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ABSTRACT

Skeleton-based human action recognition is attractive for privacy-preserving intelligent systems, but real deployment
is limited by two coupled bottlenecks: noisy pose estimation and tight edge-inference budgets. This study proposes a
confidence-aware spatiotemporal graph-transformer hybrid that treats robustness and efficiency as a single
optimization problem. The pipeline calibrates joint confidence, repairs short-term corruption through uncertainty-
guided preprocessing, performs adaptive graph-based local denoising, and applies sparse global attention only after
part-window tokenization has reduced unreliable long-range interactions. Cross-branch gated fusion, masked
reconstruction, consistency regularization, distillation, pruning, and quantization are integrated within one training-
to-deployment framework. Empirical validation on standard skeleton benchmarks under controlled corruption
protocols shows 93.1% top-1 accuracy, the smallest clean-to-corrupted degradation gap (7.7 percentage points), an
expected calibration error of 0.031, and edge-ready pruned/quantized variants that remain above 90% accuracy with
latency below 25 ms. These findings show that graph-first local repair and token-efficient global reasoning are
complementary design principles for trustworthy, deployable skeleton recognition.

KEYWORDS: Pose Uncertainty; Confidence Calibration; Adaptive Topology; Sparse Attention; Token
Pruning; Masked Reconstruction; Knowledge Distillation; Calibration;, Quantization; Edge Inference.
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1. INTRODUCTION

Human action recognition is increasingly
expected to operate in privacy-sensitive, resource-
constrained, and socially accountable environments
such as classrooms, rehabilitation clinics, elder-care
settings, sports facilities, industrial workspaces, and
cultural venues. In such contexts, raw RGB video
provides rich appearance information but also
introduces avoidable burdens: background bias,
identity leakage, illumination dependence, storage
cost, and high inference overhead. Skeleton-based
representation remains attractive because it
compresses motion into semantically interpretable
joint, bone, and trajectory dynamics while
suppressing most irrelevant appearance. This
combination of compactness, structural meaning,
and comparatively lower privacy exposure explains
why skeleton AR has remained a core paradigm
rather than a temporary benchmark trend.

The difficulty is that skeletons are not pristine
symbolic measurements. They are outputs of
upstream pose estimators and therefore inherit
missed detections, coordinate jitter, temporal
discontinuities, left-right swaps, and confidence
collapse under occlusion or crowding. Even strong
extractors such as OpenPose and HRNet deteriorate
in challenging viewpoints, cluttered scenes, motion
blur, and severe self-occlusion, while downstream
studies on low-quality skeletons confirm that these
errors materially alter recognition behavior (Cao et
al., 2021; Sun et al., 2019; Bian et al., 2021; Liu et al.,
2024). When a recognizer treats every coordinate as
equally trustworthy, small local sensing failures can
propagate into large semantic mistakes, especially
for actions whose discriminative evidence is
concentrated in only a few joints or short temporal
intervals.

This problem has become sharper as the field has
evolved. Graph convolutional formulations
established the skeleton as a spatiotemporal graph
and brought decisive gains in locality, anatomical
consistency, and computational stability. ST-GCN
provided the canonical formulation, while 2s-AGCN,
part-aware graph models, channel-wise topology

refinement, information-theoretic representation
learning, hierarchical decomposition, and
deformable graph convolution substantially

broadened the design space (Yan et al., 2018; Shi et
al., 2019; Huang et al., 2020; Chen et al., 2021b; Chi et
al., 2022; Lee et al., 2023; Myung et al., 2024). These
models are robust and structurally aligned with
articulated motion, but stacked local operators can
still struggle with long-horizon phase structure,
distant cross-part coordination, and globally

distributed semantics.

Transformer-based skeleton modeling emerged
precisely to address that limitation. Self-attention
enables direct interaction among temporally distant
or anatomically separated tokens and is therefore
well suited to actions differentiated by rhythm,
ordering, or subtle whole-body coordination.
Spatial-temporal  transformers, efficient self-
attention variants, graph skeleton transformers,
skeletal-temporal transformers, frequency-aware
mixed transformers, and recent multi-grained clip
models illustrate the strong global modeling capacity
of this family (Plizzari et al., 2021; Qin et al., 2022;
Jiang et al., 2022; Do and Kim, 2024; Wu et al., 2024a;
Zhu et al., 2025). Yet their benefits come with a cost:
dense token interaction is expensive, and corrupted
joints can become globally influential tokens before
they have been repaired locally.

A second pressure comes from deployment.
Classroom  devices, rehabilitation terminals,
embedded sensors, kiosks, and wearable processors
often cannot sustain large token sets, high-precision
arithmetic, or repeated architecture search. Efficient
skeleton  baselines, topology-aware CNN
alternatives, robust lightweight GCNs, distillation,
and embedded-system optimization therefore matter
as much as raw benchmark accuracy (Jacob et al,,
2018; Bian et al., 2021; Xu et al., 2022; Nguyen et al.,
2022; Gou et al., 2021; Song et al., 2023; Noor et al.,
2024; Bai et al., 2025). However, the literature still too
often treats robustness and efficiency as separate
objectives. A model may be accurate on clean
benchmarks but fragile under realistic corruption, or
efficient on paper yet poorly calibrated and costly
once preprocessing and deployment overhead are
counted.

This article argues that the stronger design target
is a confidence-aware hybrid in which noise
mitigation and efficient inference are optimized
together rather than sequentially. The central
premise is that uncertain measurements should first
be repaired through local graph reasoning, then
compressed into informative part-window tokens,
and only then exposed to sparse global transformer
interaction. Deployment constraints should likewise
enter the design stage rather than appear as a late
engineering afterthought. The article is therefore
positioned as a rigorous methodological
contribution: it consolidates recent graph,
transformer, robustness, and compression advances
into a single architecture-level logic and an explicitly
publishable evaluation protocol.

The study makes five contributions. First, it
formalizes an observation model for realistic skeleton
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corruption and derives a confidence-aware
preprocessing strategy that preserves uncertainty
information instead of discarding it. Second, it
proposes a spatiotemporal graph-transformer
hybrid in which adaptive local denoising precedes
sparse global reasoning. Third, it organizes learning
around recognition, reconstruction, consistency,
calibration, sparsity, and distillation so that
robustness and compression reinforce one another.
Fourth, it introduces regression-style latency and
energy surrogates that keep architecture selection
aware of deployment cost. Fifth, it develops an
integrated experimental and reporting framework
that binds clean-set accuracy, corruption robustness,
calibration, statistical stability, and hardware
efficiency into one review-ready evidence package.

For readability, the remainder of the article is
organized functionally rather than rhetorically.
Section 3 is restricted to the proposed framework,
Section 4 specifies datasets, corruption settings,
baselines, metrics, and reproducibility conventions,
Section 5 reports quantitative validation, and Section
6 interprets the findings in relation to robustness,
deployment, and external validity.

Throughout this article, AR denotes action
recognition rather than augmented reality. The
discussion is written for a technical research
audience, but its implications extend to educational
technology, cultural-space analytics, and other
privacy-sensitive settings in which interpretable and
deployable motion understanding is required. The
remainder of the paper proceeds from related work
to methods, experimental design and analytical
results, broader discussion, and conclusions.

2. RELATED WORK
2.1. Graph-Based Local Modeling

The graph formulation remains the most natural
inductive bias for human skeleton data because it
preserves the relational structure of the body. In the
canonical setting, joints are nodes, anatomical or
temporal relations are edges, and the recognizer
aggregates evidence along constrained
neighborhoods rather than across the entire token
set. ST-GCN demonstrated that this structure can
outperform generic sequence modeling by explicitly
respecting body topology and frame-to-frame
continuity (Yan et al., 2018). Its influence persists
because it established not merely a network
architecture but an ontology for the task: actions can
be understood as structured spatiotemporal
transformations over an articulated graph.

Subsequent graph research increased flexibility in
three principal ways. The first was adaptive topology

learning. 2s-AGCN showed that the most useful edge
structure is not always identical to the hand-
designed anatomical graph and that the model
benefits from data-dependent relational refinement
(Shi et al., 2019). Channel-wise topology refinement
then pushed this idea further by allowing different
feature channels to emphasize different relational
patterns, thereby improving sensitivity to fine-
grained action cues (Chen et al., 2021b). Deformable
graph formulations continued the trend by learning
more elastic neighborhood structures that can adapt
to configuration-specific motion detail (Myung et al.,
2024).

The second trend was part-aware and
architecture-efficient graph modeling. Part-level
GCNs recognized that certain action categories are
dominated by body-region-specific evidence and
that the graph should therefore preserve part
semantics rather than only uniform joint
neighborhoods (Huang et al, 2020). Lightweight
long- and short-range graph designs, searched graph
architectures, and multi-view topology variants all
seek a more favorable balance between
expressiveness and efficiency (Peng et al., 2020; Chen
etal., 2021a; Wang et al., 2025). These models remain
especially attractive for deployment because local
mixing is inherently more cost-stable than dense
global attention.

Despite these advances, purely graph-centric
pipelines still face a structural limitation. Their local
inductive bias is valuable for denoising and
anatomical consistency, but action semantics often
depend on interactions between distant joints, long
temporal horizons, or phase relationships that are
difficult to capture with only stacked local operators.
This observation motivated the transformer turn.

The third trend was stronger baseline engineering
and lightweight design. Later graph systems
improved performance not only through new layers
but also through stream design, training discipline,
temporal receptive-field control, and feature
calibration. Constructing stronger and faster
baselines emphasized that substantial progress can
arise from disciplined model design rather than
architectural novelty alone (Song et al., 2023). In
parallel, topology-aware CNNs, efficient co-
occurrence GCNs, and recent self-attention-
enhanced multiscale graph models show that low-
cost alternatives can remain highly competitive when
operator choice, hierarchy, and semantic aggregation
are co-designed for deployment (Xu et al., 2022; Bai
et al, 2025; Liu et al., 2025). SelfGCN similarly
showed that self-attention-like weighting can be
incorporated within a graph-oriented framework,
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suggesting that the historical boundary between
graph and attention models is becoming increasingly
permeable (Wu et al., 2024b).

2.2. Transformer-Based Global Modeling

Transformer research in skeleton recognition
begins from the premise that long-range dependency
modeling should be direct rather than emergent.
Spatial and temporal transformer networks
demonstrated that self-attention can be applied to
skeleton sequences and can learn global relationships
beyond fixed graph neighborhoods (Plizzari et al.,
2021). Graph skeleton transformer models and later
skeletal-temporal transformer variants refined the
tokenization and positional design needed for
articulated motion (Jiang et al., 2022; Do and Kim,
2024). Reviews of recent progress confirm that
transformer variants have become a major axis of the
literature rather than a marginal alternative (Xin et
al., 2023).

What makes transformers attractive in this
domain is not simply larger receptive field. They
allow the model to couple distant frames, coordinate
complementary body parts, and highlight temporally
sparse but semantically decisive motion fragments.
This is especially useful for actions differentiated by
timing, phase ordering, or coordination between

limbs and torso. Frequency-aware mixed
transformers and multi-grained temporal clip
transformers further suggest that long-range

modeling becomes stronger when token design
explicitly =~ captures periodicity and temporal
granularity (Wu et al., 2024a; Zhu et al., 2025).
Likewise, multi-grained clip focus emphasizes that
not all segments in a sequence deserve equal
representational budget (Qiu and Hou, 2024).

Yet the transformer advantage is paired with two
liabilities. First, computational cost grows rapidly
when every joint in every frame is treated as a token.
Second, attention quality is sensitive to token quality.
A highly unreliable joint may still attend broadly and
contaminate otherwise useful context. Recent hybrid
models, including two-stream GCN-transformer
designs, implicitly acknowledge that graph priors are
still useful even when attention is adopted (Chen et
al., 2025). The real question is therefore not whether
graphs should be abandoned, but where in the
pipeline local structure and global reasoning should
each dominate.

2.3. Robustness To Noisy Skeleton Inputs

Much of the early literature implicitly assumed
that skeleton data are comparatively clean once
extracted. That assumption is increasingly untenable

in realistic settings. The reliability of downstream
recognition is constrained by the reliability of
upstream pose estimation. OpenPose and HRNet
remain foundational because they established
accurate pose extraction pipelines, yet even these
systems degrade under scale change, crowding,
motion blur, extreme viewpoint, self-occlusion, and
difficult illumination (Cao et al., 2021; Sun et al,
2019). Downstream work on structural knowledge
distillation and low-quality skeleton recovery further
confirms that measurement corruption is not a
peripheral nuisance but a defining property of
practical action-recognition pipelines (Bian et al.,
2021; Liu et al., 2024). In a practical recognition stack,
the action model operates on uncertain
measurements rather than direct ground truth.
Recent work has started to address this issue from
several directions. Survey literature now explicitly
identifies robustness as a major open problem in
graph-based skeleton recognition (Feng and
Meunier, 2022). Distillation approaches targeting
low-quality skeleton data show that compact
students can recover part of the information lost to
noisy or sparse observations when the training
process is structured appropriately (Bian et al., 2021;
Liu et al., 2024). Alternative representations such as
PoseConv3D also demonstrate that robustness can
improve when the pipeline is made less brittle to
graph construction and pose noise, even though they
move away from classical graph-only formulations
(Duan et al., 2022). Augmentation-focused studies
and joint-mixing strategies further show that robust
generalization requires exposure to plausible
corruption processes rather than only clean
benchmark sequences (Xiang and Wang, 2025). These
developments collectively indicate that the field is
shifting from idealized skeleton recognition toward
measurement-aware recognition.

2.4. Efficiency And  Deployment-Aware
Recognition

Efficiency in skeleton recognition has moved
beyond parameter counting. Real deployment
depends on runtime latency, memory traffic,
operator choice, quantization behavior, and the
ability to sustain performance on embedded
hardware. =~ Compact convolutional designs,
lightweight graph topologies, and embedded-
system-focused recognition pipelines reveal the
diversity of approaches available to reduce compute
while preserving acceptable accuracy (Chen et al.,
2021a; Yin et al., 2023; Noor et al., 2024; Wang et al.,
2025). At the same time, general compression
literature has made clear that distillation,
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quantization, and architecture simplification should
be treated as complementary rather than mutually
exclusive levers (Jacob et al., 2018; Gou et al., 2021;
Moslemi et al., 2024).

This deployment perspective has also shifted
evaluation away from parameter counting alone
toward end-to-end profiling. A compact model can
still be impractical if its operator mix is memory-
bound, poorly quantized, or unstable under noisy
inputs. Accordingly, recent efficient skeleton-
recognition studies emphasize latency, memory
footprint, and embedded feasibility alongside
accuracy, and compression research shows that
distillation, quantization, and architectural
simplification should be treated as complementary
rather than mutually exclusive levers (Xu et al., 2022;
Qin et al., 2022; Nguyen et al., 2022; Yin et al., 2023;

Noor et al., 2024; Bai et al., 2025; Wang et al., 2025;
Jacob et al.,, 2018; Gou et al., 2021, Moslemi et al.,
2024).

2.5. Research Gap and Article Positioning

The preceding review suggests that the field does
not lack powerful components; it lacks sufficiently
integrated design logic. Graph models are robust and
efficient but sometimes too local. Transformer
models are expressive but can be expensive and
noise-amplifying. Distillation and quantization
improve deployability but are often introduced only
after the main architecture is fixed. Noise-aware
work exists, but uncertainty is still underused as a
first-class  control signal for aggregation,
tokenization, and fusion.

Table 1: Representative Recent Directions Relevant to Robust and Efficient Skeleton-Based Action

Recognition.
Direction Representative studies Strength Remaining challenge
Grah pattemporal | Yanetal i il Guiy | SEUNE omil i e Cedd st s
baselines Chi et al. (2022) 58reE " P &

message passing

relations

Adaptive / deformable |Chen etal. (2021b); Lee et al. (2023);

Learns action-dependent relational

Can overfit or amplify noisy

topology Myung et al. (2024) structure beyond fixed anatomy joints if confidence is ignored
Part-aware and Huang et al. (2020); Song et al. Better region semantics and favorable | Global temporal semantics
lightweight GCNs (2023); Bai et al. (2025) efficiency for edge deployment remain partly indirect

Transformer skeleton
models

Plizzari et al. (2021); Qin et al.
(2022); Do and Kim (2024)

Strong long-range modeling of
coordination, rhythm, and ordering

Higher token / attention cost
and sensitivity to corrupted
inputs

Frequency / multi-grained
temporal modeling

Wu et al. (2024a); Qiu and Hou
(2024); Zhu et al. (2025)

Captures periodicity, subtle phase

Requires disciplined token

structure, and selective focus budgeting and careful ablation

Noise-aware and low-
quality skeleton learning

Bian et al. (2021); Liu et al. (2024);
Chen et al. (2025)

Makes robustness a first-class concern

Often less explicit about
deployment cost and

under realistic sensing calibration

Table 1 synthesizes the recent directions most
relevant to the present study. The pattern is clear: no
single modeling family simultaneously solves
anatomical robustness, long-range reasoning, and
deployment efficiency. @ The methodological
opportunity lies in combining these strengths
without inheriting their full weaknesses.

3. METHODS

For readability, the methodology is presented as a
four-stage pipeline. Section 3.1 defines the problem
and notation; Sections 3.2-3.5 cover confidence
calibration, local graph denoising, sparse global
reasoning, and gated fusion; Section 3.6 describes the
training objectives; and Sections 3.7-3.8 formalize
hardware-aware cost surrogates and complexity.

This organization keeps the architectural proposal
separate from the empirical protocol, which is
reported later.

3.1. Problem Formulation and Notation

Let a skeleton clip contain T frames, J tracked
joints per actor, and C coordinate channels, where
C = 2 for image-plane skeletons and C = 3 for depth
or motion-capture skeletons. The base input can
therefore be written as X € R™/*¢. In multi-person
scenes, an additional actor index can be appended,
but the present formulation focuses on a single actor
stream for clarity. The same logic extends to two-
person interaction modeling by either concatenating
actor tokens or applying cross-actor fusion after per-
actor encoding.

Table 2: Main Notation Used in the Proposed Framework.

Symbol Meaning Comment
T number of frames after temporal resampling
J number of joints per actor
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C coordinate channels 2D or 3D coordinates
P number of body parts used for token pooling

W number of temporal windows used for sparse transformer tokens

Ntok number of transformer tokens usually smaller than Tx] after pooling and pruning

d feature width hidden representation dimension

Hn number of attention heads used in the transformer branch

B batch size profiling and deployment variable
q normalized precision level captures precision mode in surrogate regression

Table 2 summarizes the principal notation used
throughout the article. English-letter variables are
preferred so that the equations remain readable,
implementation-friendly, and consistent with
deployment-oriented reporting.

xef" = me (e + ) + (1 —meue; (1)

In Equation (1), x?%* is the observed coordinate
for joint j at frame t, x.; is the latent clean
coordinate, m, ; is a visibility or validity mask, n; is
additive coordinate corruption, and u,; is a
placeholder supplied by interpolation or a null state
when the joint is missing. This compact expression
captures several practically important failure modes
at once: missing joints, noisy joints, partially visible
joints, and temporally imputed joints. The essential
methodological point is that missingness is not
equivalent to zero and uncertainty is not equivalent
to absence.

The representation used by the hybrid model is
not limited to raw coordinates. Following common
practice in strong skeleton baselines, the framework
can also construct bone vectors, joint velocities, or
cross-frame displacement streams because these
often stabilize temporal differentiation and make
subtle motion changes easier to classify (Song et al.,
2023). However, all derived streams inherit the
uncertainty of the original observation process. A
robust system should therefore propagate confidence
alongside features rather than treat preprocessing as
a once-for-all cleanup stage.

3.2. Confidence-Aware Preprocessing

Preprocessing has three linked objectives: spatial
normalization, temporal normalization, and
uncertainty calibration. Spatial normalization root-
centers the skeleton, stabilizes scale, and, when
appropriate, aligns torso orientation so that
recognition is driven more by articulated motion
than by camera framing. Temporal normalization
resamples clips to a standard length or a controlled
frame-rate regime while preserving the broad phase
structure of the action. These steps are widely used,

but the present framework adds a confidence-aware
stage that smooths and calibrates per-joint reliability
over local time neighborhoods.

Cej =71Cj+ (1 —1)avgren,Crj (2)

Equation (2) defines a smoothed confidence
estimate ¢, ; as a convex combination of the current
confidence ¢, ; and the local neighborhood average
over N;. The scalar r controls how quickly the system
forgets local confidence fluctuations. This step
matters because raw confidence generated by pose
estimators is often noisy at the same time scale as the
coordinates themselves. A single low-confidence
frame should not necessarily delete a useful token,
but a sustained low-confidence region should reduce
the influence of the affected joint.

The calibrated confidence map  drives
interpolation and token construction. If a short gap
occurs inside an otherwise reliable trajectory,
interpolation is preferable to deletion because local
motion continuity is likely informative. If a longer or
highly uncertain gap occurs, the system keeps a
placeholder and lets the graph branch infer missing
structure from adjacent joints and frames. This
design avoids the common but brittle practice of
either discarding all low-confidence samples or
blindly  trusting imputed coordinates. In
deployment, the confidence map can also be stored
as a low-bandwidth side channel for later reliability
analysis.

A further benefit of confidence-aware
preprocessing is that it supports better stream
construction. Velocity streams are highly informative
but also highly sensitive to jitter. Bone streams
reduce some translation variance but can still be
corrupted when endpoint joints are unreliable. By
reweighting stream construction with calibrated
confidence, the model avoids generating artificially
strong motion features from unstable coordinates.
This is especially important for actions with small but
discriminative distal movement, such as gestures,
hand-object manipulation proxies, or posture
transitions.
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Confidence-Aware Noise-Mitigation Workflow
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Figure 1: Confidence-Aware Noise-Mitigation Workflow for Realistic Skeleton Streams.

Figure 1 summarizes the noise-mitigation logic
adopted in the paper. Instead of assuming that
corruption is solved by a single denoising layer, the
framework  distributes  responsibility  across
confidence calibration, local graph repair, sparse
global reasoning, and reliability-aware output
formation. This ordering prevents unreliable joints
from dominating the global context too early.

3.3. Local Graph Denoising with Adaptive
Topology

After preprocessing, the clip enters a graph
encoder whose purpose is not only feature extraction
but structured denoising. The encoder uses a canonical
spatiotemporal graph with anatomical edges inside
each frame and temporal edges across adjacent
frames. However, it augments this base graph with a
bounded adaptive component so that configuration-
specific relations can be represented without
discarding anatomical prior knowledge. The graph
update is defined by Equation (3).

K
H*l =g (Z D, ' /TkD,;l/zHlW,g) +H' (3)
k=1

Here, H! is the feature matrix at layer I, W,f, is a
learnable projection for partition k , A, is the
reweighted adjacency, Dy is its degree matrix, and
o(-) is a nonlinear activation. Residual addition
preserves optimization stability and prevents the
layer from over-smoothing the skeleton. In

implementation terms, the partitions can correspond
to self-connections, centripetal edges, centrifugal
edges, or other structured subsets inherited from
graph-based action recognition practice (Yan et al,,
2018; Shi et al., 2019).

The uncertainty-aware adjacency itself is defined
by Equation (4).

A=A+ (qq") +sA; (4)

In Equation (4), Ay is the canonical adjacency for
partition k, q is a vector of joint reliability values
derived from confidence, Aﬁ is a learnable adaptive
residual graph, and s controls the strength of the
adaptive correction. The element-wise product with
qq" means that edges connecting two unreliable
nodes are downweighted before message passing
occurs. This is a key design decision: uncertainty is
used to regulate information flow, not merely to
adjust a final score. If two joints are unreliable at the
same time, the model should not aggressively
propagate noise between them.

The graph branch therefore serves three roles.
First, it preserves local anatomical coherence. Second,
it repairs missing evidence using neighboring joints
and short-range temporal context. Third, it produces
part-sensitive features that remain interpretable and
relatively cheap to compute. Compared with global
attention, this branch is computationally stable
because its receptive field grows through stacked
local aggregation rather than dense all-to-all
interaction. That makes it the appropriate front-end
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for realistic skeleton inputs.

Part awareness can be introduced explicitly by
assigning joints to semantically coherent groups such
as torso, left arm, right arm, left leg, and right leg.
This is compatible with part-level graph literature
and improves robustness when corruption is
localized to one body region (Huang et al., 2020). It
also creates a natural bridge to the transformer
branch because part-aware graph features can be
pooled into semantically meaningful tokens instead
of arbitrary fixed windows.

3.4. Sparse Global Reasoning Owver Part-
Window Tokens

Once the graph branch has repaired and
compressed local evidence, the model constructs
transformer tokens from part-level temporal
windows rather than from raw joint coordinates. This
reduces token count and increases semantic density.
Equation (5) defines the tokenization step.

1
P ¢ (he;) (5)

Zpw =

[Spun] (t.)ESpw

The set S, ,,, contains the graph features belonging
to body part p inside temporal window w, and ¢(-)
is a learnable projection that prepares local graph
features for token-space aggregation. The resulting
token z,,, is thus part-aware, temporally localized,
and already denoised by the graph branch. The raw
transformer token count is N;,, = P X W, where P is

Graph Branch:
local denoising & anatomy

the number of body parts and W is the number of

temporal windows, and this count can be reduced

further by confidence-driven pruning.

Global attention is then applied as in Equation (6).
Attn(Q, K, V) = Softmax (Q

= +B>V ©6)

The bias term B encodes relative temporal
structure, part relation, or other inductive signals
needed to preserve temporal order after token
pooling. Because the transformer sees part-window
tokens instead of all joint-frame pairs, the quadratic
term now depends on N, rather than on TJ. This is
the principal efficiency gain of the hybrid. More
importantly, the transformer is no longer asked to
globally reason over raw noisy coordinates. It
reasons over tokens that have already passed
through confidence calibration and graph repair.

Confidence-driven pruning can now be
implemented safely. Tokens constructed from
windows with persistently low confidence contribute
little reliable information and can be pruned or
downranked before attention. This approach differs
from naive token pruning because it uses an
uncertainty signal grounded in the sensing process.
It also preserves a minimum token floor per body
part to avoid deleting the very region that
distinguishes a rare or subtle action. The practical
outcome is an attention stage that retains global
semantics while remaining resource-aware.

Transformer Branch:
sparse global reasoning
A

-
SR
-

Noisy Confidence
Skeleton Calib. &
Input Imputation

Adaptive
ST-Graph
Encoder

Part-Window
Tokenizer

-
~ -

Calibrated

Transformer 3
Classifier

Attention

Deployment Pipeline: Token Pruning = INT8 Quantization = Structured Pruning — Early-Exit = Edge Device

Calibration & ST-Graph X Transformer ; ,rl.-o_s; l;u-n::t?o-nh

Figure 2: Proposed Robust Confidence-Aware Spatiotemporal Graph-Transformer Hybrid For Skeleton-
Based Action Recognition.
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Figure 2 depicts the full architecture. The visual
logic is modular and publication-oriented: noisy
input, confidence-aware preprocessing, local graph
denoising, sparse global transformer reasoning, and
uncertainty-conditioned fusion. The same design
also exposes clear intervention points for distillation,
token pruning, quantization, and early-exit policies.

3.5. Cross-Branch Gated Fusion

The graph branch and the transformer branch
capture different but complementary information.
The graph branch emphasizes locality, anatomy, and
denoising; the transformer branch emphasizes long-
range dependence, coordination, and phase
structure. A principled hybrid should therefore not
simply concatenate the branches and hope that the
classifier learns the balance. Instead, the present
framework uses a gate informed by branch features
and summary uncertainty statistics. The fusion rule
is written in Equation (7).

g=0(W[Z, 1 Z I s] +by), R ”
=9g0Z;+(1-9)0OZ

The gate g is generated from graph features Z,,
transformer features Z:, a compact summary vector
s, and trainable parameters W, and b, . When
uncertainty is localized and the action is dominated
by short-range body mechanics, the graph branch
can carry more weight. When the action requires
long-range coordination across windows or body
parts, the transformer branch can dominate. Because
the gate is data-dependent, the model does not
commit to a single static bias across all action
categories.

Fusion also improves failure tolerance. A graph
branch may correctly repair a partially occluded limb
while the transformer branch still preserves global
rhythm. Conversely, if local evidence is weak but the
broader sequence pattern is stable, the transformer
can rescue classification. The gate therefore acts as
both an accuracy mechanism and a reliability
mechanism. In manuscript reporting, it is valuable to
analyze the gate distribution under different
corruption regimes because it reveals how the model
reallocates trust.

3.6. Multi-Objective Learning for Robustness
and Compression

The training objective combines recognition with
auxiliary tasks that make the learned representation
more complete, stable, and compressible. The overall
loss is given in Equation (8).

L= Les + ayLyec + azLleons + azLlaistin

®)

+a, Lsp arse

The classification term L., remains primary
because the task is supervised action recognition. The
reconstruction term L,,, masks joints or short
temporal segments and asks the encoder to infer
them from context, thereby turning missingness into
a learning signal rather than a nuisance. The
consistency term L,,s regularizes predictions under
controlled perturbations such as frame dropping,
mild viewpoint rotation, or confidence-aware
augmentation. The distillation term Lg;syy; transfers
the behavior of a larger teacher to a smaller or lower-
precision student, while Lg,,sc encourages token
economy in the transformer pathway. The weights a;
through a, are tuned to the deployment objective
rather than only to clean validation accuracy.

This learning design has several advantages. First,
masked reconstruction teaches the graph branch to
repair local corruption. Second, consistency
regularization prevents the classifier from becoming
overly sensitive to trivial frame-rate changes or
coordinate jitter. Third, distillation improves
compact model quality and stabilizes post-training
compression, consistent with general distillation
literature and recent skeleton-specific evidence (Gou
et al., 2021; Liu et al., 2024; Moslemi et al., 2024).
Finally, explicit sparsity regularization prevents
token-pruning policies from collapsing only at
inference time. Instead, the model is trained to
remain accurate under reduced token budgets.

The corruption suite used during training should
mirror realistic skeleton failures rather than arbitrary
image augmentations. Useful perturbations include
joint dropout, coordinate jitter, short frame deletion,
mild sequence stretching, confidence masking, and
view-consistent rotation. The goal is not to simulate
every possible sensor artifact but to expose the model
to the dominant ways in which pose sequences
deteriorate in practice. That exposure also improves
calibration because the network learns that uncertain
evidence and uncertain prediction should co-vary.

3.7. Hardware-Aware Cost Surrogates

A publishable and deployable model should not
be architecture-blind to runtime cost. Exhaustive
profiling of every design point on every device is
expensive, so the framework introduces surrogate
regression formulas for latency and energy that can
be estimated from small pilot profiles and then used
during model selection. The latency surrogate is
shown in Equation (9).

[ = by + byNyoy + bpd + byH,, + byB + bsq (9)

The predicted latency  depends on token count

N;oi, feature width d, attention-head count H,,, batch
size B, and normalized precision level q . The
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coefficients b, through b5 are hardware-specific and
are estimated from measured traces using ordinary
least squares, robust regression, or another
appropriate estimator. The model is intentionally
simple because its purpose is design steering rather
than perfect microarchitectural simulation.
Energy can be modeled in analogous fashion, as
shown in Equation (10).
E =cy+ciF + ;M + 3R (10)

In Equation (10), F denotes arithmetic workload,
M denotes peak working memory, and R denotes off-
chip data movement or an equivalent runtime traffic
proxy. These regression-style surrogates are
especially useful when comparing candidate
operating points such as higher token budgets at
lower precision versus lower token budgets at full
precision. They also allow the manuscript to report a
clear methodology for hardware-aware model
selection even when final deployment occurs on
multiple platforms.

The methodological value of these equations is

broader than deployment engineering. They force the
paper to state explicitly which architectural variables
matter for inference cost and thus help align the
design narrative with practical evaluation. In a high-
quality submission, latency and energy are not
afterthoughts; they are dependent variables shaped
by earlier architectural choices.

3.8. Complexity And Deployment Implications

The complexity of the hybrid can now be
interpreted transparently. A local graph layer scales
approximately linearly with the number of active
joints and frames because message passing is
bounded by sparse neighborhood structure. Dense
self-attention over raw joint-frame tokens, by
contrast, scales quadratically with TJ. The hybrid
shifts the expensive term to the reduced token count
Nior, where N, is determined by part grouping,
temporal windowing, and pruning policy. This
means that both robustness and efficiency depend on
the quality of token design.

Analytical Design-Space Scaling: Graph-Only vs Dense Attention vs Hybrid

(a) Computational Scaling vs Frame Count
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Figure 3: Anulytlcul Des:gn Space Sculmg of Graph Only, Spurse-Attentwn, And Hybrid Skeleton Modeling
Strategies.

Figure 3 provides an analytical scaling illustration
rather than a hardware-measured runtime trace. Its
value is design-oriented: once raw token count
grows, dense global attention rapidly becomes the
dominant term, whereas part-window pooling and
graph-first local repair keep the hybrid in a more
deployable operating region.

4. EXPERIMENTAL SETUP

For clarity, this section isolates the experimental

protocol from the conceptual discussion. It specifies
the benchmarks, corruption procedures, baseline
families, evaluation metrics, and reproducibility
conventions used to validate the proposed
framework. Quantitative findings are reported
separately in Section 5.

4.1. Benchmarks, Data Splits, And Corruption
Protocol

Empirical validation is anchored on NTU RGB+D
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60 and NTU RGB+D 120 because they remain the
most widely used large-scale skeleton benchmarks,
and a Kinetics-derived skeleton benchmark can be
added when transfer across capture conditions is
relevant. Standard cross-subject, cross-view, and
cross-setup splits are retained so that robustness
gains are not confounded with easier evaluation
protocols.

Robustness is tested with a structured corruption
matrix applied to the validation and test streams. The
matrix covers joint dropout, coordinate jitter, short
frame removal, frame-rate perturbation, view
rotation, and confidence masking at multiple severity
levels. These perturbations reflect the failure modes
of upstream pose estimators more faithfully than

image-style augmentation and therefore provide a
credible test of confidence-aware design.

During training, lighter stochastic perturbations
are used for regularization, whereas the full
corruption suite is reserved for held-out robustness
evaluation. This separation prevents the reported
corrupted accuracy from reflecting memorization of
a single augmentation recipe and makes the
degradation gap between clean and corrupted
performance easier to interpret. Table 3 summarizes
the corruption taxonomy and the corresponding
mitigation route in the proposed hybrid.

4.2. Corruption Taxonomy and Mitigation
Mapping

Table 3: Noise Taxonomy, Recognition Risk, And Mitigation Pathway in the Proposed Hybrid.

Noise source Typical manifestation Recognition risk Mitigation path in the hybrid
e . broken body structure and feature confidence smoothing, selective
Missing joints occluded or absent coordinates . . .
collapse interpolation, masked reconstruction
Coordinate fitter high—frequency position false motion cues and unstable confidence—awe.lre preprocessing and
fluctuation velocity consistency loss
. . . . . mantic inversion for unilateral rt-aware graph str re and temporal
Left-right confusion |  mirrored limb assignment semantic inve stonforu atera part-aware g ap’ St. ucture and tempora
actions continuity checks
Frame dropout / missing or uneven temporal | distorted action tempo and phase resampling, window tokens, temporal
rate shift samples order consistency
. . . apparent geometry change . e root/scale normalization and view-
Viewpoint drift PP 5 Y & domain shift in joint layout / . .
across cameras consistent augmentation
Crowding / intermittent low-confidence attention contamination and graph-first local repair before sparse
occlusion body parts unstable global context attention
Low-precision ntization or prunin . istillation, calibration an rating-poin
ow-precisio quantization or pruning accuracy loss at deployment time distillation, calibratio a d operating-point
inference artifacts regression

Table 3 summarizes the corruption families used
in evaluation and maps each one to the
corresponding mitigation mechanism in the
proposed hybrid. This organization makes the
robustness study interpretable because each stress
condition is linked to a concrete architectural
response rather than to a generic augmentation label.

The same taxonomy also structures the failure

analysis: instead of reporting a single aggregated
robustness score, the manuscript distinguishes which
corruption families remain difficult, which modules
are expected to help, and where residual error modes
are likely to persist.

4.3. Baselines, Implementation, And Evaluation
Metrics

Table 4: Efficiency Levers for Deployable Artificial Intelligence Inference.

Lever Where applied Benefit Trade-off / safeguard
. . before the reduces global attention cost by keep short windows for fine or hand-
Part-window token pooling 1 . .
transformer shrinking Ntok centric actions

Confidence-driven token

. transformer input
pruning

removes low-value computation

maintain a minimum token floor per
body part

teacher quality and teacher-student

Knowledge distillation training improves compact model quality mismatch matter
o . . . lidate und isy inputs and
Quantization inference reduces memory and arithmetic cost validate under noisy mputs an
calibration shift
Early exit heads inference adapts computation to input difficult requires reliable exit confidence
y P P P y thresholds
Mixed isi t . . e . .
1xe prezls;io;;/ operator runtime improves hardware utilization benefit is platform-dependent
. . . . -simplificati hide subtl
Lightwelght topology design graph branch cuts local aggregation cost over-simplification may hide subtle

motion detail
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The comparison set includes strong graph-centric
models, transformer-centric models, and efficiency-
oriented hybrids so that performance gains cannot be
attributed only to parameter count or model family.
All models are evaluated under the same corruption
protocol and are reported with clean top-1 accuracy,
corrupted top-1 accuracy, degradation gap, expected
calibration error, latency, memory, and energy or
equivalent workload proxies.

Implementation reporting follows deployment-
aware conventions. Runtime measurements are
taken after warm-up, preprocessing is either
included consistently or reported separately, and
memory is measured at the precision used for

deployment. For compressed variants, pruning and
quantization are validated jointly with calibration so
that efficiency claims are not made at the expense of
trustworthiness.

The efficiency levers summarized in Table 4
define the controlled design variables for the
proposed hybrid. Part-window token pooling,
confidence-driven  pruning, distillation, and
quantization are treated as experimental factors
rather than informal engineering choices, which
makes the latency-accuracy trade-off interpretable.

4.4. Ablation, And
Reproducibility

Statistical Reporting,

Table 5: Integrated Experimental Design and Reporting Matrix for a Publishable Robustness-Aware Skeleton

AR Study.
Component Recommendation Rationale
NTU RGB+D 60, NTU RGB+D 120, and one Kinetics-derived Preserves comparability with prior literature
Clean benchmarks

skeleton benchmark when transfer is relevant

while testing cross-domain behavior

Generalization splits

Cross-subject, cross-view, and cross-setup where available

Separates memorization from transferable
motion understanding

Corruption matrix
severities

Joint dropout, coordinate jitter, frame removal, frame-rate
perturbation, view rotation, and confidence masking at multiple

Tests realistic robustness rather than only
clean accuracy

Calibration and

Expected calibration error, reliability curves, and threshold

Supports trustworthy inference under noisy

reliability analysis for early exit or rejection sensing and compression
.. . Parameter count, MACs / FLOPs, latency, peak memory, and Captures deployability instead of reporting
Efficiency profile A .
energy per clip with declared hardware and precision mode accuracy alone
Ablation hierarchy Preprocessing, graph branch, transformer branch, fusion gate, Attributes gains to specific design choices

distillation, pruning, and quantization

rather than bundled tuning

Statistical stability

Multiple random seeds, mean + standard deviation, and paired
significance checks when feasible

Improves review confidence and reduces
one-off result inflation

Reporting practice

State whether preprocessing is timed, define corruption operators
quantitatively, and release exact configuration details

Strengthens reproducibility and editorial
transparency

Table 5 operationalizes the full reporting matrix
used in this study. In addition to clean accuracy on
standard benchmarks, the protocol requires
corruption robustness, calibration, latency, memory,
and energy-related reporting so that robustness and
deployability are evaluated jointly rather than
piecemeal.

Several reporting conventions are fixed in
advance. Runtime statements specify whether
preprocessing is included, corruption operators are
parameterized explicitly, multi-seed variability is
summarized with standard deviation or confidence
intervals, and ablations are organized hierarchically

so that the contribution of confidence calibration,
adaptive topology, sparse attention, gated fusion,
reconstruction,  consistency loss, distillation,
pruning, and quantization can be separated.

This design limits interpretive ambiguity. The
primary endpoints are clean top-1 accuracy,
corrupted top-1 accuracy, degradation gap, expected
calibration error, median latency, peak memory, and
a device-level energy proxy. Figure 4 summarizes
how benchmark selection, corruption testing,
ablation, and deployment profiling are connected
within one reproducible validation workflow.
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Integrated Validation Workflow

Benchmark
Selection

Corruption
Stress Test

Ablation
Study

Gaussian,
drop, swap,
jitter

NTU, PKU,
Kinetics

component
removal

Top-1 Acc. AAcc / mCE Component A

Deployment
Profiling

Calibration

Analysis Unified

» Evidence

Package

latency,
memory,
energy

ECE,
reliability
diagram

ms/sample - MJ ECE / MCE

Reproducibility: seed-wise summaries + bootstrap 95% Cl + paired significance tests

Figure 4: Integrated Workflow for Benchmark Selection, Corruption Testing, Ablation, Deployment Profiling,
And Reporting.

Figure 4 visualizes the empirical pipeline used to
generate the quantitative evidence reported in
Section 5. Its purpose is to make the evaluation order
explicit: benchmark selection, corruption stress
testing, ablation, deployment profiling, and
consolidated reporting are executed as linked steps
rather than as disconnected post hoc analyses.

5. EMPIRICAL RESULTS

Once the evaluation protocol is fixed, the
numerical findings can be interpreted without
conflating design rationale with measured evidence.
Results are grouped into recognition robustness,
calibration quality, deployment efficiency, and
ablation analysis.

5.1. Recognition Robustness Under Corruption

Figure 5 - Corruption Robustness Comparison Across Representative Models

Clean vs. Corrupted Accuracy (NTU RGB+D 120)

[ Clean
1 Corrupted
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80 -
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Top-1 Accuracy (%)
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(Yan 2018)
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(Shi 2019)

CTR-GCN
(Chen 2021)

Spatial-
Temp.Tr.
(Plizzari 2021)
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Figure 5: Corruption Robustness Comparison Across Representative Skeleton-Based Action Recognition
Models on NTU RGB+D 120. Left: Clean Versus Corrupted Top-1 Accuracy. Right: Accuracy Degradation

SCIENTIFIC CULTURE, Vol. 12, No 2.1, (2026), pp. 9627-9645



9640

YUZE MA & ALMAZBEK ARZYBAEV

Gap (Smaller Is More Robust).

Figure 5 illustrates the corruption robustness
profiles of representative models. The proposed
hybrid achieves the smallest clean-to-corrupted
accuracy gap (7.7 pp) among all compared systems,
whereas dense attention variants show larger
degradation (up to 20 pp) because corrupted joint
tokens influence global context before local repair

Figure 6 - Calibration Analysis: Reliabil

Reliability Diagram
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has been applied. This result supports the central
architectural claim: graph-first local denoising before
sparse global reasoning is the critical ordering
decision for robustness.

5.2. Calibration And Confidence Reliability

ity Diagrams and ECE Comparison

Calibration Error Across Models
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Figure 6. Calibration Analysis. Left: Reliability Diagram Comparing Baseline and Proposed Model. Right:

Expected Calibration Error (ECE) A

Figure 6 presents the calibration profile of the
proposed model and selected baselines. The
reliability diagram (left) shows that the proposed
confidence-aware training substantially reduces
over-confidence bias relative to the uncalibrated
baseline; the predicted confidence more closely
tracks empirical accuracy across all confidence bins.
The ECE comparison (right) confirms that the
proposed framework achieves an ECE of 0.031,

cross Models (Lower Is Better).

compared to 0.092 for the closest graph-based
competitor. Calibration quality is especially
important for safety-aware deployment contexts
such as rehabilitation monitoring or elder-care
sensing, where over-confident wrong predictions
carry real consequences.

5.3. Accuracy-Latency-Memory Trade-Off

Figure 7 - Latency vs. Accuracy Trade-off Across Skeleton-AR Models
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Figure 7: Latency-Accuracy Trade-Off Across Skeleto
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Proportional to Memory Footprint. The Shaded Region Indicates the Edge-Deployable Operating Zone. The
Dashed Line Traces the Pareto Frontier of the Proposed Model Variants.

Figure 7 situates the proposed framework
variants within the broader accuracy-latency design
space. The full hybrid achieves the highest top-1
accuracy (93.1%) while remaining within practical
latency bounds. The quantized and pruned variants
trace a Pareto frontier that extends into the edge-
deployable target zone (latency below 25 ms,
accuracy above 90%), a region unoccupied by any
compared baseline. Dense attention variants achieve

competitive clean accuracy but at substantially
higher latency cost and larger memory footprint,
disqualifying them from embedded deployment
without aggressive compression. This figure
supports the claim that the proposed framework is
not merely accurate but deployable.

5.4. Ablation And Sensitivity Analysis

Figure 8 - Ablation Study: Component Removal and Loss Weight Sensitivity
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Figure 8: Ablation Study Results. Left: Component Removal Ablation on Clean and Corrupted Test Sets.
Right: Heatmap of Top-1 Accuracy Over Reconstruction Loss Weight (X-Axis) And Consistency
Regularization Weight (Y-Axis); The Optimal Configuration Is Highlighted in Red.

Figure 8 provides two complementary views of
ablation evidence. The component removal results
(left) show that confidence calibration and the
adaptive graph encoder are the highest-value
components: removing either causes the largest
single-component drop in corrupted accuracy (7.1
and 12.2 pp respectively), confirming that reliable
input representation and local denoising are the
load-bearing elements of the robustness argument.
Reconstruction and consistency losses contribute
moderate but consistent gains, while distillation,
token pruning, and quantization primarily affect the
efficiency-calibration balance rather than peak
accuracy. The loss weight heatmap (right)
demonstrates that the framework is not sensitive to
precise hyperparameter tuning: a broad region
around the optimal setting (lambda_rec = 0.5,
lambda_con = 0.3) achieves accuracy within 0.5 pp of
the peak, supporting reproducibility claims.

6. DISCUSSION

Taken together, the empirical results show that
robustness and deployability can be improved
simultaneously when uncertainty handling is
embedded throughout the pipeline rather than
appended as a post-processing step. The discussion
below interprets what the quantitative evidence
establishes, why the validation design is
methodologically persuasive, and where the
framework still has clear limits.

Separating experimental setup from numerical
validation also clarifies interpretation: Section 4
defines the protocol, Section 5 reports the outcomes,
and the present section focuses on scientific meaning,
boundary conditions, and translational relevance.

6.1. What The
Substantiates

Quantitative Evidence
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The strongest empirical pattern is consistency
across evaluation axes. In Figure 5, the proposed
hybrid records the smallest clean-to-corrupted
degradation gap (7.7 pp), indicating that local graph
repair before global reasoning reduces the
propagation of unreliable joints. In Figure 6, the same
confidence-aware design lowers calibration error to
0.031, showing that robustness is not achieved by
merely flattening the predictive distribution. In
Figure 7, the pruned and quantized variants remain
on the Pareto frontier for latency and accuracy, which
means that efficiency gains do not come from
collapsing the representational budget.

These findings support a function-level
interpretation of hybridization. The graph branch
contributes local structural repair and short-range
smoothing; the transformer branch adds long-range
coordination once token quality has been improved.
The gain is therefore not attributable to mixing
components opportunistically, but to sequencing
them according to the statistics of skeleton noise.

A second substantiated claim concerns
uncertainty handling. Confidence is useful not only
for filtering missing joints, but also for adjacency
reweighting, token budgeting, reconstruction
supervision, and calibration. The ablation results in
Figure 8 confirm that confidence calibration and
adaptive graph denoising are the load-bearing
components, whereas reconstruction and consistency
losses stabilize performance and compression-
oriented modules mainly adjust the efficiency-
accuracy-calibration balance.

6.2. Why The Validation
Methodologically Persuasive

Design  Is

The validation design is stronger because it
separates methodological claims from measurement
protocol. The paper predeclares the datasets,
corruption operators, baseline families, and primary
endpoints before any result figure is interpreted. This
makes it easier to verify that the reported gains are
tied to a transparent evaluation design rather than to
selectively chosen analyses.

The evidence is also multi-dimensional in a way
that matches current expectations for deployable
action recognition. Clean accuracy alone would not
justify the paper’s claims. The combination of
corrupted accuracy, degradation gap, calibration,
latency, memory, and ablation evidence allows the
framework to be assessed as simultaneously robust,
efficient, and trustworthy.

Finally, the protocol improves reproducibility.
Timing conventions are fixed, train-time
perturbation is separated from held-out corruption

tests, and ablations are reported hierarchically. That
organization reduces ambiguity about what each
component contributes and makes the study easier
for other researchers to replicate or extend.

6.3. Limitations, External Validity, And

Translational Scope

Several limitations remain. First, although the
paper provides a clearer empirical protocol and
quantitative evidence, the framework should still be
validated on additional real-world noisy streams
collected outside curated benchmarks. Synthetic
corruption is necessary for controlled stress testing,
but it does not exhaust the error structure of
classroom, rehabilitation, or public-space
deployments.

Second, hardware conclusions are inherently
platform-dependent. The latency-memory-energy
relations identified here are useful because they
reveal the dominant efficiency variables, yet the
absolute operating point will change with accelerator
type, memory bandwidth, and software stack. For
that reason, the paper treats deployment profiling as
a reproducible procedure rather than as a universal
constant.

Third, external validity matters at the semantic
level. Public benchmarks do not capture the full
diversity of culturally specific gestures, rehabilitation
micro-movements, or classroom interaction patterns.
Domain shift therefore remains a live issue even
when corrupted-benchmark performance is strong.

Even with these limitations, the translational
implication is substantial. Skeleton streams preserve
privacy better than RGB video while retaining
enough structure for interpretable reasoning. A
framework that is simultaneously robust to pose
noise, calibrated under uncertainty, and efficient at
the edge has direct value for human-centered sensing
scenarios where full-precision video analytics would
be inappropriate or impractical.

7. CONCLUSIONS

This paper develops and empirically validates a
confidence-aware spatiotemporal graph-
transformer hybrid for robust and efficient skeleton-
based human action recognition. By separating local
graph repair from sparse global reasoning and by
propagating confidence information through
preprocessing, message passing, token pruning, and
multi-objective learning, the framework addresses
the two deployment bottlenecks that most often
undermine real-world skeleton inference: noisy pose
streams and limited computational budgets.

The experimental structure makes the empirical
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contribution explicit. Across standard skeleton
benchmarks and controlled corruption protocols, the
framework achieves a favorable combination of clean
accuracy, corrupted accuracy, calibration quality,
latency, memory efficiency, and ablation-backed
interpretability. These results support the central
claim that graph-first denoising and token-efficient
global reasoning are complementary rather than

The article therefore contributes both a model and
a validation template for future work. For
researchers, it offers a reproducible protocol for
reporting robustness and deployment evidence. For
practitioners, it provides a deployable design logic
for privacy-sensitive edge artificial intelligence in
education, rehabilitation, ambient assisted living,
and related settings.

competing design principles.
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