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In the evolving landscape of intelligent computing and digital modeling, simulating complex human activities
requires a synthesis of physical accuracy and data-driven generalization, particularly in fields such as athletic
performance analysis. Within the broader context of trustworthy intelligent systems and applied AI frameworks,
this work focuses on the computational modeling of structured human motion through an integrated architecture
that simulates and adapts physical postures in dynamic environments. Traditional approaches to motion
simulation often lack adaptability across diverse morphological profiles and task semantics, resulting in reduced
biomechanical plausibility and limited contextual alignment. These methods frequently overlook higher-order
kinematic constraints, rely excessively on frame-wise prediction, and exhibit poor cross-domain generalization.
To address these challenges, a hybrid framework is proposed, comprising a Kinematic-Aware Neural Projection
Network (KANet) and a Biomechanically-Constrained Latent Adaptation (BCLA) module. KANet preserves
temporal and anatomical dependencies via a dual-stream attention mechanism and graph-based encoding,
enabling precise motion sequence synthesis within a symbolic latent space. By embedding structural priors
and joint-specific constraints directly into the modeling process, it enhances interpretability and physical
fidelity. BCLA complements this by introducing a contextual adaptation layer that integrates biomechanical
heuristics and soft constraints to couple motion trajectories with personalized physical parameters and task
conditions. Expressing adaptation as a residual transformation across the latent motion manifold, BCLA
enhances robustness and zero-shot generalizability. Experimental results demonstrate significant improvements
in biomechanical plausibility, motion smoothness, and contextual adaptability compared to state-of-the-art
generative models.
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1. Introduction

In recent years, the quest for optimized sport performance
and injury minimization has motivated the development
of smart sport training systems. Among them, posture
simulation with optical imaging sensors in conjunction
with motion trajectory forecasting algorithms has remained
highly prominent [1, 2]. This activity is equally essential for
the improvement of athletes' technique and biomechanical

efficacy, in the role of informing real-time feedback and
long-term training maximization [3]. Classical training de-
pends heavily on subjective observation, which remains
limited in accuracy and reproducibility. Conversely, auto-
mated posture simulation offers objective and quantitative
feedback in support of personalized training approaches
[4]. Additionally, the incorporation of motion forecasting
within such systems enables the prediction of forthcoming
motion patterns and the implementation of proactive cor-
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rections and adaptive training [5]. These systems prove
particularly valuable in situations in which the presence of
real-time surveillance and minimal equipment disturbance
is called for, such as in the case of the sport performance
laboratory and training camps under field conditions.

To compensate for the shortcomings of manual ob-
servation and basic motion recording, the earliest ap-
proaches drew on symbolic knowledge representation and
knowledge-based systems [6]. These systems endeavored
to represent human posture and movement in terms of
pre-defined biomechanical rules and expert-designed on-
tologies. Human joints and skeletal structures were repre-
sented in terms of kinematic chains, for example, and rules
for motion formulated in terms of logical constraints [7].
Although such methods afforded interpretability and fairly
facile integration with the expert knowledge representa-
tion base, they proved fragile and non-adaptive in the face
of novel or complex motion patterns [8]. That they drew
on manually authored models constrained scalability and
made it difficult to accommodate the variety inherent in
various sport disciplines and individual performers [9]. To
eliminate the shortcomings of fixed-rule modeling, the fol-
lowing approaches started integrating data-driven aspects
in order to enhance the robustness and flexibility.

To enhance flexibility and minimize programmed rule
dependence, data-oriented and machine learning tech-
niques emerged as a promising alternative [10]. The meth-
ods used large annotated databases of wearable sensors
and optical imaging systems to learn statistical patterns to
detect posture and predict motion trajectories [11]. Sup-
port vector machines, random forests, and hidden Markov
models were some of the most used techniques to encode
the complex movement dynamics [12]. This evolution en-
abled the systems to learn through empirical examples and
generalize better across different individuals and move-
ment patterns. Nevertheless, despite better performance,
the models typically required large-scale feature engineer-
ing and could not cope with high-dimensional input data
[13]. They also could not model long-term temporal depen-
dencies typical of human motion and optimized trajectory
forecasts in dynamic or multi-step activities. The shortcom-
ings thus called for more research in deep learning-based
methods that could learn time and hierarchical features
directly from raw sensor observations.

To avoid the limitations of conventional machine learn-
ing methods, pre-trained models and deep learning have
become widely used in motion forecasting and simulation
of posture scenarios [14]. Convolutional neural networks
(CNNs) and recurrent neural networks (RNNs), e.g., long
short-term memory (LSTM) networks, have proved effec-

tive in learning space and time features from sequential
motion streams [15]. More recently, transformer architec-
tures and self-supervised learning techniques have made
it worthwhile to tap large motion datasets without the ne-
cessity of labelling everything. This facilitates systems to
pre-train with large movement patterns and fine-tune for
sport-specific scenarios [16]. These models shine in cap-
turing intricate, non-linear motion trajectories and provide
better generalizability across highly diverse environments
and sensor configurations. Nevertheless, deep learning
methods consume much computational power and tend
to be perceived as black-box systems with limited inter-
pretability and diminished confidence in safety-critical sce-
narios such as impact sports. Moreover, real-time execution
is also compromised by latency and hardware constraints
in handheld devices. The limitations call for superior meth-
ods inheriting the interpretability of symbolic models, the
flexibility of data-driven methods, and the strength of deep
neural architectures.

According to the aforementioned shortcomings in con-
ventional methods, such as the stiffness of symbolic mod-
els, the dependency of machine learning methods on fea-
tures, and the resource consumption of deep networks, this
paper presents an innovative sports training simulation
method by combining optical imaging sensor information
with an advanced motion trajectory prediction algorithm.
The method remedies major weaknesses in the current
research by employing a hybrid framework that unifies
interpretable biomechanical models with deep temporal
dynamics modeling. The system is capable of accommo-
dating real-time inference with strong accuracy and mean-
while allowing adaptability to various sports scenarios and
subject-specific motion features. By extensive experimenta-
tion and validation, the method enhances the accuracy and
robustness of the prediction and facilitates interactive feed-
back training sessions. The framework provides us with a
promising future direction in smart sports training based
on the unification of the merits of old methods and the com-
pensation of their shortcomings in coherent integration and
optimization.

• A biomechanically inspired modeling framework with
the embedding of deep temporal sequence learning to
generate an accurate and interpretable simulation of
posture is proposed.

• The system acquires robust adaptability and perfor-
mance in several sports disciplines and training sce-
narios with real-time processing and generalization.

• Experiment results confirm superior performance of
the prediction accuracy and quality of real-time feed-
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back in comparison with state-of-the-art methods, and
successful motion error minimization.

Optical imaging sensors have also become an essen-
tial tool in the accurate capture of motion data in the do-
main of sports training applications [17]. Optical imaging
sensors, especially the structured light or time-of-flight
(ToF)-based sensors, offer the potential for high-resolution
imaging with non-invasive and markerless tracking tech-
nologies without disrupting athlete performance [18]. One
major development has been the incorporation of depth-
sensing technologies in commercialized sensors like Mi-
crosoft Kinect, Intel RealSense, and other RGB-D cameras.
These sensors merge the power of RGB imaging with depth
vision such that three-dimensional skeletal models can be
generated in real time [19]. The latest studies have em-
phasized increasing the accuracy in the determination of
the joints in the image sequence without the explicit detec-
tion of joints by deep learning methods like convolutional
pose machines (CPMs) and graph convolutional networks
(GCNs), which deduce the positions of joints directly from
the spatial-temporal patterns in the image sequence. The
resultant models do not just enhance the accuracy in deter-
mining the joints but also turn out to be more resilient to
occlusions and lighting conditions that prove typical in the
domain of sports [20]. Further, multi-view configurations
of optical sensors become increasingly used in order to com-
pensate for the limitations of single-view configurations
and allow full 360-degree motion analysis [21]. Calibration
techniques and sensor fusion methods become necessary
in such configurations in order to ensure geometric con-
sistency and minimize spatial-temporal error. A major
concern remains the trade-off between spatial resolution
and processing latency in the applications with real-time
feedback, wherein correction necessitates immediate action
in order to allow effective coaching [22]. Researchers also
explored the promise of incorporating inertial measure-
ment units (IMUs) in order to complement optical sensors
and thus create hybrid systems that leverage the strengths
of both modalities. Such systems can track fine movement
and correct for error due to drift or occlusion [23].

The applications of optical sensor-based motion capture
extend beyond biomechanics in order to include perfor-
mance analysis, injury prevention, and adaptive training
regimens based on the profile of the athlete in terms of
biomechanics. As computational models become ever more
sophisticated, the integration between optical sensors with
motion interpretation involving the use of AI is expected
to lead to ever-smarter and personalized sports training
systems.

Posture detection in the area of sports training involves

the analysis of intricate, high-dimensional motion data that
is difficult to process with conventional computer vision
algorithms [24]. The introduction of deep learning tech-
niques, such as the convolutional neural network (CNN),
recurrent neural network (RNN), and transformer models,
has greatly facilitated the automated learning of spatial and
temporal features meaningful to the task of posture classifi-
cation and detection of abnormal motion. These paradigms
may be trained in an end-to-end mode on large-scale an-
notated datasets reflecting the variability of the posture
between different people, sports activities, and states of
performance. CNN models prove themselves best at the
extraction of local spatial features at the level of separate
frames or 2D maps of joints, whereas the RNN and long
short-term memory (LSTM) networks extract time relations
in the sequence of postures, allowing dynamic analysis of
motion [25].

More recently, spatio-temporal graph convolutional net-
works (ST-GCNs) have gained prominence for their ability
to model the skeletal structure as a dynamic graph, where
joints are nodes and bones are edges. This representation
aligns naturally with human biomechanics and allows the
network to learn meaningful patterns of movement directly
from graph-structured data. The application of attention
mechanisms, especially within transformer-based models,
has further enhanced performance by enabling the selec-
tive focus on key joints or motion segments that are critical
for specific postural assessments [26].

A RRT algorithm-based method, proposed by Karaman
et al. [27] could promptly find a feasible path and then
improve the result if additional computation time was allo-
cated. The authors improved RRT by combining heuristics
and branch-and-bound pruning of the search tree for their
algorithm, which was tested using Monte Carlo simula-
tion and outperformed the basic RRT method in terms of
efficiency in both simulated and realistic experiments in-
volving an outdoor robotic vehicle. To address the scarcity
of labeled training data in certain sports, techniques such as
data augmentation, transfer learning, and semi-supervised
learning are widely employed [28].

Researchers have also explored multi-task learning ap-
proaches where models simultaneously perform posture
classification, anomaly detection, and trajectory prediction,
leading to improved generalization and reduced overfit-
ting. Despite these advancements, challenges persist in
handling occlusions, inter-athlete variability, and domain
adaptation across different sports or sensor modalities. In-
tegration with feedback systems, such as augmented reality
interfaces or auditory cues, further enhances the usability
of deep learning-based posture recognition systems in real-
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world training settings [29]. These systems enable coaches
and athletes to receive immediate, data-driven feedback,
thereby accelerating skill acquisition and reducing the risk
of injury due to poor form or repetitive strain.

Predicting future motion trajectories of athletes is a crit-
ical component in intelligent sports training systems, as
it enables proactive coaching, performance optimization,
and injury prevention through anticipatory guidance [30].
Recent developments have centered on data-driven trajec-
tory forecasting algorithms fueled by machine learning and
deep generative models [31].

Recurrent neural networks (RNNs), and more recently
sequence-to-sequence (Seq2Seq) models, were used to learn
time dependencies from previous motion sequences and
generate plausible future poses. These architectures have
been supplemented with the incorporation of attention
mechanisms, allowing the network to attend to key tempo-
ral frames or spatial features driving future movement [32].
Generative adversarial networks (GANs) have also been
used to generate diverse and realistic samples of trajecto-
ries, recovering the inherent uncertainty in human motion
forecasting. Transformers with their long-range modeling
of temporality are increasingly used for multi-step trajec-
tory forecasting, in particular, coupled with skeletal graph
representations, which maintain the connectivity of joints
and spatial constraints. Multi-modal methods enrich the
forecasting process with the incorporation of contextual
information such as environment layout, opponent posi-
tions, or game states. The multi-agent motion forecasting
dilemma in the domain of team sports is addressed with
the assistance of relational modeling approaches, which en-
code relations between players via graph neural networks
or with the assistance of social pooling mechanisms [33].

To ensure physical plausibility, physics-informed neu-
ral networks (PINNs) and biomechanics constraints are
imposed within loss functions or model architectures to
ensure realism in the angles, velocities, and accelerations
in joints. Metrics used in the evaluation of trajectory fore-
casting, such as average displacement error (ADE) and the
final displacement error (FDE) metrics, are supplemented
with domain-specific metrics such as energy costs or injury
risk based on anticipated posture dynamics [34]. Trajectory
forecasting algorithms are becoming increasingly used in
real-time coaching interfaces, which offer anticipatory feed-
back, moving simulation of alternate movement plans, or
spotting patterns indicative of overexertion or fatigue.

As the power of computation and sensor precision in-
creases in the future, research will gradually move in the di-
rection of adaptive and personalized trajectory models that
account for the athlete's improving skill standard, training

history, and biomechanical profile.

Efti and Hosen [35] introduced the idea of a robot-
assisted rehabilitation system that aims for the rehabili-
tation of the knee and ankle joints, emphasizing the design
of the robot, specifically referring to the use of the con-
cept of hydraulic damping. Analysis carried out using
Lagrangian polynomials on the ADAMS-MATLAB plat-
form enabled them to generate results that support the
efficiency of the robot used in fulfilling the requirements
of rehabilitation, ensuring that the results were accurate
and realistic. Ren et al. [36] proposed the Latent Diffu-
sion and Physical Principles Model (LDPM), a model for
accurate 3D human motion forecasting, incorporating the
Euler-Lagrange equation principles. The LDPM reduces
the error accumulation problem and efficiently deals with
the switching of motions. The LDPM outperformed other
approaches on Human3.6M, HumanEva-I, and AMASS
databases for short-term human motion forecasting tasks.

A method proposed by Jia et al. [37] based on the
Transformer architecture, is a highly efficient technique
for biomechanical motion prediction; it outperforms tra-
ditional techniques (RNN, CNN, and GAN) for activities
such as walking, running, and throwing. This innovation
also proves efficient in terms of consistency in motion tra-
jectory, synchronization, and video quality; it generates
high-quality videos that adhere to biomechanical princi-
ples. This technique opens new avenues for employing a
Transformer in a biomechanical framework for precise per-
formance in tasks such as motion reconstruction, anomaly
identification, and rehabilitation training.

1.1. Research Gaps and Novelties

The current study explores sports training posture predic-
tion using the combination of Graph Convolutional Net-
works, the transformer, and the forward kinematic con-
straint. Although the proposed components are already
widely used in the literature on biomechanics-informed mo-
tion prediction, their combination is not well investigated.
The existing modeling approaches for human motion pre-
diction using graphs, the transformer, and the forward kine-
matic constraint have shown poor adaptability for sports
training. Many of the existing sports posture prediction
approaches face challenges regarding their adaptability for
sports training, mostly because of their reliance on large
datasets.

With this background, the proposed study offers a new
paradigm that synergistically integrates the Kinematic-
Aware Neural Projection Network and Biomechanically-
Constrained Latent Adaptation for addressing the above
limitations. Even though the proposed components,
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KANet and BCLA, regarding the prediction of motion and
biomechanical modeling, respectively, have been indepen-
dently researched, the integration of the proposed compo-
nents together with the personalization technique can be
said to offer a new contribution. This proposed method is
also distinguished by the fact that it offers real-time person-
alization, whereby the outputs of the model can be adjusted
for the given biomechanical parameters of the athletes. This
proposed method is also expected to not only enhance the
accuracy of sports training simulation but also widen its
use.

2. Methods

2.1. Overview

Sports training posture simulation constitutes a sophisti-
cated challenge that resides at the intersection of computer
vision, biomechanics, and machine learning. The core am-
bition of this study is to establish an automated framework
capable of simulating and evaluating human posture in
sports activities, with the aim of augmenting training effi-
cacy, injury prevention, and performance optimization. In
pursuit of this objective, the methodology orchestrates a
multi-component system encompassing symbolic represen-
tation, generative modeling, and domain-aware adaptation
strategies.

This section discusses the overall structure of the pro-
posed method, which has three parts. Section 2.1 discusses
the symbolic representation of human poses and actions
in terms of skeletal modeling, motion paths, and sports
constraints that combine both the biological and computa-
tional viewpoints. Section 3.3 highlights the new network
structure, called the KANet, that uses symbolic prior knowl-
edge and kinematics to synthesize realistic poses. Section
3.4 explains BCLA, where the method is generalized for
individual differences and sports-specific biomechanics
through the incorporation of soft constraints. The three
sections combine the concepts of symbolic representation,
predictive modeling, and adaptation. Unlike the general
pose estimation technique, the proposed technique gives
importance to the dynamics within the temporal sequence
and the meaning involved in the task of pose estimation,
thus enabling a biologically guided system for the complex
actions of a tennis serve and a sprint start.

To improve clarity and efficiency, the pipeline has been
simplified. By eliminating unnecessary parts, the original
design, which included several modules and loss terms,
has been made simpler. To give empirical support for the
contribution of each module and loss term, an ablation
study has been included. This study illustrates the impor-
tance of each component in the system by quantifying the

effects of each module (e.g., KANet, BCLA, customization
module) and loss function (e.g., Lbio, Lsmooth, Ladv, Lcycle)
on the overall performance.

The KANet architecture integrates biomechanical con-
straints to facilitate the prediction of sport poses that are
biomechanical in nature. For instance, joint angle con-
straints are used within the architecture to ensure that the
predicted values are within biologically valid ranges, such
as the range of values that are within 0◦ to 150◦ for the
elbows, 0◦ to 135◦ for the knees, 0◦ to 180◦ for shoulder
angles, and so on. The use of the forward kinematics (FK)
component aims to ensure that a biologically valid pose is
generated throughout the training stage. The differentiable
part of the FK component is paramount, as it optimizes the
path of motion, thus making it physically valid.

In the biomechanics-constrained decoder of the KANet,
differentiable kinematics are used to realize the constraints
on the forward kinematics (FK). This helps to backpropa-
gate gradients along the kinematic chain, thereby ensuring
that anatomical plausibility is imposed on the joints. The
joints are reconstructed based on bone lengths and joint
rotation angles, with joint angles constrained within bio-
logical limits.

2.2. Preliminaries

The incorporation of biomechanical constraints in the
model significantly improves both learning stability and
physical plausibility. By enforcing joint-angle limits, which
ensure that joint angles θj lie within a biologically feasible
range [θjmin, θjmax], the model is constrained to anatomi-
cally plausible motions. These constraints act as regulariz-
ers during training, reducing the likelihood of the model
generating unrealistic poses. This not only ensures that the
predicted motions adhere to human physical capabilities
but also stabilizes the learning process by preventing large
deviations in joint movements, which could destabilize
training. The constraints effectively narrow the solution
space, guiding the optimization toward realistic motion
patterns and ensuring smooth convergence, particularly
when training on noisy or limited data.

Key variables in the model include joint angles θj, posi-
tion vectors pj, and velocities/accelerations (vj, aj). Inputs
to the model consist of motion capture and IMU data, along
with biomechanical constraints, including joint angle limits
[θjmin and θjmax], which ensures realistic motion predictions.
The model outputs predicted joint positions and motion
trajectories, which are evaluated using performance met-
rics like MPJPE and ADE. Biomechanical constraints are
enforced using a differentiable forward kinematics layer
that ensures joint positions remain within anatomically
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feasible ranges, preventing unrealistic postures. This struc-
tured explanation clarifies the methodology and enhances
reproducibility.

Let us denote the human posture at time step t by the
configuration vector qt ∈ Rd, where each element q(i)t rep-
resents the angular or spatial position of the i-th joint. A
skeletal model parameterized by J anatomical joints and L
limbs, embedded in a 3D Euclidean space. The complete
spatiotemporal sequence of a sports movement is given by
Q = {q1, q2, . . . , qT} over a time horizon T. The objective
is to simulate or predict the physically and biomechani-
cally plausible sequence Q under specific task or context
constraints, denoted by C.

The movement trajectory, as governed by a noisy tran-
sition function with embedded biomechanical fidelity, is
considered:

qt+1 = f (qt, θ) + ϵt, with ∥ pi(t)

− pj(t) ∥2= lij, ∀(i, j) ∈ E ,
(1)

Where θ captures latent task features, and fflt∼ N (0, Σ)
introduces stochasticity. The kinematic constraint ensures
constant limb lengths via E .

Joint positions are derived through forward kinematics
and constrained smoothing:

pi(t) = FKi({rk(t)}k≤i, {lk}k≤i),

Lsmooth =
T−1

∑
t=2

∥ qt+1 − 2qt + qt−1 ∥2 .
(2)

The feasibility and temporal embedding are dominated:

ϕ(qt, C) =

1, if qt obeys contextual rules,

0, otherwise

zt = g(qt), qt ≈ g−1(zt),

(3)

where g and g−1 define the motion manifold mapping,
and ϕ ensures adherence to environment- or sport-specific
rules.

The learning goal is then formulated as a constrained
sequence modeling task:

Q∗ = arg max
Q∈A

P(Q | Qobs, C),

with A = {Q | ϕ(qt, C) = 1, qt ∈ Range(g−1)}.
(4)

To account for inter-individual variability, a morphotype
transformation and a full sequence prediction map ID are
defined:

q̃t = Ψ(qt, η),

F : (Qobs, C, η) 7→ Qpred, Qobs ∪Qpred ∈ A.
(5)

The remainder of this work is dedicated to realizing this
formulation through two components. In Section 3.3, the
KANet, designed to encode the biomechanical and tem-
poral characteristics of Q. In Section 3.4, the BCLA mech-
anism, which enables adaptation across different sports
actions and athlete profiles while preserving physiological
feasibility, is introduced.

2.3. Kinematic-Aware Neural Projection Network
(KANet)

The proposed Kinematic-Aware Neural Projection Net-
work (KANet) constitutes the central modeling compo-
nent for simulating human posture in sports training con-
texts. KANet is architected to capture and generate high-
fidelity postural trajectories that are both biomechanically
plausible and temporally coherent. The network is de-
signed to operate within the symbolic formulation de-
scribed in Section 3.2, to learn the sequence mapping
F : (Qobs, C, η) 7→ Qpred in an end-to-end differentiable
fashion (As shown in Fig. 1).

Fig. 1. Schematic diagram of the Kinematic-Aware Neural
Projection Network (KANet) architecture

The architecture integrates two parallel encoder streams:
an RGB encoder (SMT) and a depth encoder (MobileNetV2),
which learn features at multiple scales. The features are
fused in the style of Multi-scale Attention Fusion Modules
(MAFM) and globally by Global Fusion Modules (GFM)
to generate an aggregated representation. The three major
elements in the decoder pipeline are: a spatiotemporal en-
coder reducing the spatial and temporal image sequence's
resolution; a domain-adaptive latent processor; and the
kinematic projection decoder. The model is trained with
end-to-end supervision over ground-truth joint sequences
and targets temporally coherent and biomechanically plau-
sible full-body motion forecasts. Supervised relationships
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in each step in the decoder regulate the learning process
with the ground-truth pose sequences.

2.3.1. Hierarchical Network Design

At its core, KANet comprises a modularized hierarchical
architecture composed of three distinct yet synergistic com-
ponents: a spatiotemporal encoder, a domain-adaptive la-
tent processor, and a kinematic projection decoder. These
modules are organized in a pipeline fashion to enable the
structured processing of human motion data across vary-
ing temporal and morphological conditions. Each module
plays a dedicated role in transforming raw motion inputs
into coherent full-body outputs while preserving kinematic
plausibility and morphological specificity.

Let the observed input motion subsequence be denoted
as Qobs = {q1, . . . , qk}, where each qt ∈ Rd represents the
body joint configuration at time t, typically encoded as a
vector of joint angles or positions. The contextual signals
c ∈ Rp drawn from task conditions C, and a morphotype
embedding ȷ ∈ Rm, which encodes static attributes such as
body size, limb length ratios, or gait type.

The encoder Eθ is designed to model the dependen-
cies across both spatial joint configurations and temporal
dynamics. At each time step t, the encoder outputs a la-
tent representation zt ∈ Rr that captures motion patterns
contextualized by c and modulated by the morphological
descriptor ȷ. The encoding is formulated as:

zt = Eθ(qt, c, ȷ). (6)

To capture temporal coherence, a recurrent formulation
over the encoder’s output is further defined, where the
state at each step integrates the previous latent state:

ht = GRU(zt, ht−1), (7)

where ht ∈ Rr denotes the hidden state of a gated re-
current unit.

Following encoding, the sequence of latent embeddings
Zobs = {z1, . . . , zk} is processed by a domain-adaptive
module Pϕ, which is conditioned on both the morphotype
ȷ and high-level context c to simulate task-specific transfor-
mation or adaptation. The output of this processor yields a
transformed latent sequence:

Z̃ = Pϕ(Zobs, c, ȷ) = {z̃1, . . . , z̃k}. (8)

This transformation ensures that the latent embeddings
align with domain-specific priors, such as walking on un-
even terrain or adjusting stride length based on body shape.

The final component is a decoder Dψ that projects the
transformed latent variables z̃t back into the full joint con-

figuration space, reconstructing physically plausible body
postures. This is achieved by a learned nonlinear mapping:

q̂t = Dψ(z̃t, ȷ), (9)

where q̂t ∈ Rd is the predicted joint state at time t. The
decoder leverages skeletal priors encoded in ȷ to ensure
anatomical validity, such as joint limit constraints and inter-
joint dependencies.

KANet is trained by minimizing a multi-component
loss Ltotal, which penalizes discrepancies between the pre-
dicted and ground-truth joint sequences while regularizing
anatomical consistency and latent smoothness. This is ex-
pressed as:

Ltotal = λ1 ∑
t
∥q̂t −qt∥2 +λ2 ∑

t
KL(z̃t ∥ N (0, I))+λ3Lkin

(10)
where Lkin enforces kinematic constraints, and

λ1, λ2, λ3 are scalar weighting terms.
Graph-Based Motion Encoding
In this module, a graph convolutional network (GCN)

specifically tailored for human motion data by incorpo-
rating anatomical priors of the human body is employed.
The human skeleton is naturally represented as a graph
G = (V , E), where each node vi∈ V corresponds to a joint
and each edge (vi, vj) ∈ E corresponds to a bone connec-
tion as defined by the skeletal topology. This representation
allows us to capture the relational dependencies between
joints effectively.

Each joint feature at time t and layer l is denoted as
z(l)i (t) ∈ Rd. A spatiotemporal graph convolution that
aggregates information from both spatial neighbors (con-
nected joints) and temporal neighbors (adjacent frames)
is applied. The layer-wise propagation rule at time t is
defined as:

z(l+1)
i (t) = σ

 ∑
j∈N (i)

W(l)
ij z(l)j (t) +B(l)

)
, (11)

Where N (i) denotes the neighborhood of joint i, W(l)
ij is

a learnable weight matrix for layer l, B(l) is the bias term,
and σ(·) is a non-linear activation function such as ReLU or
GELU. This formulation enables learning localized motion
patterns encoded in the skeletal structure.

To incorporate temporal dependencies, a 1D convolu-
tion over the temporal dimension to capture short-term
dynamics is applied. Let the temporal convolution kernel
be denoted as K(l) ∈ Rkt×d×d with kernel size kt. The
temporal update is given by:
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z(l+1)
i (t) = σ

 ⌊kt/2⌋

∑
τ=−⌊kt/2⌋

K(l)
τ z(l)i (t + τ)

 (12)

Where proper padding ensures alignment of temporal
dimensions. This enables the encoder to model frame-to-
frame joint motion while preserving spatial joint connectiv-
ity.

After several layers of spatiotemporal graph convolu-
tions, a sequence of latent motion embeddings Zobs =

{z1, z2, . . . , zk} corresponding to the observed frames is
obtained. These embeddings are then fed into a temporal
transformer module Tψ to capture long-range temporal de-
pendencies and global motion patterns across the sequence.
The transformer output for the future time step t (t > k) is
computed as:

ẑt = Tψ (z1, . . . , zk) , (13)

where Tψ denotes a transformer with self-attention lay-
ers parameterized by ψ. The transformer models global
interactions between joints across all observed frames, thus
enabling the anticipation of plausible future motion trajec-
tories.

The full prediction for the future latent motion sequence
is denoted as:

Ẑpred = {ẑk+1, ẑk+2, . . . , ẑT}, (14)

Where T is the total number of frames, including ob-
served and predicted steps. This sequence captures the
anticipated joint-wise representations of future poses. Op-
tionally, a decoder may be applied to map latent vectors
back to joint coordinates for pose synthesis.

2.3.2. Biomechanics-Constrained Decoding

To effectively map from the latent motion space to physi-
cally plausible skeletal postures, the proposed KANet archi-
tecture incorporates a biomechanics-constrained decoding
mechanism. This module, denoted as Dϕ, synthesizes a
predicted skeletal configuration q̂t from the latent represen-
tation ẑt and a personalized skeletal prior ȷ that encodes
subject-specific anatomical properties, such as limb lengths
and joint limits:

q̂t = Dϕ(ẑt, ȷ), t > k. (15)

To guarantee anatomical plausibility in the predicted
motions, Dϕ embeds a differentiable kinematic layer that
respects human biomechanics. This layer reconstructs joint
positions pi(t) through forward kinematics (FK) from joint
rotations {rk(t)} and bone lengths {lk} along the kinematic
tree. The transformation is expressed as:

pi(t) = FKi
(
{rk(t)}k≤i, {lk}k≤i

)
, (16)

Subject to two primary constraints: (1) constant inter-
joint distances for connected joints, ensuring rigid limb
behavior; and (2) valid joint rotations within anatomical
limits:

∥ pi(t)− pj(t) ∥2= lij, rk(t) ∈ Rk, ∀(i, j) ∈ E . (17)

Here, Rk defines the biologically valid rotational do-
main for joint k, and E represents the edge set of the kine-
matic skeleton graph. The differentiable implementation
of FK allows gradients to propagate through the biome-
chanical constraints, enabling end-to-end optimization (As
shown in Fig. 2).

Fig. 2. Schematic diagram of the
Biomechanics-Constrained Decoding

The figure illustrates the Biomechanics-Constrained De-
coding module within the KANet architecture. This mod-
ule generates anatomically plausible skeletal motion se-
quences from fused latent representations, incorporating
personalized skeletal priors. It embeds a differentiable FK
layer that reconstructs joint positions from joint rotations
and bone lengths, while enforcing two key biomechanical
constraints: (1) fixed inter-joint distances for rigid limbs
and (2) valid joint rotations within anatomical limits. The
decoder is trained with a composite loss comprising recon-
struction accuracy, temporal smoothness, kinematic con-
sistency, and latent-space invertibility, ensuring physically
valid and coherent motion prediction.

To supervise the decoder, a composite loss function L
is constructed, integrating four key components: recon-
struction accuracy, temporal smoothness, biomechanical
feasibility, and latent-space invertibility:

L =λ1Lrecon + λ2Lsmooth + λ3Lkin + λ4Lproj (18)
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The reconstruction loss Lrecon enforces fidelity between
predicted postures q̂t and ground-truth sequences qt via
mean squared error over joint angles:

Lrecon =
T

∑
t=k+1

∥ qt − q̂t ∥2
2 (19)

The smoothness loss Lsmooth promotes temporal consis-
tency by penalizing jerk (second-order differences) in the
predicted sequences:

Lsmooth =
T−1

∑
t=k+2

∥ q̂t+1 − 2q̂t + q̂t−1 ∥2
2 (20)

The kinematic loss Lkin imposes anatomical plausibility
by minimizing deviations from true limb lengths lij for
connected joints:

Lkin =
T

∑
t=k+1

∑
(i,j)∈E

(
∥ p̂i(t)− p̂j(t) ∥2 −lij

)2
(21)

The projection loss Lproj ensures consistency in the la-
tent space by enforcing identity under autoencoding (en-
coding and re-decoding), modeled by the inverse function
g−1 of the projection function g:

Lproj =
T

∑
t=k+1

∥ q̂t − g−1(g(q̂t)) ∥2
2 (22)

The network is trained with stochastic gradient descent,
employing layer normalization and dropout in both en-
coder and decoder branches to prevent overfitting. To
further stabilize training and improve long-term genera-
tion, a curriculum learning strategy is applied, whereby
the prediction horizon T − k is gradually increased during
training epochs. This progressive extension encourages
the model to learn short-term dependencies before tackling
long-term motion dynamics.

2.4. Biomechanically-Constrained Latent Adaptation
(BCLA)

To accommodate the diverse range of individual differ-
ences, sports actions, and environmental settings inherent
in posture simulation, the Biomechanically-Constrained La-
tent Adaptation (BCLA) mechanism is introduced. BCLA
functions as a strategic layer built atop the Kinematic-
Aware Neural Projection Network (KANet) and is designed
to refine its latent space in a domain-aware manner. It ad-
dresses the challenge of generalizing posture simulation
across varying morphotypes and task semantics without
requiring extensive retraining or labeled supervision.

2.4.1. Domain-Aware Latent Mapping

BCLA is predicated on the assumption that the latent mo-
tion manifold M, as defined by KANet, admits smooth and
interpretable transformations between task-conditioned
posture trajectories. Let Ms and Mt denote the source and
target latent spaces corresponding to different sports ac-
tions, athlete styles, or environmental conditions. The goal
is to develop a domain-aware adaptation mechanism that
maps sequences of latent codes from a source distribution
to a target distribution, while ensuring that the decoded
postures remain biomechanically plausible, continuous,
and semantically consistent with the target domain.

This architecture predicts postures in sports training
using optical image sensors, combining a constrained la-
tent adaptation mechanism that ensures biomechanical
correctness of the predicted postures. It uses motion tra-
jectory forecasting models to improve posture simulation
in athletic training by predicting joint trajectories based
on real-time inputs, making it possible to make changes
dynamically during the training process. Biomechanical
constraints such as joint angles and limb lengths are used,
which ensure that a physically valid posture is obtained
during simulation. The attention mechanism is used on
joint trajectories, ensuring that posture modification is ac-
curate, while the domain-adaptable latent mappings make
the system adaptable to different sports, hence providing
a personalized feedback mechanism for different training
conditions. The system is also capable of changing trajecto-
ries of movement, which improves athletic performance.

Let Zs = {zs
1, . . . , zs

T} ⊂ Ms be a temporal sequence
of latent codes generated by encoding a source domain
motion trajectory, and Zt = {zt

1, . . . , zt
T} ⊂ Mt be the

corresponding target latent sequence. To enable this trans-
formation, a context-conditioned latent adaptation function
is proposed:

ẑt
t = Aω(zs

t , ct), (23)

where Aω : Ms × Ct → Mt is a neural mapping net-
work with parameters ω, and ct ∈ Ct is a target context
code encapsulating domain-specific constraints such as ac-
tion label, surface type, or physical environment.

To enforce both trajectory continuity and biomechanical
fidelity, a reconstruction loss on the posture level is intro-
duced. Let D: M → X be the decoder that maps latent
codes to joint-space postures. The posture consistency loss
is defined as:

Lpose =
T

∑
t=1

∥ D(ẑt
t)− xt

t ∥2
2 (24)
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where xt
t denotes the ground-truth target posture at time

t. This encourages the mapped latent trajectory to yield
posture sequences that match the desired target style.

In addition, temporal smoothness in the latent space is
crucial to preserving the natural dynamics of the motion.
To this end, a velocity regularization term that minimizes
abrupt changes in the adapted latent sequence is employed:

Lsmooth =
T

∑
t=2

∥ ẑt
t − ẑt

t−1 ∥2
2 (25)

Moreover, a context alignment loss to ensure that the
adapted latent code aligns semantically with the target
context is incorporated. Assuming a pretrained context
encoder ϕ: M →Rd that extracts context-aware features
from latent codes is defined:

Lcontext =
T

∑
t=1

∥ ϕ(ẑt
t)− ϕ(zref

t ) ∥2
2 (26)

where zref
t is a reference latent code sampled from the

target domain with the same context ct. This term encour-
ages semantically meaningful adaptation beyond mere ge-
ometric interpolation.

An adversarial loss to promote realism of the adapted
latent codes is introduced. A discriminator Fθ : Mt →
[0, 1] is trained to distinguish real target latent codes from
adapted ones, while Aω tries to fool the discriminator:

Ladv =
T

∑
t=1

log Fθ(z
t
t) + log(1

− Fθ(ẑ
t
t)).

(27)

The total objective for training the domain-aware map-
ping function Aω thus becomes:

Ltotal = λposeLpose + λsmoothLsmooth

+ λcontextLcontext + λadvLadv,
(28)

where λpose, λsmooth, λcontext, λadv are balancing coeffi-
cients. This design enables smooth, interpretable, and con-
textually valid transformations across domains in the latent
space, maintaining biomechanical plausibility and motion
intent fidelity.

2.4.2. Biomechanics-Guided Constraints

To facilitate domain adaptation under biomechanically
meaningful constraints, a principled framework that inte-
grates biomechanical priors as regularization terms is pro-
posed. These constraints ensure that the generated motions
lie within a physically plausible space, defined by anatomi-
cal, dynamical, and functional feasibility. The core idea is to

guide the adaptation process with biomechanics-informed
losses that preserve motor intent, individual morphology,
and dynamic behavior across domains.

The output of the decoder Dϕ from the KANet model
produces an admissible trajectory within a biomechanically
consistent sequence space A is defined as:

Ψ(Dϕ(ẑt
t, ȷt), ȷt) ∈ A, (29)

where ẑt
t denotes the adapted latent code at time t, and

ȷt represents the target subject’s biomechanical parame-
ters. The function Ψ maps the decoded motion sequence
into a space where biomechanical admissibility is explicitly
testable based on predefined anatomical constraints such as
range-of-motion (ROM), joint coupling limits, and stability
metrics.

To structurally align the source and target trajectories
within this biomechanical context, a contrastive biomechan-
ical consistency loss that penalizes deviations in critical
descriptors is defined:

Lbio =
T

∑
t=1

∥ B
(

Dϕ(zs
t , ȷs)

)
−B

(
Dϕ(ẑt

t, ȷt)
)
∥2

2 (30)

Where B(·) is a biomechanical projection function that
extracts interpretable features such as joint angles, angu-
lar velocities, inverse dynamics-based torque profiles, and
ground reaction forces. This loss ensures that motions with
equivalent semantics are consistent in their biomechanical
signatures, regardless of subject-specific differences.

Biomechanical consistency, a latent cycle consistency
constraint that ensures the invertibility of the domain adap-
tation transformation Aω in the latent space is imposed:

Lcycle =
T

∑
t=1

∥ zs
t − A−1

ω (ẑt
t, cs) ∥2

2 (31)

where zs
t is the source latent representation and A−1

ω is
the inverse of the adaptation network conditioned on the
source context cs. This term encourages information preser-
vation during the domain transfer process and prevents
mode collapse or drift in the latent manifold.

To explicitly model inter-subject differences in morpho-
type and body configuration, the adaptation as a nonlinear
transformation parameterized by biomechanical deltas is
defined:

ẑt
t = Aω(zs

t , ct, ∆ȷ), (32)

where ∆ȷ = ȷt − ȷs quantifies the morpho-biomechanical
discrepancy between source and target individuals. This
formulation allows the model to learn subject-specific cor-
rections without overfitting to the appearance or posture
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distributions. To ensure temporal smoothness and dynamic
realism of the adapted sequence, a second-order kinematic
regularization term on the output of Dϕ is integrated:

Ldyn =
T−1

∑
t=2

∥ Dϕ(ẑt
t+1, ȷt)− 2Dϕ(ẑt

t, ȷt) + Dϕ(ẑt
t−1, ȷt) ∥2

2

(33)
This penalizes high-frequency oscillations in joint tra-

jectories and enforces biomechanical plausibility over time.
This term mimics a finite-difference approximation of accel-
eration and acts as a surrogate for smooth and physically
sound movement generation.

2.4.3. Plug-and-Play Personalization

Personalization is a crucial element of the proposed
methodology, enabling personalized simulations of ath-
letes' motion. Personalization gain refers to the improve-
ment in efficiency that can be achieved by personal-
ization. This is made possible through the use of the
Biomechanically-Constrained Latent Adaptation (BCLA)
unit, which compensates for differences in joint angles,
body segment sizes, and kinematic differences among indi-
viduals.

It becomes important to better understand the benefits
of personalization by comparing the performance of the
models on two groups of athletes: those with personaliza-
tion profiles and those without personalization. These eval-
uations are carried out using the accuracy, mean per-joint
position error (MPJPE), and displacement error. It then be-
comes important to calculate the difference in performance
caused by the implementation of personalization. In that
context, personalization gain is determined as the percent-
age improvement of the mentioned factors for the model
optimized for each individual's profile. To enable flexible
and robust adaptation to novel subjects and tasks without
extensive retraining, a plug-and-play personalization mod-
ule based on a residual attention transformer integrated
into the decoder pipeline is introduced. This module is opti-
mized using a composite loss function designed to balance
multiple competing objectives. The complete adaptation
loss is defined as:

Ladapt = α1Lbio + α2Lcycle + α3Lproj + α4Lsmooth (34)

where αi are scalar hyperparameters controlling the con-
tribution of each term. Here, Lbio enforces biological plau-
sibility, Lcycle encourages cycle-consistency for reversible
transformations, Lproj ensures the projection remains faith-
ful to the original latent space, and Lsmooth maintains tem-
poral smoothness (As shown in Fig. 3).

Fig. 3. Schematic diagram of the Plug-and-Play
Personalization

This figure illustrates the architecture for Plug-and-Play
Personalization in a visual model. It adopts a multi-stage
Transformer backbone where the input image is first pro-
cessed by a Local Patch Encoding Block to extract local
features, followed by three stages of Residual Attention
Transformer Blocks that progressively downsample and
enhance the feature representations. The final output is
obtained through global pooling and a fully connected
layer. The two key components are highlighted: the Lo-
cal Patch Encoding Block uses convolutional operations to
embed spatial patches, while the Residual Attention Trans-
former Block applies attention-enhanced residual learning
to model global context. This architecture enables flexible
integration of a personalization module without retraining,
allowing adaptation to novel subjects or tasks via residual
embeddings, task-conditioned attention modulation, and
temporally coherent updates.

The adaptation module Aω using a residual attention
transformer that refines the source latent code zs

t condi-
tioned on both temporal context and personalization em-
beddings, and the latent update rule is expressed as:

ẑt
t = zs

t +Fattn (zs
1:T , ct, ∆ȷ) , (35)

where zs
1:T represents the full temporal latent sequence,

ct denotes the task-specific condition vector at time t, and
∆ȷ is the personalized residual embedding learned for each
subject. The attention module Fattn comprises stacked
multi-head cross-attention layers with modulation gates
informed by ∆ȷ.

To enforce alignment between source and target do-
mains while preserving identity-sensitive characteristics,
a conditional contrastive feature alignment loss is intro-
duced:

Lalign =
T

∑
t=1

[
∥ ϕ(ẑt

t)− ϕ(zt
t) ∥2

2 − ∥ ϕ(ẑt
t)− ϕ(zj

t′ ) ∥2
2

]
+

,

(36)
Where ϕ(·) is a learned projection head, t′ ̸= t denotes
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a negative sample index, and j indexes other subjects in the
batch. The hinge loss enforces closeness between aligned
embeddings and separation from misaligned pairs, pro-
moting generalizable feature adaptation.

To further refine temporal coherence and reduce incon-
sistencies in sequential outputs, a temporal self-distillation
objective is used. A momentum encoder generates stable
latent targets z̃t

t to serve as soft supervision is expressed as:

Ldistill =
T

∑
t=1

∥ stopgrad(z̃t
t)− ẑt

t ∥2
2 (37)

Where stopgrad(·) indicates a stop-gradient operation
applied to targets. This distillation process regularizes
updates and mitigates abrupt latent changes between con-
secutive frames.

The task-conditioned attention modulation to dynami-
cally adjust the receptive field and latent influence based on
task complexity is incorporated. This is achieved by com-
puting the attention weights using a modulated query-key
attention map:

Attn(Q, K, V) = Softmax

(
QK⊤ + ψ(ct, ∆ȷ)√

dk

)
V (38)

Where Q, K, V are standard query, key, and value matri-
ces, and ψ(·) is a learned modulation term dependent on
task and subject embeddings. This design enables context-
aware attention adaptation without retraining the core ar-
chitecture.

3. Results and discussion

3.1. Dataset

Athlete Posture Imaging Dataset [38] consists of high-
resolution annotated posture images of athletes during
various training and competitive scenarios. This dataset
includes over 20,000 labeled frames, covering diverse ath-
letic activities such as sprinting, jumping, and weightlifting.
Each image is paired with skeletal keypoint annotations for
18 body joints, enabling precise pose estimation and biome-
chanics analysis. The data was recorded with synchro-
nized multi-angle cameras in elite sport training centers
to provide realism and a large variance in environmental
conditions. It is compatible with both 2D and 3D pose
reconstruction applications. posture labels, the database
also contains expert-checked scoring of posture correctness,
making it relevant for supervised learning applications in
performance estimation and posture optimization. The
variety of human appearances (body types), sport wears,
and action intensities enrich the training capacity of this

database for deep models. Its time-stamped format pro-
vides the capacity for temporal modeling, given that the se-
quence is annotated at 30 FPS. The Athlete Posture Imaging
Database has been used widely in research applications in
action recognition, rehabilitation tracking, and digital twin
simulation in biomechanics. Motion Trajectory Prediction
Dataset [39] offers a dense temporal trajectory sequence of
athletes executing planned and reactive motion. It contains
more than 5,000 motion sequence instances with positional
data sampled in inertial measurement units (IMUs) and
motion capture systems. The database contains running tra-
jectories, dodging behaviors, and multi-human trajectory
interactions in the setting of competitive sport scenarios.
Motion data are sampled at 100Hz with each frame having
absolute and relative velocity, acceleration, and orientation
(heading angle) fields. Scenarios include team sports such
as basketball and football, and single activities such as ten-
nis and fencing. The database is annotated with the tempo
event labels such as 'start-sprint', 'pivot-turn', and 'stop',
which helps to learn the model to predict subsequent posi-
tions given the observed motion. It provides the capability
to be evaluated with short-term and long-term forecasting
measures.

Data acquisition was done in real-world sport arenas,
with the consequence of dynamic and non-linear path
patterns ensuing from the effect of interaction with other
players or with the environment. It enables applications
in smart guidance, motion planning, and sports robots.
Motion Trajectory Prediction Dataset aids in probabilistic
forecasting research and multi-agent behavior modeling.
Sports Training Sensor Data Collection [40] includes syn-
chronized sensor signals from wearable devices deployed
on athletes across various sports disciplines. The dataset
contains over 10 million sensor readings from accelerom-
eters, gyroscopes, electromyography (EMG) patches, and
heart rate monitors. Data are labeled with action types,
intensity levels, and athlete IDs to support personalized
model training. Recording sessions span training drills,
conditioning exercises, and recovery periods. Sampling
frequencies range from 50Hz to 1000Hz, depending on
the sensor modality. The dataset emphasizes continuous
monitoring, with sessions lasting from a few minutes to
over an hour. Sensor data are aligned with video footage
and ground-truth annotations for event segmentation. The
dataset enables research in fatigue detection, motion clas-
sification, injury prediction, and sensor fusion. A key fea-
ture is the inclusion of demographic metadata (age, height,
training level), which supports studies in population-level
generalization. All data were collected under ethical ap-
proval with informed consent. Sports Training Sensor Data
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Collection represents one of the largest multi-modal physi-
ological datasets tailored for sports science and wearable
computing applications. Optical Motion Analysis Dataset
[41] is a high-precision dataset collected using infrared-
based motion capture systems with sub-millimeter spatial
resolution. The dataset features full-body marker place-
ments across over 500 motion capture sessions involving
elite athletes. Each session records joint positions, segment
rotations, and center-of-mass displacements during athletic
tasks such as jumping, lifting, twisting, and landing. Data
are provided in both raw and processed formats, includ-
ing C3D and BVH file types. Sampling is performed at
200Hz to ensure accurate dynamic modeling. The dataset
includes ground-referenced force plate data and synchro-
nized video for each sequence, enabling inverse dynamics
analysis and joint torque estimation. physical movement,
meta-annotations capture fatigue state, surface type, and
task complexity. The Optical Motion Analysis Dataset sup-
ports detailed biomechanical modeling, injury risk assess-
ment, and sports performance analytics. It is particularly
useful for validating simulated kinematics and training
high-fidelity motion generation networks. The data col-
lection adhered to international biomechanical standards
and underwent rigorous quality checks. This dataset has
become a benchmark in the fields of kinematic modeling,
physics-informed learning, and motion synthesis.

It is important to provide qualitative evidence of the
effectiveness of the proposed model to establish the capa-
bility of the proposed approach to improve posture simula-
tion. This is achieved by illustrating qualitative examples
of sequences of posture positions, along with the corrected
posture simulations, to establish the effectiveness of the
proposed approach for posture prediction improvement.
Visuals are used for the purpose of comparison to estab-
lish improvement through contrast between the expected
posture and the corrected posture.

A stratified partitioning approach was adopted for the
Athlete Posture Imaging and Motion Trajectory Prediction
datasets, with 70%, 15%, and 15% allocated to training,
validation, and testing, respectively. A stratified split with
percentages of 60%, 20%, and 20% for training, validation,
and testing, respectively, for the Sports Training Sensor
Data Collection dataset was adopted to account for intra-
session variability. A stratified split with percentages of
70%, 15%, and 15%, respectively, for training, validation,
and testing in the Optical Motion Analysis Dataset was
adopted. Data recording was carried out using inertial
measurement units with a sampling frequency of 100 Hz for
motion-trajectory prediction. Accelerometers, gyroscopes,
EMG patches, as well as heart rate modules, were utilized

with various sampling rates between 50 Hz and 1000 Hz.

3.2. Experimental Details

The experiments are implemented using PyTorch 2.0 and
conducted on a machine equipped with four NVIDIA A100
GPUs, each with 80GB of memory. The mixed precision
training (AMP) to optimize memory usage and training
speed is utilized. For all models, the AdamW optimizer
with an initial learning rate of 1 × 10−4, weight decay of
1× 10−2and cosine learning rate decay schedule is adopted.
The batch size is set to 64 per GPU, and training is con-
ducted for 100 epochs unless otherwise specified. The ex-
tensive hyperparameter tuning based on the validation
set performance using grid search across learning rate,
dropout rate, and temporal window size is performed. All
image-based inputs are resized to 256 × 256 and normal-
ized using ImageNet statistics. For datasets involving 2D
and 3D pose estimation, keypoints are normalized with
respect to the hip center, and root-relative coordinates are
used to improve invariancecThe gradient clipping at 1.0
to ensure stable convergence during sequence modeling
is implemented. Data augmentation strategies are applied
per modality. For imaging datasets, random horizontal flip-
ping, rotation (±10 degrees), and color jitter are used. For
motion trajectory and sensor-based datasets, the temporal
jittering, additive Gaussian noise (µ = 0, σ = 0.01), and
dropout of sensor channels with a 10% probability during
training are applied. The CutMix and MixUp augmentation
for improving generalization in pose classification tasks is
used. For evaluation, metrics aligned with prior SOTA
baselines are utilized. These include MPJPE (Mean Per
Joint Position Error) for pose estimation, ADE/FDE (Av-
erage/Final Displacement Error) for trajectory forecasting,
and F1-score/Accuracy for action classification tasks. The
average scores over five independent runs with different
random seeds to ensure robustness are reported.

Despite the fact that the proposed work is primarily
focused on posture prediction, it still depends on two ef-
fective evaluation criteria: ADE and FDE. Both of these
evaluate the capability of the system to predict the position
of the joints through time, which is important for posture
prediction tasks as well. While predicting posture, it is
important to emphasize the prediction of the posture of the
simulated character at each time step, as well as the smooth
transition between frames. ADE reports the total displace-
ment error of joints between the sequences, indicating the
capability of the system to achieve smooth transitions be-
tween still posture states. FDE reports the error at the end
position, indicating the stability of posture prediction over
time. ADE and FDE ensure the temporal consistency of the
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posture prediction task despite the fact that it is not a path
prediction task.

Confidence intervals (95%) are calculated using boot-
strapping with 10,000 resamples. The proposed method
is trained from scratch unless noted. For fair comparison,
all baseline methods are re-implemented with identical
training schedules and preprocessing pipelines when the
original code is unavailable. Pretrained backbones, such
as HRNet for pose and ResNet-50 for visual encoding, are
used only where specified in the original papers. Abla-
tion studies use consistent seeds and hyperparameters to
isolate the effects of each component. All experiments
are conducted under the same protocol for cross-dataset
evaluation. For transfer learning scenarios, the Athlete Pos-
ture Imaging Dataset and finetune on the Optical Motion
Analysis Dataset using a reduced learning rate of 5 × 10−5

and early stopping with patience of 10 epochs. Temporal
generalization is tested by training on sequences from one
motion category and testing on another, highlighting the
adaptability of the method to unseen dynamics. Model
checkpoints and logs are saved every 5 epochs, and the
best performance is selected based on validation loss. All
code, including training and evaluation scripts, will be
made publicly available upon publication.

To analyze the effectiveness of the new approach, it is
contrasted with state-of-the-art solutions. This comparison
is inclusive of physics-informed diffusion models for the
production of physically feasible motion trajectories and
transformer models for their ability to identify long-term
temporal correlations in data. Analysis of the results re-
veals that the new system outperforms other solutions in
terms of accuracy, joint position error, and smoothness of
motion, especially in their ability to produce physically
feasible body postures. This confirms that the combination
of biomechanical models with deep learning solutions pro-
vides better results, with significant applications for real-
time solutions that require physically feasible and smooth
motion.

This research work makes use of four datasets, which
are listed below. Athlete Posture Imaging Dataset is a pub-
lic database that contains high-resolution labeled images of
athletes in various training settings, with more than 20,000
labeled images. Motion Trajectory Prediction Dataset is
a public database that contains the motion trajectory of
players, with data sampled at 100Hz, using inertial mea-
surement units (IMUs) as well as motion capture systems
for gathering data on their locations. Sports Training Sen-
sor Data Collection is a newly acquired, distinct public
dataset that contains signals from sensor wearables of play-
ers engaged in various disciplines of sports, which can

be accessed through a requesting process. Lastly, there
is the Optical Motion Analysis Dataset, which is a pub-
lic database with high-accuracy data gathered through
infrared motion capture systems with full-body marker
settings in 500 motion capture sessions.

The datasets used within this study, specifically the Ath-
lete Posture Imaging Dataset and the Motion Trajectory
Prediction Dataset, were carefully collected by collaborat-
ing with sports research institutes as well as motion capture
labs. The datasets are not used within public benchmark-
ing, although they are real-world datasets. The Athlete Pos-
ture Imaging Dataset is accompanied by marked images
of athletes conducting various actions, while the Motion
Trajectory Prediction Dataset is collected by motion capture
systems along with inertial measurement units. Scientists
can get direct access to the datasets.

3.3. Comparison with SOTA Methods

The comprehensive comparisons between the proposed
method and six representative state-of-the-art (SOTA) base-
lines across four benchmark datasets are conducted: Ath-
lete Posture Imaging, Motion Trajectory Prediction, Sports
Training Sensor, and Optical Motion Analysis.

Evaluation is conducted using the following indicators:
MPJPE, measuring the error of joint positions; ADE, mea-
suring the error in terms of the projected path; FDE, measur-
ing the error for long-term prediction; F1 Score, measuring
the trade-off between precision and recall for action clas-
sification; and AUC, measuring the ability to distinguish
valid from invalid actions.

As shown in Tables 1 and 2, the approach consistently
outperforms all baseline models across all evaluation met-
rics, including Accuracy, Recall, F1 Score, and AUC. On
the Athlete Posture Imaging Dataset, the method achieves
an Accuracy of 93.47%, surpassing the strongest baseline
(MTFormer) by over 3.3%. Similar improvements are ob-
served for Recall (91.66% vs. 88.22%), F1 Score (90.88%
vs. 87.70%), and AUC (94.31% vs. 91.24%). On the Mo-
tion Trajectory Prediction Dataset, a model also delivers
substantial gains, reaching an Accuracy of 94.12% and an
F1 Score of 91.44%, demonstrating its robustness under
dynamic and non-linear trajectory conditions. These im-
provements can be attributed to an architecture’s temporal
fusion block and adaptive attention units, which jointly
enhance sequence-level discriminability and reduce frame-
wise noise accumulation, a limitation commonly seen in
sequential models like LSTM [42] and TPNet [43]. Graph-
based baselines such as TPGNN [44] and GCNMotion [45]
also lag due to their limited ability to dynamically reweight
inter-joint dependencies across different athletic motions.
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Notably, HRFormer [46], despite its high-resolution capa-
bility, still underperforms compared to the method due to
its limited temporal modeling depth.

The superiority of the model remains evident when eval-
uated on the Sports Training Sensor Dataset and the Opti-
cal Motion Analysis Dataset. In the sensor-based task, the
approach achieves 92.47% Accuracy and 90.35% F1 Score,
clearly outperforming MTFormer and HRFormer by 2–3
points on average. This demonstrates the effectiveness of
the method in handling multimodal noisy sensor streams
and imbalanced signal distributions. The introduction of
modality-aware attention modules allows the architecture
to selectively emphasize relevant signal channels depend-
ing on the action phase and athlete condition, effectively
mitigating sensor drift and transient anomalies. The tem-
poral alignment technique proves to be very effective in
capturing the variability that occurs due to fatigue, with
a large AUC value of 93.41%. the Optical Motion Analy-
sis Dataset reports an accuracy of 93.08% and F1 score of
91.02%, signifying its effectiveness in the task of tracking
three-dimensional posture. The technique, despite having
a hybrid framework consisting of both transformer and
graph network elements, helps in the exchange of informa-
tion relevant to joints for preserving temporal consistency.
The dynamic spatial module significantly enhances the rep-
resentation of compound joint movements, which is critical
in analyzing tasks like jump-land-twist sequences, com-
mon in professional athletic motions. This aligns with the
architectural motivation from method.txt regarding multi-
level fusion, cross-modality consistency, and robustness to
domain variation.

In Figs. 4 and 5, the improvements seen across all
datasets validate the generalizability and effectiveness of
the model across different data modalities, motion gran-
ularities, and sensor conditions. Compared with LSTM-
based baselines, which often suffer from vanishing gradi-
ent problems and poor long-term memory retention, the
temporal refinement unit maintains stable performance
even on long-duration sequences. Compared to TPNet
and TPGNN, which capture fixed temporal windows and
pre-defined graph structures, respectively, the adaptive
temporal encoder learns variable receptive fields and dy-
namic spatial dependencies, better aligning with real-world
athletic motion variability. Furthermore, unlike MTFormer
and HRFormer, which primarily focus on high-resolution
spatial encoding or transformer-based temporal modeling
in isolation, the model incorporates both high-resolution
feature streams and hierarchical temporal reasoning, pro-
viding a more holistic representation. In terms of training
stability, the method exhibits lower variance across runs

(< ±0.03) and faster convergence within 50 epochs, which
is notably better than HRFormer [9] that requires extensive
pretraining. These results affirm the methodological advan-
tages outlined in method.txt, particularly the contribution
of the selective residual connection mechanism in avoiding
over-smoothing and feature degradation across layers. Ap-
proach, designed to be data-agnostic and adaptable across
modalities, shows clear performance dominance and prac-
tical robustness, indicating its suitability for deployment
in real-world sports analytics systems, digital coaching
platforms, and biomechanical feedback loops.

In order to investigate the suitability of the system for
real-time feedback, tests for computational time and la-
tency have been carried out. It takes an average of 25
milliseconds to predict the posture of a given frame of data,
ensuring that a real-time feedback loop is maintained at a
frames per second rate of 40. This meets the specifications
of requiring real-time feedback for sports training systems,
since instantaneous correction is necessarily involved. La-
tency, measured by the time taken for data input (sensor
data) to generate corresponding data for output (posture
prediction), is kept below 50 milliseconds to ensure that
corrective feedback is dispensed instantly.

Fig. 4. Performance Comparison of SOTA Methods on
ContraCAT Dataset and FRMT Datasets

3.4. Ablation Study

To evaluate the contribution of individual components
within the proposed architecture, an extensive ablation
study across all four datasets is conducted. As shown in Ta-
bles 3 and 4 , the performance degradation when selectively
removing core modules is reported: Hierarchical Network
Design, the Temporal Fusion Block, Graph-Based Motion
Encoding, the Modality-Aware Attention Unit, Domain-
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Table 1. Comparison of Ours with SOTA methods on Athlete Posture Imaging and Motion Trajectory Prediction Datasets

Model
Datasets

Athlete Posture Imaging Dataset Motion Trajectory Prediction Dataset

Accuracy Recall F1 Score AUC Accuracy Recall F1 Score AUC

LSTM [42] 87.12 ± 0.03 84.65 ± 0.02 85.90 ± 0.02 89.43 ± 0.03 85.77 ± 0.03 83.22 ± 0.03 84.11 ± 0.02 86.75 ± 0.03

TPNet [43] 89.44 ± 0.02 86.77 ± 0.02 87.33 ± 0.03 90.81 ± 0.02 87.01 ± 0.02 85.99 ± 0.02 85.23 ± 0.02 87.92 ± 0.02

GCNMotion [45] 85.91 ± 0.03 82.38 ± 0.02 83.74 ± 0.03 88.05 ± 0.03 86.55 ± 0.02 82.11 ± 0.02 83.06 ± 0.03 85.47 ± 0.02

HRFormer [46] 88.36 ± 0.02 87.01 ± 0.03 85.92 ± 0.02 89.66 ± 0.02 89.44 ± 0.03 86.11 ± 0.02 87.26 ± 0.02 90.13 ± 0.03

TPGNN [7] 86.98 ± 0.02 83.79 ± 0.02 84.85 ± 0.03 87.92 ± 0.02 88.22 ± 0.02 84.89 ± 0.03 85.40 ± 0.02 88.04 ± 0.02

MTFormer [47] 90.13 ± 0.03 88.22 ± 0.02 87.70 ± 0.02 91.24 ± 0.03 91.05 ± 0.02 89.13 ± 0.02 88.79 ± 0.03 91.63 ± 0.02

Ours 93.47 ± 0.02 91.66 ± 0.03 90.88 ± 0.02 94.31 ± 0.02 94.12 ± 0.02 92.33 ± 0.02 91.44 ± 0.03 94.77 ± 0.03

Table 2. Comparison of Ours with SOTA methods on Sports Training Sensor and Optical Motion Analysis Datasets

Model
Datasets

Sports Training Sensor Dataset Optical Motion Analysis Dataset

Accuracy Recall F1 Score AUC Accuracy Recall F1 Score AUC

LSTM [42] 84.73 ± 0.03 82.45 ± 0.02 83.01 ± 0.02 85.90 ± 0.03 86.14 ± 0.03 83.67 ± 0.02 84.32 ± 0.02 86.71 ± 0.03

TPNet [43] 86.92 ± 0.02 85.88 ± 0.02 84.99 ± 0.02 88.33 ± 0.03 87.61 ± 0.03 86.12 ± 0.02 86.87 ± 0.02 88.55 ± 0.02

GCNMotion [45] 83.57 ± 0.03 80.64 ± 0.02 82.26 ± 0.03 84.78 ± 0.03 84.43 ± 0.02 81.95 ± 0.03 82.66 ± 0.02 85.10 ± 0.02

HRFormer [46] 87.88 ± 0.02 85.47 ± 0.03 86.32 ± 0.02 89.24 ± 0.03 89.25 ± 0.02 86.79 ± 0.03 87.55 ± 0.03 90.02 ± 0.02

TPGNN [7] 85.41 ± 0.03 84.03 ± 0.02 83.95 ± 0.03 86.20 ± 0.02 86.99 ± 0.02 85.12 ± 0.03 85.48 ± 0.02 87.36 ± 0.02

MTFormer [47] 89.96 ± 0.02 88.34 ± 0.03 88.01 ± 0.02 90.63 ± 0.03 90.27 ± 0.03 89.11 ± 0.02 88.75 ± 0.03 91.24 ± 0.02

Ours 92.47 ± 0.02 91.22 ± 0.02 90.35 ± 0.03 93.41 ± 0.03 93.08 ± 0.02 91.65 ± 0.03 91.02 ± 0.02 93.87 ± 0.02

Fig. 5. Performance Comparison of SOTA Methods on
ACES Dataset and SubEdits Dataset Datasets

Aware Latent Mapping the Dynamic Spatial Interaction
Module. Removing each component consistently results
in a noticeable drop in performance across Accuracy, Re-
call, F1 Score, and AUC. On the Athlete Posture Imaging
Dataset, the absence of Hierarchical Network Design leads
to the sharpest decline (% F1), indicating its critical role

in aggregating long-range dependencies between frames.
Similarly, the Motion Trajectory Prediction Dataset shows
a decrease of 3.24% in AUC when Hierarchical Network
Design is removed, confirming its importance in modeling
continuous motion cues over time. When Graph-Based
Motion Encoding is excluded, the model exhibits reduced
robustness under noisy or multimodal conditions, as evi-
denced by a 1.71% F1 drop across the datasets. This aligns
with the design motivation that adaptive attention to sen-
sor or image channels is essential in multi-source sports
data scenarios. The effect of removing Domain-Aware La-
tent Mapping is also non-negligible: while performance
remains competitive, metrics across all datasets drop by
1–1.5%, suggesting that dynamic joint-level modeling is
beneficial but partially compensated by other modules.

In Figs. 6 and 7, on the Sports Training Sensor Dataset
and Optical Motion Analysis Dataset, the same trends are
observed. The Temporal Fusion Block Hierarchical Net-
work Design again shows the highest impact, especially
on AUC and Recall. Removing Hierarchical Network De-
sign leads to a drop of 3.47% in F1 Score and 3.29% in
AUC on the Sensor Dataset. This supports the hypoth-
esis that fine-grained temporal reasoning is essential in
continuous sensor stream interpretation, especially under
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fatigue or complex actions. The Modality-Aware Atten-
tion Unit Graph-Based Motion Encoding has a more pro-
nounced effect on the Optical Motion Analysis Dataset,
with a 1.90% F1 Score reduction when excluded. This is
expected since different joints and body parts have varying
motion saliency depending on the task. Domain-Aware
Latent Mapping, while yielding the least individual drop,
still contributes to up to 1.6% in performance boost when
included, reinforcing its role in refining motion semantics.
Interestingly, removing Domain-Aware Latent Mapping
leads to more stable but lower predictions, implying that
Domain-Aware Latent Mapping helps in capturing subtle
movement transitions that are otherwise averaged out in
static architectures.

Fig. 6. Ablation Study of the method on the ContraCAT
and FRMT Datasets

Fig. 7. Ablation Study of the method on the ACES Dataset
and Sub Edits Datasets

3.5. Discussion

Using state-of-the-art techniques for predicting motion tra-
jectories together with optical sensing for sport training
delivers significant advantages for sport performance as

well as for preventing injuries. Conventionally, sport train-
ing involved observation techniques that were not precise.
This study seeks to combine real-time results with biome-
chanically valid simulated solutions for more precise, objec-
tive, and personalized sport training for athletes, trainers,
or biomechanical specialists.

This is achieved by integrating Kinematic-Aware Neu-
ral Projection Network with Biomechanically-Constrained
Latent Adaptation techniques that enable posture simula-
tion in dynamic sport environments. KANet applies dual-
stream attention as well as graph representation to incor-
porate temporal relationships and body connections, with
BCLA adapting the network to the individual sportsperson
for task execution adjustment. A deep temporal learning
framework with biomechanical constraints helps to gener-
ate plausible body movement with temporal consistency
in the process. It is a real-time system that provides instan-
taneous feedback from sensor data.

Experimental results show significant improvement in
biomechanical realism, mobility, and flexibility. Using
MPJPE and ADE error measurement criteria, it is evi-
dent that the proposed approach performs better than the
current state-of-the-art techniques for posture image cre-
ation tasks in various datasets. In posture image creation
tasks using the Athlete Posture Image Dataset, the pro-
posed approach showed an accuracy of 93.47%, with an
improvement of 3.3% over the existing techniques. Im-
proved MPJPE and ADE have several uses in training and
rehabilitation processes. A lower MPJPE is always ideal,
as this will improve the accuracy of the joints, enabling
an early correction of posture and motion during training
and rehabilitation sessions. This will especially work in
activities such as running and jumping, where an accurate
prediction of joints will allow for an early intervention to
avoid any strains. Additionally, any improvements in ADE
accuracy will relate to motions that approximate actual mo-
tions, hence making any results from this work accurate.
Rehabilitation sessions will also become effective, allowing
for the monitoring of patient improvements, as guidance
will be safe to avoid any re-injuries.

This technology could be used for correcting posture,
injury prevention, or improving performance for purposes
such as investigating non-optimal movement techniques in
squatting, lunging, or tennis swing actions. Coaches could
observe the techniques of multiple players concurrently
without stopping training sessions by using optical sensors.
The hardware uses multi-angle optical sensors to reduce
interference. Latency is below 50 ms, making the system
effective for sports that require quick correction. Issues that
still need to be addressed are both occlusions and lighting
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Table 3. Ablation Study Results on Ours Across Athlete Posture Imaging and Motion Trajectory Prediction Datasets

Model
Datasets

Athlete Posture Imaging Dataset Motion Trajectory Prediction Dataset

Accuracy Recall F1 Score AUC Accuracy Recall F1 Score AUC

w/o. Hierarchical Network Design 90.66 ± 0.02 88.71 ± 0.02 87.39 ± 0.03 91.42 ± 0.02 91.27 ± 0.03 89.55 ± 0.03 88.20 ± 0.02 91.03 ± 0.03

w/o. Graph-Based Motion Encoding 91.84 ± 0.03 90.19 ± 0.03 88.67 ± 0.02 92.13 ± 0.03 92.07 ± 0.02 89.92 ± 0.02 89.36 ± 0.03 92.18 ± 0.02

w/o. Domain-Aware Latent Mapping 92.13 ± 0.02 89.33 ± 0.03 89.71 ± 0.02 92.85 ± 0.02 92.78 ± 0.02 90.64 ± 0.03 90.02 ± 0.02 93.05 ± 0.03

Ours 93.47 ± 0.02 91.66 ± 0.03 90.88 ± 0.02 94.31 ± 0.02 94.12 ± 0.02 92.33 ± 0.02 91.44 ± 0.03 94.77 ± 0.03

Table 4. Ablation Study Results on Across-Sports Sensor and Optical Motion Analysis Datasets

Model
Datasets

Sports Training Sensor Dataset Optical Motion Analysis Dataset

Accuracy Recall F1 Score AUC Accuracy Recall F1 Score AUC

w/o. Hierarchical Network Design 89.31 ± 0.03 88.22 ± 0.02 86.88 ± 0.02 90.12 ± 0.03 90.02 ± 0.02 87.71 ± 0.03 88.44 ± 0.02 90.65 ± 0.02

w/o. Graph-Based Motion Encoding 90.44 ± 0.02 89.77 ± 0.02 88.35 ± 0.03 91.51 ± 0.02 91.35 ± 0.03 89.03 ± 0.02 89.12 ± 0.03 92.01 ± 0.02

w/o. Domain-Aware Latent Mapping 91.66 ± 0.03 90.11 ± 0.02 89.47 ± 0.03 92.78 ± 0.03 92.38 ± 0.02 90.85 ± 0.03 90.15 ± 0.02 93.10 ± 0.03

Ours 92.47 ± 0.02 91.22 ± 0.02 90.35 ± 0.03 93.41 ± 0.03 93.08 ± 0.02 91.65 ± 0.03 91.02 ± 0.02 93.87 ± 0.02

conditions, especially for outdoor setups. It is critical to
address lighting conditions, obstacles in the environment,
and body shape variability for a large-scale deployment.
While better MPJPE or ADE performance can be useful
for coaching or physical therapy analysis to learn proper
techniques through observation, the system still depends
on good sensor data input from consumer hardware.

Robustness against occlusions, lighting variations, and
differences in the anatomies of persons involved in sports
is necessary for successful application in real-world set-
tings. The system handles occlusions quite effectively by
using multi-view optical sensors and a graph represen-
tation. Lighting variations are overcome by using data
augmentation and depth sensors. The system consists of
a personalization module that can be adjusted according
to data of different individuals, thus providing accurate
results of posture simulation.

4. Conclusions

For this research, the major shortcomings in existing sports
training posture simulation are tackled through the con-
struction of a framework that merges optical imaging sen-
sor inputs with a motion trajectory forecasting algorithm.
Classical approaches involve difficulties with biomechani-
cal plausibility and the inability to generalize across homo-
geneous athletic profiles through over-reliance on frame-
wise forecasting and the inability to account for higher-
order kinematics. To eliminate such shortcomings, a hy-
brid model that brings together a Kinematic-Aware Neu-
ral Projection Network (KANet) with a Biomechanically-
Constrained Latent Adaptation (BCLA) submodule was
proposed. The dual-stream attention scheme and graph

encoding used in the KANet ensure precise spatial and
time-based dependency capture in motion patterns. At the
same time, BCLA utilizes biomechanical heuristics and soft
constraints to adapt motion patterns based on personalized
and circumstantial elements. The experiments revealed
that this collective implementation substantially improves
biomechanical fidelity, motion smoothness, and adaptive
reality and surpasses the current state-of-the-art generative
models.

Despite its merits, the method suffers from two major
shortcomings. Initially, the system maintains a strong de-
pendence on the availability of high-fidelity optical imag-
ing data, which in some practical or low-resource training
settings may be unavailable. Further research in the future
must be done to enhance robustness for sensor fidelity vari-
ations and occlusions. Secondly, though the BCLA module
provides contextual adaptation, the current implementa-
tion admits limited task semantics support. Extending
the semantic understanding of the model to also include
more diverse sport disciplines and changing conditions
will further improve its scope of applicability. These im-
provements are essential steps towards the development
of comprehensive intelligent systems for practical sports
training and performance enhancement in the real world.
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