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Abstract: To address the challenges faced by traditional high jump posture 
prediction methods – namely environmental noise and motion continuity – this 
paper proposes an innovative solution integrating diffusion models with neural 
differential equations. By leveraging diffusion models to learn the true posture 
distribution from noisy data and employing neural differential equations to 
capture continuous motion dynamics, the approach effectively overcomes the 
limitations of conventional methods in modelling complex movements. 
Experiments on the human3.6m and dynamically informed pose from inertial 
measurement unit public datasets demonstrate that this method achieves a 
prediction accuracy of 96.2%, surpassing mainstream long short-term memory 
models by 8.7%, while reducing joint angle error to 3.2 degrees. These findings 
provide more reliable technical support for sports science training and sports 
injury prevention. 

Keywords: high jump posture prediction; diffusion model; neural differential 
equation; motion analysis. 
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1 Introduction 

As one of the most technically challenging athletic activities in the field of track and 
field, Higher Jump has presented a major challenge in the sports science and 
biomechanics study because no one can foretell the posture of athletes (Bacak et al., 
2024). Correct posture prediction does not only offer scientific advice on the trainings but 
also offers a good prevention of sports injuries and may as well boost performance in the 
competitions (Akaike, 2021). Nevertheless, there are several issues with this prediction 
task: the high jump is a complicated combination of four steps, that is: run-up, takeoff, 
pole clearance, and landing that need multi-joint coordination and accurate  
spatial-temporal control. Environmental noise, originating from sources such as sensor 
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inaccuracies in IMUs or lighting variations in video capture, can significantly obfuscate 
critical kinematic details within the raw data. This degradation makes the subsequent 
extraction of clean, reliable posture information a primary challenge that our framework 
aims to address. In terms of dynamics, the human body becomes radically sensitive with 
respect to posture, as well as a fast change energy transfer as the jump occurs. This 
nonlinear dynamic character makes it impossible to effectively model and predict its 
underlying patterns using the traditional prediction models. How does work  
this particular particulars of available technical schemes inertial measurement unit 
(IMU)-based methods can obtain motion data directly, but are vulnerable to sensor noise 
and compounding errors (Arzehgar et al., 2025). In the meantime, computer vision-based 
systems even though non-contact have, still, non-contact benefits, are vulnerable to 
environmental lighting and to occlusions and are frequently incapable of capturing key 
dynamic details (Akhtar and Mian, 2018). 

Existing mainstream methods of predicting the high jump posture are based mainly 
on the architectures of temporal convolutional networks (TCN), graph convolutional 
networks (GCN) (Duan and Hu, 2025), and recurrent neural networks (RNN) (Zhang  
et al., 2018). It is interesting to note that most recently, the spatio-temporal graph 
attention network (STGAT) represents the most explicit model of spatial correlations and 
temporal dependency among human joints as this entails the combination of graph 
attention networks with long-short term memory networks (Jiang et al., 2021). The 
method has enhanced the accuracy of joint position prediction well by 0.02–0.03 metres. 
Nevertheless, these techniques are basically approximations of discrete time series, which 
do not emulate the continuous dynamic development of the high jump motions (Garcia  
et al., 2018). Conversely, models involving only biomechanical principles but taking into 
consideration the physical constraints tend to simplify and are not flexible to individual 
movement styles. The latter is especially evident in the case of critical technical moments 
such as takeoff and pole clearance not only this moment predetermines competition 
result, but also this is a period of very high risk of sports injuries, and so the accuracy of 
prediction must be extremely high (Caria, 2024). 

Two recent technologies, diffusion models and neural differential equations, have 
shown impressive potential in generative modelling and continuous dynamic systems 
modelling, respectively, and provide new directions in which high jump trajectory 
prediction can be made possible (Nikolaev, 2019). The selection of diffusion models is 
further supported by their demonstrated robustness in other complex motion scenarios. 
For instance, their successful application in domains such as gait analysis for clinical 
assessment and in 3D hand trajectory prediction underscores their capability to model 
intricate, multimodal movement patterns, proving their suitability for the high jump task. 
In this field of research, diffusion models have been able to show outstanding results 
when it comes to forecasting complicated trajectories. An example of this is the mmtwin 
model that predicts the 3D hand trajectories with high precision by acquiring multimodal 
information (2D images, 3D point clouds, textual prompts, etc.). Likewise, madiff model 
uses the motion-aware Mamba architecture to produce believable hand paths even given 
the interference of camera self-motion. These advancements point out two important 
strengths of the diffusion models in the complex motion modelling: they can learn data 
distributions with an iterative denoising algorithm, and with a powerful multi-source 
information fusion mechanism (Dong et al., 2025). At the same time, neural differential 
equations form a mathematically rigorous model of continuous-time dynamic modelling 
as they parameterise the equations of motion by ODEs of vectors by making them 
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especially well adapted to high-speed, variable-accelerating motions such as the high 
jump (Mizuguchi et al., 2023). Other studies such as dposer-x also indicate the possibility 
of applying diffusion models together with the use of biomechanical prior knowledge. It 
greatly increases the quantity of accurate full-body pose estimation through the 
enhancement of a denoiser using skeletal chain structures that makes it biomechanically 
plausible. 

The paper is a pioneering attempt to optimise a combination of diffusion models and 
neural differential equations, which tackles three main problems in high jump posture 
prediction (Zhou et al., 2024): first, how to reconstruct the underlying intent of motions 
on the basis of a noisy observation sequence; second, how to capture effectively the 
dynamic development of high jump sequence; and third, how to produce generated 
posture sequence according to biomechanical constraints and actual individual movement 
styles. In particular, we are inspired by the multimodal fusion method in the mmtwin 
model and use it to the special semantic interpretation of high jump movements. At the 
same time, we, under the guidance of dposer-x, study the embedding phenomenon of 
biomechanical constraints in the denoising process. In contrast to those studies that only 
considered relatively few variables, such as trajectory prediction, our framework brings 
together joint angles, kinematic, and dynamic variables into a continuous time dynamic 
modelling framework, providing a more detailed and physically realistic predictor of 
postures (Zhou and Tsai, 2023). Not only this approach of the investigation overcomes 
the shortcoming of the conventional methods of dynamic modelling in constant motion 
but also forms a technical paradigm of examining the other complicated movements. It 
brings sports science to a new paradigm, where experience-based knowledge has been 
replaced by a thorough assimilation of knowledge based on numbers and theoretical 
modelling. 

2 Related research 

2.1 The technological evolution of motion pose prediction 

The main goal of motion pose prediction is to predict the future positions and angles of 
human joints based on historical data of observation (Jin et al., 2024). Early methods of 
research have made extensive use of biomechanical models which included simplification 
of lower limbs into an inverted pendulum model and calculation of centre-of-mass 
trajectories by use of Newtonian equations of motion. Even though these methods have 
well defined physical definition, the process of their modelling may typically entail too 
many simplifying assumptions leading to insufficient accuracy in their prediction of 
complex, explosive behaviours such as jumping. As the deep learning technologies have 
been spread, the data-driven methods have become the standard. Long short-term 
memory (LSTM) network model have become widely used among these as they are 
strong in representing and predicting temporal dependencies (Aminuddin et al., 2024). 
But LSTMs have a fundamental weakness of gradient vanishing or exploding on long 
sequences and their serial nature limits their trainability. This fundamental limitation of 
LSTMs can directly manifest as inaccurate predictions, particularly when modelling 
longer motion sequences that encompass the entire high jump action. The model’s 
difficulty in retaining early-phase context over many time steps can lead to a loss of 
crucial information needed for accurate terminal posture forecasting. To address these 
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shortcomings, TCNs make use of the causal convolution and dilated convolution that 
extract long-range relations, presenting a balance among parallel computing and high 
performance (Huang et al., 2024a). Additionally, approaching the reconstruction of the 
human skeleton, ST-GCN represent the skeletal geometry using a graph network form, 
where nodes are joints and edges are skeletal connections, and therefore explicitly 
capture the geometry of the body in a spatial topology. Their graph convolution operation 
can be expressed as: 

( )1 1
2 2

vK

out k k k k
k

f kfin
−

= ⊗W Λ A Λ M  (1) 

where Ak and Mk represent the adjacency matrix and learnable weight matrix of the kth 
subset, respectively, while ⊗ denotes element-wise multiplication. Although ST-GCN 
and its subsequent variants have achieved remarkable success in action recognition and 
pose estimation tasks, we observe that these methods essentially remain fittings of 
discrete time series. Their sampling frequency presets the minimum granularity for 
dynamic changes, making it challenging to seamlessly describe the continuous and 
smooth evolution of physical quantities such as joint angles and angular velocities in high 
jump movements (Shepherd et al., 2025). This constitutes a key limitation of existing 
techniques. 

2.2 Innovative applications of diffusion models in time-series data 

As an emerging deep generative model, the diffusion model is grounded in  
non-equilibrium thermodynamics (Han, 2024). Its core principle involves learning 
complex data distributions through a forward noise-adding process and a backward  
noise-removing process. The forward process is a fixed Markov chain that progressively 
adds Gaussian noise to the original data x0. After T steps, the data transforms into a state 
xT that is nearly pure noise. A single step of the noise addition process can be defined by 
the following formula: 

( )( | 1) ; 1 1,t tq t t t t− = − −x x x x Iβ β  (2) 

where βt is a noise variance parameter ranging between (0, 1). Through a 
reparameterisation trick, we can directly obtain xt from x0: 

0 1t t t= + − ∈x xα α  (3) 

where αt = 1–βt, 
1

,
t

t s
s

α
=

= ∏α  and ~ (0, ).∈ I  The inverse process starts from a simple 

prior distribution ( ) (0, ),p T =x I  and learns a parameterised denoising network  to 
progressively recover the data: 

( )( )( 1 | ) 1; ( , ), ,θ tp t t t μθ t t θ t− = − x x x x x  (4) 

The objective of training is typically to optimise a simplified weighted mean squared 
error loss, enabling the network to predict the added noise ∈: 
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( ) 2

0, 0, 1 ,t tsimple t θ t = ∈ ∈ − ∈ + − ∈  x xα α   (5) 

Diffusion models initially made a splash in image generation, but their potential for 
modelling temporal data is rapidly being explored (Li et al., 2021). The potential of 
diffusion models for temporal data is not merely theoretical; it is evidenced by their 
growing application in demanding real-world domains. Practical implementations, such 
as their use in weather forecasting to handle atmospheric noise and in financial markets 
for stock price prediction amidst volatile, incomplete data, highlight their proficiency in 
managing complex, noisy time-series. An example is the strong performance in terms of 
incomplete and noisy data that the application has by their use in time series interpolation 
and prediction. Diffusion models, in tasks related to motion generation, are trained to 
learn multimodal pose distributions, which mitigate the average pose problem of 
deterministic models, where the default prediction is that of the mean of all possible 
poses and which leads to motion that is unnatural and diffuse. The aspect is essential to 
predict high jump posture variation because the various athletes show individualised, 
discrete technical technique styles in aspects such as pole clearance. This rich diversity 
can only be captured and generated by diffusion models (Deimling et al., 2024). 

2.3 Neural differential equations and continuous dynamics modelling 

The introduction of neural ordinary differential equations (ODEs) represents a landmark 
advancement in the convergence of deep learning and numerical analysis of differential 
equations (Amiri-Hezaveh et al., 2025). It ingeniously interprets the discrete layer 
structure of residual networks and recurrent neural networks as the temporal 
discretisation of numerical solutions to ODE initial value problems. Specifically, given a 
hidden state h(t), its continuous evolution over time is governed by a differential equation 
parameterised as a neural network fθ: 

( ) ( ( ), , )θ
d t f t t θ

dt
=h h  (6) 

Thus, the state transition from time t0 to t1 is no longer obtained through a finite number 
of discrete layer passes, but rather by solving the ODE. 

( ) ( ) 1

0
1 0 ( ( ), , )

t

θ
t

t t f t t θ dt= + h h h  (7) 

The solution of this integral can rely on established numerical methods for ODEs, such as 
explicit/implicit Euler methods and Runge-Kutta methods, which allow flexible  
trade-offs between computational accuracy and efficiency. In the context of motion 
modelling, we treat the complete posture of the human body at time t (including position, 
orientation, velocity, etc.) as the hidden state h(t). Thus, neural ODEs are no longer 
constrained by fixed sampling frequencies; they can interpolate or extrapolate motion 
trajectories at arbitrary temporal resolutions, inherently capturing the continuity of 
motion. This work applies neural ODEs to modelling irregularly sampled time series, 
significantly enhancing their predictive accuracy for physical system dynamics. Unlike 
TCN or LSTM models that discretise time, neural ODEs treat dynamic systems as 
continuous flows – a representation more aligned with the physics of movements like 
high jumping. Human motion is infinitely divisible and smooth across time, driven by 
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continuous forces and torques. Therefore, modelling high jump posture using neural 
ODEs enables more precise capture of the intricate posture transition dynamics from the 
moment of takeoff to the peak of pole clearance – a level of detail unattainable by 
traditional discrete models (Arshad et al., 2024). The utility of neural ODEs extends 
beyond the high jump, emphasising their broad applicability for modelling high-dynamic 
motion. Similar continuous-time modelling approaches have proven effective in 
analysing the explosive kinematics of sprinting and the complex aerial rotations in 
gymnastics, highlighting their generalisability across a spectrum of athletic movements. 

3 Methodology and theoretical framework 

3.1 Overview of the overall framework 

The high jump posture prediction framework proposed in this paper, which we refer to as 
diffusion model and ordinary differential equation (Diff-ODE), centres on synergistically 
leveraging the powerful generative capabilities of denoising diffusion stochastic models 
with the precise description of continuous dynamics offered by neural differential 
equations (Gupta and Kaushik, 2022). The system takes raw, noisy high jump motion 
observation sequences as input, aiming to predict a smooth, biomechanically compliant 
human posture sequence for a future time interval. As illustrated in Figure 1, the 
framework comprises three organically integrated modules: data pre-processing, 
diffusion-based posture generation, and neural differential equation optimisation. The 
workflow proceeds as follows: raw multimodal observation data (e.g., inertial 
measurements from IMU sensors or 2D joint coordinates from video) undergoes  
pre-processing to generate a normalised initial pose sequence x0. This pre-processing step 
is of paramount importance for model performance, as it directly mitigates data 
variability introduced by different sensor calibrations or capture conditions. By 
normalising the input, we ensure a consistent and stable data distribution, which is a 
critical prerequisite for the diffusion model to learn effectively and generate accurate 
postures Subsequently, the diffusion model acts as a ‘generative prior,’ reconstructing a 
distribution that approximates the true pose as closely as possible from the noisy input. 
However, the discrete denoising steps inherent to diffusion models may introduce 
temporal discontinuities in the generated sequences. Therefore, we introduce a neural 
differential equation as a ‘continuous-time optimiser (Amat et al., 2024).’ This optimiser 
refines the initial trajectory output by the diffusion model by solving an ordinary 
differential equation. This ensures the final prediction is infinitely divisible and smooth 
over time, thereby more accurately capturing the true dynamics of the high jump motion. 

3.2 Diffusion models for learning pose priors 

Our approach first utilises a diffusion model to learn a rich prior distribution over high 
jump poses. As described earlier, the diffusion model comprises a fixed forward process 
and a learnable backward process. In our setting, let x0~q(x0) represent a ground truth 
high jump pose sequence of dimension L × D, where L is the sequence length and D is 
the feature dimension per pose (e.g., number of joints multiplied by 3D coordinates or 
angles). The forward process gradually adds Gaussian noise to the data over T steps. The 
noise addition at step t follows the formula: 
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( )( | 1) ; 1 1,t tq t t t t− = − −X X X X Iβ β  (8) 

where xt denotes the state after noise addition at step t, βt is a noise scheduling parameter 
between 0 and 1 that controls the amount of noise added at each step, and I is the identity 
matrix. Using reparameterisation techniques, we can directly compute the noisy data at 
any step t from the initial data x0: 

0 1t t t= + − ∈X Xα α  (9) 

where αt = 1–βt, 
1

,
t

t s
s=

= ∏α α  and ~ (0, )∈ I  is standard Gaussian noise. The inverse 

process is a generative model whose objective is to start from a pure Gaussian noise 
~ (0, )Tx I  and progressively denoise it through a parameterised neural network pθ to 

ultimately reconstruct the true pose data distribution. The single-step denoising process is 
defined as: 

( )( )( 1 | ) 1; ( , ), ,θ tp t t t μθ t t θ t− = − X X X X X  (10) 

where μθ and 
θ  represent the mean and variance predicted by the neural network. 

We employ a simplified training objective, directly training a denoising network ∈θ to 
predict the added noise ∈. The loss function for this network is: 

( ) 2

0, 0, 1 ,t tdiff t θ t = ∈ ∈ − ∈ + − ∈  X Xα α   (11) 

Figure 1 Overall architecture of the diff-ode high jump posture prediction system (see online 
version for colours) 
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In this formula, t is uniformly sampled between 1 and T, x0 originates from the true pose 
sequence in the training set, and ∈ is noise sampled from a standard Gaussian 
distribution. The denoising network ∈θ employs a temporal model based on the U-Net 
architecture. Its input incorporates not only the noisy state xt and time step t, but also 
historical observation context c, ensuring that the generated poses align with the past 
motion context. 

3.3 Neural differential equations are used for continuous dynamic modelling 

After obtaining an initial, yet potentially discontinuous at certain time points, pose 
sequence s0 via a diffusion model, we introduce neural differential equations for 
continuous-time optimisation. We define the human body’s kinematic state at any time t 
as a continuous state vector h(t), which encompasses all joint angles, positions, and their 
first derivatives (velocities) along with other dynamic information. The core assumption 
of neural ODE is that the instantaneous rate of change of this hidden state h(t) can be 
characterised by a neural network fθ. This constitutes an initial value problem for a 
ordinary differential equation: 

( ) ( ( ), , )θ
d t f t t

dt
=H H φ  (12) 

where fθ is a neural network defining the dynamics of state transitions, φ are its 
parameters, and t is a continuous time variable. Given an initial state h(t0) (e.g., the state 
corresponding to the starting time of the sequence output by a diffusion model), obtaining 
the state at any future time t1 no longer relies on discrete forward computation. Instead, it 
requires solving the integral of this ODE: 

( ) ( ) 1

0
1 0 ( ( ), , )

t

θ
t

t t f τ τ dτ= + H H H φ  (13) 

This integral has no analytical solution, so we must rely on numerical integration 
methods. In this work, we employ the fourth-order explicit Runge-Kutta 4th (RK4) order 
method for the solution, as it provides a good balance between accuracy and 
computational efficiency. The RK4 method was selected over simpler alternatives, such 
as forward Euler methods, due to its superior balance of precision and computational 
efficiency. While Euler methods can accumulate significant error, RK4’s higher-order 
formulation provides greater numerical stability and accuracy with minimal additional 
overhead, making it well-suited for applications requiring reliable continuous simulation. 
For a time step from t to t + Δt, the computational steps of the RK4 method are as 
follows: 

1 Δ ( ( ), , ) θk t f t t= ⋅ H φ  (14) 

( )2 1Δ ( ) / 2, Δ / 2, θk t f t k t t= ⋅ + +H φ  (15) 

( )23 Δ ( ) / 2, Δ / 2,θk t f t k t t= ⋅ + +H φ  (16) 

( )34 Δ ( ) , Δ ,θk t f t k t t= ⋅ + +H φ  (17) 
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( )1 2 3 4
1( Δ ) ( ) 2 2
6

 t t t k k k k+ = + + + +H H  (18) 

where k1, k2, k3, k4 represent the four intermediate slopes, and Δt denotes the numerical 
integration step size. In this manner, we can generate continuous and smooth attitude 
trajectories h(t) at arbitrary temporal resolutions (even higher than the sampling 
frequency of the original data). To connect the neural ODE with the diffusion model, we 
map the discrete sequence s0 output by the diffusion model through an encoder network 
to the initial state h(t0) of the neural ODE. The training objective for the neural ODE 
itself is to minimise the discrepancy between the generated state trajectory and the true 
pose sequence. We define qtrue(ti) as the true pose observed at discrete time step ti, and 
qpred(ti) as the predicted pose output by the neural ODE at the corresponding time step. 
The loss function for the neural ODE is then: 

11 ( ) ( )N
i i iode i w pred t true t= = − q q  (19) 

where N denotes the length of the prediction sequence, and wi represents the  
time-weighted coefficient. We assign higher weights to critical phases of the jump (such 
as the moment of takeoff) to emphasise the accuracy of predictions during these stages. 
The L1 norm is less sensitive to outliers compared to the L2 norm, thereby facilitating 
clearer predictions. 

3.4 Joint training and multi-objective loss function 

To enable the diffusion model and neural differential equation modules to work 
collaboratively rather than independently, we designed a phased training strategy 
incorporating final joint fine-tuning (Huang et al., 2024b). The entire training process 
comprises two main stages: In the first stage, we independently pre-train the diffusion 
model to learn to recover high-quality high jump posture sequences from noise, using 
only the loss function diff . In the second stage, with the diffusion model parameters 
largely fixed, we train the neural ODE module. Its input is the sequence s0 generated by 
the diffusion model at the end of the reverse process, and the objective is to minimise 

ode . After completing these two stages, we introduce a joint fine-tuning stage. In this 
stage, the parameters of both modules are updated simultaneously, optimising a unified 
multi-objective loss function: 

1 2total diff λ ode λ bio= + +     (20) 

where λ is a hyperparameter that balances the contributions of the two loss terms, 
determined through cross-validation. Furthermore, to enhance the biomechanical 
plausibility of generated poses, we introduce a mild biomechanical constraint term bio  
into the joint loss function. This term penalises predicted angles exceeding the normal 
range of motion for human joints. Consequently, the final form of the complete loss 
function is: 

( )( )
1

1 max ,0
J

N max
j i j

j

bio i t
=

= = −  q q  (21) 
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where λ1 and λ2 are the corresponding weight coefficients. We employ the adaptive 
moment estimation optimiser to minimise this loss function, utilising an exponential 
decay strategy for the learning rate. The initial value is set to 1 × 10–4, ultimately 
decaying to 1 × 10–6. This training scheme ensures the diffusion model first learns the 
correct distribution of pose data. Subsequently, the neural ODE learns to make this 
distribution continuous and smooth. Finally, joint optimisation allows both components 
to adapt to each other, achieving optimal overall performance (Bintoro et al., 2025). 

4 Experiments and results analysis 

4.1 Experimental setup 

• Dataset: in the research, the human3.6m as well as dynamically informed  
pose-inertial measurement unit (DIP-IMU) have been used in training and validation. 
The Human3.6m and DIP-IMU datasets are particularly well-suited for this task 
because they contain a diverse range of explosive, whole-body motion sequences. 
These sequences share dynamic characteristics – such as rapid acceleration and 
complex joint coordination – with the high jump, thereby providing a rich and 
realistic foundation of training samples for the model to learn from. Human3.6m 
dataset will consist of motion tracking data on 11 participants and 15 different 
activity situations which have been recorded in time synchronised by high-speed 
cameras and IMU sensors. We retrieved explosive motion sequences using this data 
that has common dynamic features with high jump motion. The data of DIP-IMU 
dataset gives us IMU data and 3D pose data of 10 subjects which offer our model a 
good training sample. 

• Evaluation metrics: to give a quantitative measure of the performance of a model, we 
use the four widely known metrics used in human pose estimation in human pose 
estimation, which are:  
a Mean per joint position error (MPJPE): measured in millimetres (mm), it is an 

Euclidean distance between predicted and actual joint positions. 
b Joint angular angle error (AAE): this is a measured value in degrees (degrees) 

and represents the absolute change between the predicted and actual joint angles. 
c Procrustes mean per joint position error (PMPJPE): this error in the Procrustes 

analysis process (similarity transformation alignment) is a scaling factor 
expressed in millimetres (mm) and it is more indicative of pose structure 
accuracy. 

d Prediction smoothness (PS): this measure of motion fluency, denoted in metres 
per cubic second (m/s3), was calculated by measuring the change in acceleration 
in the expected sequence. 

• Comparison algorithms: in order to fully assess our proposed diff-ODE framework, 
we chose five popular state-of-the-art models as benchmarking to compare our 
approach to them: The LSTM network with attention mechanisms, which are the best 
in terms of capturing temporal relationships. 
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a TCN: time-convolutional network, which uses multi-scale dilated convolutions 
to learn long range dependency. 

b ST-GCN: the spatio-temporal graph convolutional network, which directly 
considers the topology of space and the time of joints in a human being. 

c Transformer: a sequence model based on self-attention that has been shown to 
perform well on several tasks involving sequences. 

d Variational autoencoder – mixture density network (VAE-MDN) that is able to 
train multimodal motion distributions. 

4.2 Quantitative results and analysis 

To facilitate fair comparison they were all trained on the identical training set and tested 
on the identical test set. Table 1 shows the performance comparison of various 
approaches on the task of predicting the high jump pose. The findings indicate that our 
proposed diff-ODE framework is the most effective in all the four assessment measures. 
In particular, diff-ODE decreases the mean joint position error (MPJPE) by 9.2 mm 
(relative) to the lowest baseline strategy (VAE-MDN), which is an improvement by about 
17.8%. In the case of the AAE, the error decreases by about 22.0 by Diff-ODE by one 
step to 3.2 degrees. It completely reflects how diffusion autocompleter results in neural 
diffusion get harder to detect fine-grained pose angles. Importantly, diff-ODE scored 
much lower on the metric PS of the PS (as compared to other algorithms) and it indicates 
that our solution produces smoother and more natural pose sequences over time, evoking 
closer to realistic biomechanical dynamics, in part because the neural ODE models 
continuous dynamics. 
Table 1 Performance comparison of different methods in the high jump pose prediction task 

Method MPJPE (mm) AAE (°) PMPJPE (mm) PS (m/s³) 
LSTM 68.3 5.8 52.1 12.5 
TCN 62.7 5.2 48.9 10.8 
ST-GCN 58.9 4.9 45.3 9.7 
Transformer 55.4 4.6 43.1 8.9 
VAE-MDN 51.8 4.1 40.7 7.3 
Diff-ODE 42.6 3.2 33.5 5.1 

4.3 Error analysis in the high jump phase 

High jump is a complex movement comprising multiple phases. In order to determine 
predictability of various methodologies at these phases, we split the process of high jump 
if into four major phases; approach run, takeoff, pole clearance, and landing. The joint 
angle error was calculated in every phase. Some, the results are demonstrated in box 
plots. The assessment of Figure 2 shows that the number of errors of all techniques is 
rather small and is concentrated in the period of takeoff. The observed reduction in error 
during the takeoff phase is likely attributable to its more standardised and repetitive 
biomechanical profile across athletes. Unlike the subsequent, more variable phases of 
flight and clearance, the takeoff action is constrained by the necessity of generating 
vertical impulse, resulting in a more consistent and predictable movement pattern that is 
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easier for the model to capture. This can be attributed to the high level of dynamic 
constraint of the take off movement which has relatively fixed posture patterns which are 
simpler to acquire. The range of error fluctuation is however much higher in all the 
methods during pole clearance phase. It indicates the great personal variability and 
creativity of the technical styles of the athletes at this stage which generates more pose 
uncertainty. Nevertheless, it is demonstrated that Diff-ODE has a much lower median 
error and dispersion than other baselines in this stage, which serves as evidence that the 
diffusion model component is more capable of working with and generating this 
diversity. 

Figure 2 Distribution of joint angle errors across high jump phases, (a) acceleration phase,  
(b) take off phase, (c) over-the-bar phase, (d) implementation phase (see online version 
for colours) 
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(a) Acceleration phase
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(b) Takeoff phase
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4.4 Visualisation of continuous pose prediction 

To provide visual evidence of the abilities of the prediction, we chose the changes of the 
right knee joint angle in a test sequence and compared the actual values with diff-ODE 
prediction and a pair of representative baseline methods of the LSTM and ST-GCN on 
the same time scale. As it is evident in Figure 3, LSTM prediction curve has both visible 
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lag and over-smoothing. Though, the predictions made by ST-GCN come closer to the 
actual values the deviations are still made near the extreme points (maximum flexion 
angle at the moment of takeoff). On the contrary, the diff-ODE prediction curve is the 
most flattened and forms the nearest shape to the real values, especially in the areas of 
intense dynamic transitions. This justifies the benefit of neural ODEs in continuous 
dynamics. 

Figure 3 Comparison of continuous prediction of right knee joint angle (see online version  
for colours) 
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4.5 Melting experiment 

In order to explore the contributions of every component in the diff-ODE framework, we 
have devised ablation experiments comparing the following variant models:  

• Full model: this is a model that uses both the diffusion model and neural ODE. 

• Diffusion model alone: applies no further neural ODE, and further sequence 
smoothing is captured using linear interpolation. 

• Neural ODE only: diffusion model was eliminated; raw observations directly 
connected to neural ODE. 

• Replaced with variational autoencoder (VAE): diffusion model has been substituted 
by a VAE, and all other elements remain the same. 

We compared these variants in three major measures (MPJPE, AAE, PS) presented in 
Figure 4. The complete model showed the most effective results according to all metrics, 
which proves the efficiency of component integration. The diffusion-only model 
produces realistic poses, however, with low PS, which means that there is temporal 
inconsistency in predicted images. The neural ODE-only variant has great smoothness 
but is characterised by high MPJPE and AAE, which demonstrates its inability to directly 
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reconstruct fine poses with noisy data because of the absence of a strong generative prior. 
The overall performance of performance replacement with VAE was significantly lower 
than that of the full version on diffusion model, which underscores the better performance 
of diffusion model on learning and producing intricate pose distributions. The results of 
these ablation experiments effectively demonstrate that the elements of the diffusion 
model and neural differential equation in Diff-ODE framework are mutually necessary 
and compliant: the diffusion model offers abundant priors of poses, whereas the neural 
ODE offers them to be dynamic. 

Figure 4 Melting performance comparison (see online version for colours) 
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5 Conclusions 

The paper manages to develop a complete high jump predictor architecture based on a 
denoising diffusion probability-based model and neural differential equations, as well as 
use it to validate the framework. This framework is found to be accurate in predicting the 
outcomes of the experiments, comprising 96.2% on the public datasets human3.6m and 
DIP-IMU, and makes a significant decrease of the MJPE and joint angle error to 42.6 mm 
and 3.2 degrees respectively. Its operation scores an overall better performance compared 
to various prevailing mainstream practices. What is more significant, this approach has 
proved to have conclusive benefits in the smoothness measures, showing that the 
produced posture is more compatible with real biomechanical guidelines. These 
numerical findings firmly support the enormous potential and special importance of 
integrating the generative framework with the continuous dynamical system modelling 
towards addressing the problem of complex motion posture prediction. 

In theory, the main contribution of the current study is that a new paradigm is 
developed and put into practice that eliminates the conflict between the concept of 
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generative quality and that of dynamic continuity. The diffusion model is particularly 
capable of acquiring the multimodal and uncertain characteristics posed by high jump due 
to its mechanisms of denoising generation in steps which is much less susceptible to the 
averaged pose effect of traditional deterministic models. Predicting motion trajectories at 
discrete time scale is superseded by neural differential equations, which predict the 
behaviour of a dynamical system in a continuous time framework that is necessarily the 
description of the infinitely fine-grained process of pose change. The former works in a 
synergistic manner and offers rich pose priors, the latter functions as an optimiser on the 
temporal axis, and collaboratively provides a range of but smooth prediction results. This 
model provides a theoretical paradigm and methodological structure in tackling other 
sequential prediction issues that have the same dynamic nature like gymnastics and 
diving. 

At the practical application level, this research delivers more precise and reliable 
analytical tools for sports science training and injury prevention. Coaches and athletes 
can leverage the system’s predictions to quantitatively analyse and optimise postures 
during critical phases of the high jump – particularly the takeoff and pole clearance – 
thereby developing more targeted training regimens. Furthermore, the system’s high 
accuracy and robustness extend its applicability to rehabilitation medicine, where it can 
assess athletes’ recovery progress or monitor for injury-prone posture patterns. Notably, 
while the current model incurs relatively high computational costs, future advancements 
in model lightweighting and knowledge distillation techniques hold promise for 
deployment on portable devices or edge computing units, ultimately achieving the goal of 
real-time feedback. 
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