. Activation Memory

Inference feasibility is determined by peak activation memory. Layers execute sequen-
tially, and intermediate buffers are reused or released. The dominant activation terms are
(see Section 4.2):

• Spatial feature maps of bounded size O(1).
• Temporal one-dimensional convolution activations of size O(T).
Classifier outputs of size O(K) are short-lived and non-dominant.

5.2.3. Worst-Case Space Complexity

Total inference memory combines parameter storage and peak activations:

Ospace = Oparams +Oact = O(K) +O(T). (17)

Thus,
Ospace = O(T + K). (18)

This bound corresponds to the maximum supported sequence length and vocabulary
size. It provides a strict upper limit required for safe embedded deployment.

5.3. Time Complexity

Inference time is dominated by arithmetic operations, mainly multiply–accumulate
(MAC) operations, formulated in Section 4.3. Since S3D-Conv1D is a feed-forward pipeline,
the total cost is the sum of per-layer costs.

5.3.1. Spatial Processing

Each frame is processed independently by the Conv2D backbone. Let Cspatial denote
the constant per-frame cost. The total spatial cost is

MACsspatial = T · Cspatial. (19)

5.3.2. Temporal Modeling

The one-dimensional convolution layer operates along the temporal dimension with
fixed kernel width and channel size. Its cost scales linearly with sequence length:

MACstemporal = O(T). (20)

5.3.3. Classification

The final dense layer maps the embedding to K classes:

MACsclassifier = O(K). (21)

5.3.4. Total Inference Time

The total inference cost is the sum of feature extraction and classification costs:

Otime = Ofeat +Ocls = O(T) +O(K). (22)
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Hence,
Otime = O(T + K). (23)

This additive form follows from sequential execution, with no nested recomputation
between spatial and temporal stages. Worst-case timing is required for real-time systems,
where latency bounds must hold for all valid inputs.

5.4. Discussion

Practical sign language systems must support vocabulary growth and variable input
duration. In S3D-Conv1D, the vocabulary size K affects only the final classification layer,
while spatial and temporal feature extraction remain unchanged. This separation bounds
the cost of vocabulary expansion.

The temporal length T influences inference through repeated spatial processing and
explicit temporal modeling. Each additional frame increases computation and intermediate
activations linearly.

The resulting linear scaling in both time and space complexity is well suited to embed-
ded platforms. By separating spatial feature extraction from explicit temporal modeling,
S3D-Conv1D achieves predictable inference cost while preserving temporal expressive-
ness. This balance enables reliable real-time deployment under strict memory and latency
constraints without sacrificing model capacity.

The absence of quadratic or state-dependent terms distinguishes S3D-Conv1D from
recurrent and attention-based models. This property ensures predictable latency and
bounded memory usage, which are critical for microcontroller deployment.

6. Experimental Evaluation
6.1. Datasets

The primary benchmark is a curated WLASL subset with 2181 videos across 100 classes
and 119 signers [53]. Large-scale datasets like WLASL support generalization but are col-
lected under heterogeneous recording conditions. Background, lighting, camera, and signer
differences shift feature distributions across layers, and a model trained and calibrated
exclusively on such data often fails to recognize signs from signers whose appearance,
skin tone, or style is not well represented in the dataset. To address this, a small custom
dataset, ASL-Kimpinde [64], was created with two roles: augmenting underrepresented
WLASL classes and providing signer-specific calibration data for quantization. This illus-
trates a broader principle: signer variation is a genuine source of distribution shift, and
domain-aware calibration is a necessary step when moving from benchmark evaluation
to individual use. The ASL-Kimpinde scope (250 videos, 50 classes, and a single signer)
is a recognized limitation. Greater signer diversity in both augmentation and calibration
subsets would strengthen cross-signer generalization. More broadly, multimodal pipelines
combining raw frames with lightweight keypoint representations, optimized for MCU
inference, offer a path toward systems that generalize across signers without requiring
signer-specific data.

After augmentation, the combined dataset totals 11,194 samples.
Generalization performance is evaluated with the SemLex (2023) benchmark dataset

using its official release [52]. Only the curated training split is considered, comprising
1253 valid videos across 100 classes and totaling 7412 samples after augmentation. This
restriction was chosen to keep computational complexity tractable and to balance dataset
statistics with WLASL100, enabling fairer cross-dataset comparisons. We acknowledge that
this choice makes direct comparison with prior work less straightforward but provides a
controlled setting aligned with the scope of this study.
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A unified preprocessing pipeline is applied to all datasets to ensure consistency and re-
producibility. Videos are decoded using OpenCV, converted to grayscale, resized to 64× 64,
normalized to the [0, 1] range, and stored as .npy files. Grayscale conversion reduces
memory usage and stabilizes activation ranges, which is beneficial for INT8 calibration.
The NumPy format accelerates training and provides deterministic data access.

Video lengths vary between approximately 20 and 100 frames. All sequences are there-
fore aligned to a fixed temporal length of T = 24 frames. Longer videos are subsampled to
retain key motion, while shorter ones are padded. This temporal normalization balances
motion coverage with embedded memory constraints and ensures a consistent temporal
receptive field during both training and inference.

Data augmentation is applied to address limited data and domain shift. Using Vidaug,
each sequence undergoes lightweight spatial and temporal transformations, including
random rotation up to 10◦, Gaussian blur, and frame-rate resampling to {10, 15, 30, 50}
FPS. These transformations simulate viewpoint changes, low-quality imaging, and variable
signing speeds commonly observed on real devices. All augmentations remain compatible
with integer-only inference.

As shown in Table 3, the datasets were curated into training, validation, and test
subsets with a fixed 70/20/10 split, and the table also reports the number of samples per
subset obtained after augmentation. The official WLASL benchmark does not enforce a
fully signer-disjoint split; our protocol follows this convention, meaning that reported
accuracies reflect within-distribution performance. Cross-signer generalization is partially
evaluated via SemLex100 (Section 6.5.2), which provides an entirely independent signing
population and recording setup.

Algorithm 2 shows how Preprocessing converts raw videos into fixed-length, nor-
malized sequences with temporal alignment, resolution control, and augmentation for
robustness.

Algorithm 2 Dataset Preprocessing

Require: Video dataset D = {(Vi, yi)}N
i=1, target length T, resolution (H, W)

Ensure: Preprocessed dataset D̃
1: for each video Vi ∈ D do
2: Decode frames {Ft}Ti

t=1
3: Resize to H ×W, convert to grayscale
4: Normalize intensities: Ft ← Ft/255
5: Temporally resample frames
6: Subsample or pad to length T
7: Apply augmentation A(·)
8: end for
9: return D̃ = {(Xi, yi)}

Table 3. Dataset splits used in experiments (70/20/10 fixed split).

Dataset Train Val Test Total

WLASL100 + ASL-Kimpinde 7835 2239 1120 11,194

SemLex100 benchmark 5188 1482 742 7412

WLASL300 + ASL-Kimpinde 11,085 3167 1584 15,836

For each video, multiple variants are generated: the original sequence, a spatially aug-
mented version, temporally resampled sequences at each target FPS, and their augmented
counterparts. This strategy increases data diversity while preserving label semantics
and temporal structure. Spatial transformations improve robustness to camera noise and
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minor viewpoint changes, while temporal resampling explicitly trains the model to han-
dle variable signing speeds, all while remaining lightweight and fully compatible with
embedded deployment.

6.2. Training Procedure and Optimization

The S3D-Conv1D architecture trains under the following key settings. As presented in
Table 4, the training configuration and hyperparameters include optimizer choice, learning
rate, batch size, and number of epochs.

Table 4. Training configuration and hyperparameters.

Component Setting

Optimizer Adam
Base learning rate η = 1× 10−3

Loss function Categorical cross-entropy with softmax
Evaluation metrics Top-1/Top-5 accuracy, precision, recall, F1-score
Batch size 32
Training duration Up to 100 epochs
Early stopping Patience = 10 epochs
Learning rate schedule ReduceLROnPlateau (factor 0.5, patience 5)
Checkpointing Best model saved based on validation performance
Numerical precision Full precision (mixed precision disabled)
Data pipeline tf.data with shuffle, cache, batch, prefetch

These choices enabled stable convergence under the sparse, noisy gradients typical of
word-level signing and the small per-class sample sizes in th datasets.

As presented in Algorithm 3, this procedure defines the core learning workflow of
S3D-Conv1D.

Algorithm 3 Model Construction, Training, and Floating-Point Evaluation

Require: Preprocessed dataset D̃, epochs E, batch size B
Ensure: Optimized model parameters θ∗, evaluation metricsM

Define input tensor X ∈ RT×H×W×C

Build S3D-Conv1D architecture:
Stratified split into training, validation, and test sets
Initialize model parameters θ
for epoch = 1 to E do

for each mini-batch B of size B do
Forward pass through spatial encoder (per frame)
Stack frame-wise features into temporal sequence
Forward pass through Conv1D and temporal pooling
Compute predictions and loss
Update parameters using Adam optimizer

end for
end for
Evaluate model on test set
Compute Top-1, Top-5 accuracy, precision, recall, and macro F1-score
return θ∗,M

The model converged in under 100 epochs (see Figure 3). This shows stable optimiza-
tion and effective preprocessing. S3D-Conv1D also showed a stable learning curve, even
though it trained both spatial and temporal kernels from scratch.
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Figure 3. S3D-Conv1D Training Plots on WLASL100 + ASL-Kimpinde.

6.3. Quantization

Integer quantization reduces model size and inference cost by mapping floating-point
weights and activations to 8-bit integers. This work applies two complementary strategies:
post-training quantization (PTQ) and quantization-aware training (QAT), both targeting
full INT8 representation with no floating-point fallback.

6.3.1. Quantization Formulation

Both strategies use affine INT8 quantization, mapping a floating-point value x ∈
[xmin, xmax] to xq ∈ [−128, 127] via:

xq = clip
(⌊ x

s

⌉
+ z, −128, 127

)
, s =

xmax − xmin

255
, z = clip

(⌊
− xmin

s

⌉
, −128, 127

)
(24)

where s is the scale and z the zero-point. The quantization error is bounded by |x− s(xq −
z)| ≤ s/2, so accurate range estimation is critical: an overly wide range increases the step
size and reduces precision, while an overly narrow range causes clipping.

The workflow in Figure 4 highlights two complementary strategies: post-training
quantization (PTQ) and quantization-aware training (QAT), which are detailed in the
following subsections.

6.3.2. Post-Training Quantization

PTQ converts a trained FP32 model to INT8 in a single calibration pass with no
weight updates. A representative calibration set R is passed through the model to
record per-layer activation ranges, from which s and z are computed. All weights, ac-
tivations, inputs, and outputs are then re-exported as INT8 using the TFLite converter with
TFLITE_BUILTINS_INT8 as the sole operator set. Calibration is performed on the training
split of the combined WLASL and ASL–Kimpinde dataset.

As detailed in Algorithm 4, the post-training quantization procedure transforms a
trained FP32 model into its INT8 form.
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Figure 4. Quantization workflow comparing (PTQ) and (QAT).

Algorithm 4 Post-Training Quantization and Deployment-Aware Evaluation

Require: Trained FP32 model fθ∗ , calibration setR, test set T
Ensure: INT8 model fθq , quantized evaluation metrics

1: Export trained model to TensorFlow Lite format
2: Apply affine INT8 post-training quantization usingR
3: Restrict operators to TFLite INT8 built-ins
4: Export quantized model fθq

5: Evaluate fθq on T ; Compute accuracy and macro F1-score
6: return fθq , quantized evaluation metrics

6.3.3. Quantization-Aware Training

QAT inserts fake-quantization nodes into the computation graph during fine-tuning,
simulating INT8 rounding in the forward pass via the straight-through estimator [65].
Activation ranges are tracked as exponential moving averages over training batches, yield-
ing more accurate scale estimates than the single-pass calibration of PTQ. A two-phase
schedule is used: a 5-epoch warm-up at η = 10−6 to stabilize the range trackers, followed
by fine-tuning at η = 10−5 with gradient clipping (∥∇∥2 ≤ 1.0) and early stopping on the
validation set.

As described in Algorithm 5, the quantization-aware training procedure incorporates
simulated INT8 operations during fine-tuning, enabling the model to adapt to quantization
effects while maintaining numerical robustness.
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Algorithm 5 Quantization-Aware Training (QAT)

Require: Pre-trained FP32 model fθ∗ , training set D, validation set V , test set T
Ensure: Fine-tuned INT8-equivalent model fθ̃ , deployment metrics

1: Insert fake-quantization nodes into fθ∗ via quantize_apply()
2: Initialize per-layer scale trackers from FP32 weight ranges
3: Phase A—warm-up: fine-tune 5 epochs at η = 10−6 (trackers stabilize)
4: Phase B—main: fine-tune up to 50 epochs at η = 10−5, clipnorm = 1.0, early stopping

on V
5: Convert fθ̃ to TFLite INT8 via representative dataset
6: Export quantized model fθq

7: Evaluate fθq on T ; compute accuracy, macro F1
8: return fθq , quantized evaluation metrics

6.4. Ablation Study

We systematically evaluate three design dimensions: (i) temporal Conv1D kernel
size k ∈ {1, 3, 5, 7}, (ii) spatial block (Conv2D vs. DepthwiseConv2D), and (iii) temporal
resolution T ∈ {8, 16, 24}. All experiments use post-training INT8 quantization (PTQ) and
are reported as mean ± std over three runs. The baseline is k = 3, T = 24, Conv2D.

6.4.1. Effect of Temporal Kernel Size k

The kernel size k controls the local temporal receptive field of the Conv1D layer. A
larger k capture of motion patterns over more consecutive frames but this also increases
the number of parameters and enlarges the range of activations, which can make INT8
quantization unstable. Tables 5 and 6 report the results.

Table 5. Effect of kernel size k on accuracy (T = 24, PTQ INT8, mean ± std, 3 runs). WLASL100 +
ASL-Kimpinde dataset.

k Dataset Top-1 Top-3 Top-5 Macro F1 INT8 Acc.

1 WLASL100 0.991± 0.003 0.998± 0.004 0.998± 0.003 0.99± 0.01 98.51± 0.10%
3 WLASL100 0.985± 0.001 0.996± 0.006 0.997± 0.006 0.98± 0.01 98.60± 0.97%
5 WLASL100 0.968± 0.014 0.987± 0.006 0.991± 0.004 0.97± 0.01 88.15± 11.47%
7 WLASL100 0.986± 0.001 0.996± 0.002 0.997± 0.001 0.99± 0.01 98.15± 0.64%

1 WLASL300 0.671± 0.160 0.771± 0.171 0.819± 0.060 0.66± 0.07 38.15± 13.95%
3 WLASL300 0.868± 0.038 0.920± 0.024 0.933± 0.017 0.87± 0.04 77.09± 8.33%
5 WLASL300 0.766± 0.022 0.851± 0.027 0.876± 0.026 0.76± 0.03 53.36± 11.02%
7 WLASL300 0.843± 0.042 0.909± 0.024 0.932± 0.013 0.84± 0.04 75.86± 6.26%

Table 6. Hardware efficiency across kernel sizes (T = 24, PTQ INT8).

k Parameters Size (KB) FLOPs (M)

1 302,596 394.2 162.8
3 892,420 883.1 191.1
5 1,482,244 1546.2 219.4
7 2,072,068 2122.2 247.7

Three effects of k are clearly observable. First, on WLASL-100 the task is largely
saturated regardless of kernel size; all configurations except k = 5 achieve above 98% INT8
accuracy, confirming that short-range spatial features dominate recognition at this scale.
Second, k = 5 shows unstable PTQ INT8: accuracy spans 75.7% to 98.4% across three runs,
with a standard deviation (SD) = 11.47%. Notably, k = 7 does not exhibit this behavior
(SD = 0.64%), so the instability is not a simple function of kernel size. Third, on WLASL300
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the kernel size affects both accuracy and stability more strongly: k = 3 achieves the best
Top-1 (0.868) and the most stable INT8 behavior, while k = 1 collapses to 38.15% INT8
accuracy. This confirms that temporal context is necessary at larger vocabulary scales.
k = 7 approaches k = 3 accuracy but has much higher memory and computational costs
(Table 6). k = 3 is therefore the optimal choice across accuracy, quantization stability, and
computational efficiency.

6.4.2. Effect of Vocabulary Size K

Moving from K = 100 to K = 300 introduces two compounding challenges. First,
The dense layer grows from 4900 to 14,700 parameters (see Table 2). Second, the semantic
overlap between classes increases, as WLASL300 contains more signs with similar hand con-
figurations and trajectories that are trivially separable at 100 classes but not at 300 (Figure 5).
This explains the consistent pattern observed across all ablation dimensions: every configu-
ration achieves near-saturated performance on WLASL100 but shows substantially higher
variance and lower INT8 accuracy on WLASL300.

Figure 5. Best vs. Worst Class F1 across Ablation Configurations, PTQ INT8: WLASL100 vs.
WLASL300.

6.4.3. Effect of Temporal Resolution T

The temporal resolution T determines how many consecutive frames are presented
to the model. A larger T provides more motion context but increases input memory, and
FLOPs linearly. Table 7 reports results for T ∈ {8, 16, 24}.

Table 7. Effect of temporal resolution T on accuracy and efficiency (PTQ INT8, mean ± std, 3 runs).

T Dataset Top-1 Top-3 INT8 Acc. FLOPs (M) Size (KB)

24 WLASL100 0.985± 0.025 0.996± 0.003 98.60± 0.97% 191.1 883.1
16 WLASL100 0.984± 0.005 0.994± 0.005 98.09± 0.52% 127.4 940.5
8 WLASL100 0.979± 0.003 0.995± 0.001 96.22± 1.12% 63.7 910.8

24 WLASL300 0.868± 0.038 0.920± 0.024 77.09± 8.33% 191.1 883.1
16 WLASL300 0.755± 0.069 0.842± 0.038 54.97± 9.24% 127.4 940.5
8 WLASL300 0.811± 0.061 0.886± 0.033 70.67± 9.85% 63.7 910.8
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On WLASL100, reducing T from 24 to 8 cuts FLOPs by 3×, with only a modest drop
in INT8 accuracy. This confirms that spatial features dominate recognition at 100 classes
and that very short temporal windows are sufficient. On WLASL300, T = 24 achieves the
best INT8 accuracy (77.09%) and the most stable results across runs. T = 16 and T = 8
both show higher variance under PTQ, with no consistent ordering between them.

6.4.4. Effect of Quantization Strategy: PTQ vs. QAT

Post-training quantization (PTQ) estimates activation ranges from the calibration set
after training; quantization-aware training (QAT) inserts fake-quantization nodes during
fine-tuning, constraining weight distributions to quantization-friendly ranges. Table 8
compares both strategies.

Table 8. PTQ vs. QAT for S3D-Conv1D (k = 3, T = 24, mean ± std, 3 runs).

Method Dataset FP32 Acc. INT8 Acc. ∆ Acc. INT8 Size

PTQ WLASL100 98.96± 0.36% 98.60± 0.97% −0.36± 0.62% 883 KB
QAT WLASL100 98.42± 0.37% 98.10± 0.65% −0.32± 0.32% 880 KB

PTQ WLASL300 85.67± 3.60% 67.76± 8.43% −17.91± 10.21% 898 KB
QAT WLASL300 88.16± 0.27% 86.94± 0.48% −1.22± 0.12% 890 KB

On WLASL100, PTQ and QAT are statistically equivalent: both achieve ≈98.1–98.6%
INT8 accuracy with negligible and stable accuracy drop. The architecture’s operator
homogeneity makes it PTQ-stable at this scale. On WLASL300, the two strategies diverge
substantially. PTQ suffers a mean accuracy loss of 17.91± 10.21%, with INT8 accuracy
ranging from 60.2% to 76.8% across runs, a spread of 16.6% indicating that calibration-set-
derived thresholds are unreliable at larger vocabulary scales. QAT nearly eliminates this
gap (−1.22%), confirming that fine-tuning with quantization-aware gradients effectively
constrains weight ranges for WLASL300. The quantization parameters in Table 9 confirm
that QAT produces tight, symmetric weight distributions across all layers, consistent with
low quantization error.

Table 9. S3D-Conv1D QAT kernel quantization parameters (WLASL100, run 1).

Layer Shape xmin xmax Scale Zero-Point

conv2d_1 (3, 3, 1, 12) −0.683 1.286 0.00772 88
conv2d_2 (3, 3, 12, 24) −1.481 1.087 0.01007 127
temporal_conv1d (3, 6144, 48) −1.203 1.172 0.00931 127
classifier (48, 100) −1.617 0.429 0.00802 127

6.4.5. DepthwiseConv2D

Figure 6 compares Conv2D and DepthwiseConv2D spatial blocks in S3D-Conv1D.
DepthwiseConv2D achieves large efficiency gains with negligible accuracy loss at
100 classes, but the reduced spatial capacity becomes limiting at 300 classes.
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Figure 6. Conv2D vs. DepthwiseConv2D spatial blocks in S3D-Conv1D (PTQ, k = 3, T = 24, 3-run
mean ± std).

6.4.6. Ultralight Variant

Combining T = 8, k = 1, DepthwiseConv2D, and QAT yields the ultralight configura-
tion (Table 10). It is the most compact design evaluated, showing negligible accuracy loss
at 100 classes and a clear efficiency–accuracy trade-off at 300 classes.

Table 10. Ultralight S3D-Conv1D configuration (T = 8, k = 1, DepthwiseConv2D, QAT INT8). All
values are mean ± std over 3 independent runs.

Metric WLASL100 WLASL300

FP32 Accuracy 98.90± 0.55% 77.22± 4.00%
QAT INT8 Accuracy 98.51± 0.89% 74.11± 5.16%
Accuracy Drop −0.39± 0.36% −3.11± 1.73%
INT8 Size 24.7 KB 34.9 KB
FLOPs 0.94 M 0.96 M

6.4.7. Ablation Summary

Across all ablation dimensions, the baseline configuration (k = 3, T = 24, Conv2D)
occupies the most robust operating point: it achieves the best Top-1 on WLASL300, the
most stable INT8 quantization across runs and kernel sizes, and the best cross-scale general-
ization. On WLASL100 alone, k = 1 achieves marginally higher accuracy and the ultralight
variant offers a compelling efficiency trade-off at under 35 KB; however, neither generalizes
as reliably to WLASL300 as the baseline.

6.5. Comparative Evaluation with Baseline Architectures

Four baseline architectures are evaluated alongside S3D-Conv1D. S3D [14] is included
as the reference separable spatiotemporal model, factorizing 3D convolutions into spatial
and temporal components for video understanding. CNN + RNN represents the dominant
paradigm in sign language recognition, combining a convolutional spatial encoder with
a recurrent temporal module (GRU). The e-LSTM [15] is the closest prior work to our
scope, an attention-based LSTM architecture explicitly designed for edge deployment
on embedded devices. MobileNet Variant uses a pretrained MobileNetV2 backbone for
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spatial feature extraction, exploiting transfer learning, followed by temporal global average
pooling and a dense classifier. All models are trained and evaluated under identical
preprocessing, training, and evaluation conditions (Section 6.1).

6.5.1. Float32 Recognition Performance

S3D, CNN + RNN, the MobileNet variant, and S3D-Conv1D all achieve above 98%
on WLASL100, confirming that the 100-class task is largely saturated under this dataset
and preprocessing protocol. The discriminating dimension is SemLex100. CNN + RNN
generalizes best (89.6%), benefiting from recurrent temporal modeling. S3D-Conv1D
achieves 82.5%, outperforming both S3D (64.3%) and e-LSTM (59.8%). The MobileNet
variant achieves the highest SemLex100 accuracy (97.6%), which reflects the strong transfer
learning capacity of the pretrained MobileNetV2 backbone. As summarized in Table 11, the
float32 accuracy and macro F1 scores across datasets highlight the comparative strengths of
each architecture.

Table 11. Float 32 accuracy and macro F1 across datasets (mean ± std).

WLASL100 SemLex100

Model Acc. (%) Prec. F1 Acc. (%) Prec. F1

S3D 99.29± 0.15 0.99 0.99 64.29± 1.50 0.78 0.64
CNN + RNN 99.29± 0.10 0.99 0.99 89.62± 1.00 0.91 0.89
e-LSTM 44.20± 2.50 0.75 0.53 59.78± 2.00 0.75 0.64
MobileNet variant 99.46± 0.03 1.00 0.99 97.57± 0.13 0.98 0.98
S3D-Conv1D 98.96± 0.36 0.99 0.98 82.48± 1.50 0.84 0.82

6.5.2. Cross-Dataset Generalization

S3D drops more than 35 pp from WLASL100 to SemLex100, indicating sensitivity to
dataset-specific spatiotemporal statistics. CNN + RNN generalizes well (89.6%) but relies
on GRU operators that are unsupported in CMSIS-NN and require Flex delegates in TFLite,
preventing integer-only execution. MobileNet variant achieves the highest SemLex100
accuracy (97.6%), but its size exceeds the memory budget of constrained inference stacks.
S3D-Conv1D demonstrates a stable degradation profile, dropping 16.5 pp from WLASL100
to SemLex100 while remaining fully INT8-compatible.

6.5.3. Class-Wise Behavior and Failure Modes

Class-wise analysis (Figure 7) reveals robustness differences not visible in aggregate
accuracy. On WLASL100, S3D, CNN + RNN, MobileNet variant, and S3D-Conv1D all
achieve F1 = 1.00 on at least one class; e-LSTM peaks at 0.88. Worst-class behavior is more
revealing: CNN + RNN degrades moderately (F1 = 0.91), S3D and S3D-Conv1D show
lower bounds of 0.78 and 0.75, respectively, MobileNet variant reaches 0.86, and e-LSTM
collapses to F1 = 0.00 on at least one class.

On SemLex100, worst-class performance diverges sharply: S3D and S3D-Conv1D
drop to F1 ≈ 0.20, CNN + RNN retains F1 ≈ 0.50, MobileNet variant maintains the highest
lower bound (F1 = 0.67), and e-LSTM collapses to F1 = 0.00. High mean accuracy therefore
masks severe per-class failures in architectures with heavy spatiotemporal coupling or
compact recurrent representations, while the pretrained MobileNetV2 backbone provides
more robust per-class discrimination at the cost of operator compatibility.
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Figure 7. Best and worst class F1-score per model on WLASL100 and SemLex100.

6.5.4. INT8 Quantization Performance

Table 12 presents the performance of quantized versions of the evaluated models.

Table 12. PTQ INT8 accuracy across datasets.

WLASL100 SemLex100

Model FP32 (%) INT8 (%) ∆ FP32 (%) INT8 (%) ∆

S3D (mixed) 99.29 99.20 −0.09 64.29 60.38 −3.91
CNN + RNN (hybrid) 99.29 99.29 0.00 89.62 89.62 0.00
e-LSTM (INT8) 44.20 20.09 −24.11 59.78 56.95 −2.83
MobileNet variant (INT8) 99.46 96.36 −3.10 97.57 91.04 −6.53
S3D-Conv1D (INT8) 98.96 98.60 −0.36 82.48 79.92 −2.56

S3D and CNN + RNN preserve accuracy under their respective quantization schemes
but cannot achieve full INT8 execution: S3D requires Conv3D and standalone BatchNor-
malization, which have no INT8 kernels in CMSIS-NN; CNN + RNN’s GRU requires
Flex delegates. e-LSTM collapses from 44.2% to 20.1% under INT8, confirming numerical
instability in quantized recurrent representations. MobileNet variant achieves competitive
PTQ accuracy on both datasets.

S3D-Conv1D achieves full INT8 execution with ∆ < 1 pp on WLASL100 under PTQ,
and ∆ ≈ 2.6 pp on SemLex100, confirming that its operator set (Conv2D, Conv1D, GAP,
Dense, Softmax) is inherently quantization-friendly. Under QAT, the accuracy drop on
WLASL100 reduces further to 0.32 pp.

6.5.5. Compression and Runtime

Table 13 presents a summary of of model compression.
S3D achieves negligible compression due to Conv3D and BatchNormalization con-

straints. CNN + RNN, e-LSTM, and MobileNet variant compress substantially but remain
above microcontrollers’ memory budget. S3D-Conv1D compresses from 3.5 MB to 883 KB
at a ×4 ratio, the smallest result across all evaluated architectures. S3D-Conv1D is 3×
smaller than the next smallest baseline in INT8. Figure 8 illustrates the comparative model
sizes before and after PTQ INT8 quantization, highlighting the significant compression
achieved by S3D-Conv1D.
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Table 13. Model compression summary (PTQ INT8).

Model Params (K) FP32 (KB) INT8 (KB) Ratio Lat. (ms)

S3D 8027 31,355 31,023 ×1.0 9126
CNN + RNN 6390 24,955 6727 ×3.7 84.9
e-LSTM 7906 30,884 7914 ×3.9 39.3
MobileNet variant 2386 9162 2778 ×3.3 1895
S3D-Conv1D 892 3492 883 ×4.0 26.0

Figure 8. Model size before and after PTQ INT8 quantization.

6.5.6. Operator Compatibility

A model is fully compatible with constrained inference only if all its operators are
natively supported in INT8 without Flex delegates. Table 14 maps the critical operators of
each architecture to their support status across TFLite, CMSIS-NN, and NNoM frameworks.

Table 14. Operator compatibility across inference stacks. ✓ = INT8 supported; ∼ = partial or Flex
delegate required; × = not supported.

Operator TFLite CMSIS-NN NNoM Used by

Conv2D (INT8) ✓ ✓ ✓ All
Conv1D ✓ ✓ ∼ S3D-Conv1D
DepthwiseConv2D ✓ ✓ ✓ S3D-Conv1D (DW variant), MobileNetV2
GlobalAveragePooling ✓ ✓ ✓ S3D-Conv1D, MobileNetV2
Dense/Softmax ✓ ✓ ✓ All
GRU/LSTM ∼ (Flex) × ∼ CNN + RNN, e-LSTM
Custom Attention × × × e-LSTM
Conv3D/Sep. 3D ∼ ∼ ∼ S3D
BatchNorm (standalone) ∼ (fused) × ✓ S3D
Inverted Residuals ✓ ∼ ✓ MobileNetV2
ReLU/ReLU6 ✓ ✓ ✓ S3D-Conv1D, MobileNetV2

6.5.7. Runtime Profiling

Inference benchmarks were executed on a CPU-only laptop (Intel Celeron N4500,
1.10 GHz, single-threaded TFLite execution). FLOPs are estimated via tflite_flops [66];
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latency is the median over 20 executions. The energy proxy is CPU utilization (%) mul-
tiplied by latency, used solely as a comparative indicator of computational cost under
uniform conditions. These figures are not equivalent to embedded hardware measurements
and cannot be compared across platforms. FLOPs counts are reported as indicators of
architectural complexity, not energy estimates. As reported in Table 15, the runtime sum-
mary captures FLOPs, latency, throughput, and energy proxy values across all evaluated
architectures, highlighting the efficiency gains of lightweight models such as S3D-Conv1D
compared to heavier baselines.

Table 15. Runtime summary (CPU proxy, INT8, 20-run median latency).

Model FLOPs (106) Lat. (ms) FPS Energy Proxy

S3D 0.20 9126 0.11 912,635
CNN + RNN 1267 84.9 11.8 1655
e-LSTM 0.60 39.3 25.5 2448
MobileNet
variant 105.4 1895 0.53 189,547

3D-Conv1D 191.1 26.0 38.4 1560

S3D’s large latency reflects runtime reliance on TF Select ops and an unoptimized
graph. CNN + RNN is computationally heavier (1.27 GFLOPs) and slower. e-LSTM
achieves low latency but fails on accuracy and requires Mediapipe as an external depen-
dency for keypoint extraction. MobileNet variant’s 1895 ms latency reflects the cost of
processing 24 frames through a full MobileNetV2 backbone. S3D-Conv1D achieves the best
balance of accuracy, latency, and model size among all evaluated architectures.

7. Conclusions
7.1. Discussion

This study investigated word-level sign language recognition with MCU deployment
constraints, without reliance on cloud computation, external accelerators, or unsupported
operators. To address these constraints, we proposed S3D-Conv1D, a separable spatiotem-
poral architecture explicitly designed for constrained inference, and evaluated it against
S3D, CNN + RNN, e-LSTM, and a MobileNet variant using a unified training, quantization,
and profiling framework on WLASL and the SemLex benchmark datasets.

Experiments show that S3D-Conv1D achieves competitive float32 accuracy on
WLASL100 (98.96± 0.36%) with stable per-class behavior and consistent cross-dataset
generalization (82.5% on SemLex100). Under PTQ INT8, it maintains near-equivalent
accuracy (∆ < 1 pp on WLASL100, ∆ ≈ 2.6 pp on SemLex100) while compressing to 883 KB
at a ×4 ratio. It is the smallest across all evaluated architectures. Under QAT, the accuracy
drop on WLASL100 reduces to 0.32 pp, and on WLASL300 QAT recovers the PTQ accuracy
gap from 17.91 pp to 1.22 pp, confirming that quantization-aware fine-tuning is necessary
for stable deployment at larger vocabulary scales.

An ablation study across kernel size k, temporal resolution T, and spatial block type
establishes that the baseline configuration (k = 3, T = 24, Conv2D) occupies the most robust
operating point across accuracy, quantization stability, and cross-scale generalization. An
ultralight variant (T = 8, k = 1, DepthwiseConv2D, QAT INT8) achieves 98.51± 0.89% on
WLASL100 at 24.7 KB and 0.94 MFLOPs, and 74.11± 5.16% on WLASL300 at 34.9 KB, the
most compact fully INT8-compatible configuration identified in this study.

Among the baselines, the MobileNet variant achieves the highest accuracy on Sem-
Lex100 dataset (97.6%) through transfer learning from a pretrained backbone, but at a
9.1 MB float32 size and 1.895 s inference latency, it is incompatible with constrained de-
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ployment. CNN + RNN and e-LSTM depend on recurrent and attention operators that
are either unsupported or require Flex delegates in CMSIS-NN and NNoM, preventing
integer-only execution. S3D-Conv1D is the only architecture in this study that simultane-
ously satisfies all operator compatibility requirements, full INT8 execution with no Flex
delegates, sub-1 MB model size, and low inference latency on the CPU proxy.

These results demonstrate that competitive word-level sign language recognition
can be achieved under microcontroller deployment constraints when architectural design
prioritizes quantization stability and operator compatibility from the outset. S3D-Conv1D
illustrates that a carefully constrained convolutional temporal backbone, combined with
a domain-aware calibration strategy and systematic ablation of design parameters, can
satisfy real deployment limitations that more expressive recurrent and large backbone
models cannot.

To support reproducibility, the training scripts, source code, experiments and trained
models (FP32 and INT8) for S3D-Conv1D are openly available in the GitHub repository
https://github.com/Samuel-KIMPINDE/S3D-Conv1D-for-SLR-for-Microcontrollers (ac-
cessed on 22 March 2026), with a citable release archived on Zenodo: https://doi.org/10.5
281/zenodo.18758927.

7.2. Limitations and Challenges

Despite these advances, several limitations remain. Dataset diversity is restricted;
existing benchmarks underrepresent signer variability, environmental conditions, and non-
manual linguistic features such as facial expressions, constraining generalization. Temporal
modeling in S3D-Conv1D captures short- to mid-range dependencies, but extending to con-
tinuous or sentence-level recognition would require deeper temporal context or attention
mechanisms that currently exceed microcontroller resource budgets.

Quantization remains an inherent trade-off. Although S3D-Conv1D exhibits strong
robustness to post-training INT8 quantization, precision loss due to activation clipping and
calibration bias cannot be fully eliminated. The system is also limited to isolated word-level
recognition, leaving continuous decoding, grammar modeling, and multilingual scalability
as open challenges. Ensuring fairness across signers, dialects, and recording conditions will
require broader datasets and ethically grounded evaluation practices.

7.3. Broader Implications and Ethical Scope

This research demonstrates the practical potential of TinyML to enable private, offline,
and inclusive sign language recognition. By combining open datasets, public toolchains,
and affordable hardware, it advances reproducible and accessible AI for assistive technology.
On-device inference eliminates cloud dependency, preserves user privacy, and enables
deployment in connectivity-constrained or sensitive environments.

Responsible deployment must go beyond technical performance. Continuous fairness
auditing, transparent reporting of failure cases, and collaboration with deaf communities
are essential to ensure equitable outcomes. The proposed architecture and evaluation
pipeline align with these principles by emphasizing transparency, reproducibility, and
deployment realism.

7.4. Future Research Directions

Future work should extend S3D-Conv1D toward continuous signing, integrate mul-
timodal inputs such as depth, IMU, or skeletal data to further stabilize and improve
performance. Structured pruning and knowledge distillation offer promising avenues for
additional compression, particularly by leveraging larger separable or recurrent models as
teachers. Hardware-aware neural architecture search could further refine designs under
strict Flash and SRAM budgets.

https://doi.org/10.3390/a19040248

https://github.com/Samuel-KIMPINDE/S3D-Conv1D-for-SLR-for-Microcontrollers
https://doi.org/10.5281/zenodo.18758927
https://doi.org/10.5281/zenodo.18758927
https://doi.org/10.3390/a19040248


Algorithms 2026, 19, 248 30 of 35

Direct deployment and power profiling on physical platforms such as AE3 Edge [67],
and UNO Q [68] will strengthen empirical validation. User-centered studies are also essen-
tial to evaluate usability, interpretability, and long-term acceptance in real-world settings.

7.5. Final Remarks

This work demonstrates that accurate, efficient, and robust sign language recognition
is achievable on microcontroller-class hardware through principled, deployment-aware
spatiotemporal model design. By introducing S3D-Conv1D and rigorously evaluating it
against strong separable and recurrent baselines, this work clarifies the architectural and
systems-level requirements for true edge readiness. As embedded hardware continues to
evolve, such transparent, efficient, and inclusive approaches will be central to delivering
trustworthy assistive technologies that operate autonomously at the edge.
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Abbreviations
The following abbreviations are used in this manuscript:

ASL American Sign Language
CMSIS-NN Cortex Microcontroller Software Interface Standard—Neural Networks
CNN Convolutional Neural Network
Conv1D One-Dimensional Convolution
Conv2D Two-Dimensional Convolution
CPU Central Processing Unit
DHH Deaf and Hard-of-Hearing
DW Depthwise (as in DepthwiseConv2D)
EMA Exponential Moving Average
F1 F1-Score (harmonic mean of precision and recall)
FLOP Floating-Point Operation
FPS Frames Per Second
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GAP Global Average Pooling
GPU Graphics Processing Unit
GRU Gated Recurrent Unit
HCI Human–Computer Interaction
INT8 8-bit Integer Representation
ISL Indian Sign Language
KD Knowledge Distillation
LSTM Long Short-Term Memory
MAC Multiply–Accumulate Operation
MCU Microcontroller Unit
NNoM Neural Network on Microcontroller
PTQ Post-Training Quantization
QAT Quantization-Aware Training
ReLU Rectified Linear Unit
RNN Recurrent Neural Network
S3D Separable 3D Convolution
SLR Sign Language Recognition
SRAM Static Random-Access Memory
STE Straight-Through Estimator
TFLite TensorFlow Lite
TFLM TensorFlow Lite for Microcontrollers
TinyML Machine Learning on Tiny/Resource-Constrained Devices
ViT Vision Transformer
WLASL Word-Level American Sign Language dataset
WSLR Word-Level Sign Language Recognition

Appendix A. Notation Summary

Table A1. Notation summary.

Symbol Description

Video input and indices
X Input video tensor, X ∈ RT×H×W×C

Xt Video frame at time step t
t Temporal index, t ∈ {1, . . . , T}
T Number of frames per video (temporal length)
H, W Spatial height and width of each frame
C Number of input channels per frame
K Vocabulary size (number of output classes)

Model parameters and layers
fθ Neural network parameterized by θ

θ Trainable floating-point parameters
θ∗ Optimized parameters after training
θq Quantized INT8 parameters
W(l), b(l) Weight tensor and bias vector of layer l
k Kernel size (spatial or temporal, context-dependent)
∗ Convolution operator (2D or 1D, context-dependent)
σ(·) ReLU activation, σ(x) = max(0, x)
MaxPool(·) Spatial max-pooling operator
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Table A1. Cont.

Symbol Description

Feature representations

f (1)t , f (2)t Output feature maps of Conv2D blocks 1 and 2 at time t
st Flattened spatial feature vector at time t
S Temporal sequence of spatial embeddings, S = [s1, . . . , sT ]

d Dimensionality of flattened spatial embedding st

d′ Number of temporal Conv1D filters
h Temporal feature map after Conv1D, h ∈ RT×d′

z Pooled representation after GlobalAveragePooling1D
ŷ Predicted class probability vector, ŷ ∈ ∆K−1

Complexity and resource metrics
Cin, Cout Input and output channel counts of a convolutional layer
Hout, Wout Spatial resolution of a layer output
Aℓ Activation tensor of layer ℓ
|Aℓ| Number of elements in Aℓ

Params(·) Number of learnable parameters of a layer
MACs(·) Number of multiply–accumulate operations of a layer
FLOPs Floating-point operations; FLOPs = α ·MACs
α MAC-to-FLOP conversion factor, α ∈ {1, 2}
|θ| Total number of learnable parameters
|θfeat| Parameters of the spatiotemporal feature extractor
θcls Parameters of the dense classification layer
O(·) Asymptotic complexity notation
Quantization
x Floating-point value to be quantized
xq Quantized INT8 integer value
s Quantization scale factor
z Quantization zero-point
xmin, xmax Observed minimum and maximum of a tensor
R Representative calibration dataset (PTQ)
D, V , T Training, validation, and test sets
η Learning rate
L Training loss
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