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Abstract: The use of real-world motorsport telemetry data is limited by its relative rarity, commercial confidentiality and 

high cost, not to mention a lack of quantity when needed for comprehensive training of aero-stability prediction systems. 

A Denoising Diffusion Probabilistic Model (DDPM) framework which learns a joint statistical and temporal relationship 

between multi-channel vehicle sensor data and produces high fidelity training sequences indistinguishable from real 

telemetry from a race. It features a U-Net denoising backbone with cross channel temporal attention, a linear noise 

schedule over T = 1000 timesteps and a physics-informed Stability Score (Ψ) consistency loss that allows to connect the 

generative process to the physics of aerodynamics. The results of extensive evaluation experiments on simulated 

Formula-like telemetry channels, covering channels speed, acceleration, suspension movement, wings load, tyre 

temperature, and aerodynamic pressure, show that the proposed diffusion model outperforms GAN, VAE, and LSTM 

synthesis baseline models on all three metrics: 96% downstream classifier accuracy, realism score of 0.94, and mean 

squared error between real and synthesized channels of 0.03. The framework is intended to be an underlying basis for 

aero-stability artificial intelligence training pipelines that need to work on scarce data. 

Keywords: Motorsport Telemetry; Denoising Diffusion Probabilistic Models; Aero-Stability Prediction. 

1. Introduction  

In the creation of reliable aero-stability prediction systems 

for Formula-style racing vehicles, the availability of 

accurate, large and diverse telemetry datasets over the full 

operational spectrum of the vehicle is critical. In the world 

of competitive motorsport, however, the telemetry data is 

a more commercially sensitive of all the categories of IP. 

Over 1500 data channels, covering very high sampling 

rates, from 100 Hz to 20,000 Hz are recorded at race 

weekends at each constructor and these data are strictly 

under confidentiality agreements, FIA data retention rules 

and a competitive non-disclosure obligations, which 

effectively prevent inter-team or inter-academic sharing 

[1]. The result is that turning to the simulator or using 

publicly shared datasets with fewer academic research 

efforts and smaller teams of professional engineers for 

aerodynamic analysis tools is limited to relatively small, 

uniform and low-fidelity dataset. One principled way to 

combat this scarcity is to tackle the problem by working 

with data augmentation using generative modelling. 

Generative models based on a small number of real 

telemetry data may be able to generate arbitrarily large 

amounts of training sequences that are statistically 

identical to the training set yet have identical temporally 

dynamics, inter-channel correlations, and physical 

consistency to that of genuine telemetry. Although they 

have broadly been used for synthesizing time-series, 

generative adversarial networks (GANs) have been 

recognized as suffering from training instability, mode 

collapse problems, and poor variance of generated series 

distributions [2].  

Variational autoencoders (VAEs) are more stable to train, 

however, its synthetic signals are often missed by varrying 

at high frequencies that are important for flutter and 

instability detection. Although LSTM-based sequence 

generation models incorporate [3] the temporal 

autocorrelation of time series typical of certain classes of 

problems, they are limited in terms of the complexity of 

the multimodal joint distribution of multi-channel time 
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series in these different race conditions and car setups 

from what is commonly found in telemetry problems. 

Denoising Diffusion Probabilistic Models (DDPMs) [4] was 

introduced by Ho et al. in 2020 and is a fundamentally new 

generative paradigm, learning a reverse Markov chain to 

denoise Gaussian noise through a gradual addition of 

noise.  While GANs require a complex discriminative 

objective, resulting in more limited yet more coherent sets 

of samples, diffusion models are trained on a stable 

objective of denoising that can be applied to a variety of 

data modalities, and generate variability-rich high-fidelity 

samples without today's common problem of "Mode 

Collapse"[5]. The diffusion models can achieve state-of-

the-art synthesis performance for images, and can be 

adapted for generating audio waveforms (WaveGrad, 

DiffWave) and multi-variate time-series forecasts 

(TimeGrad, CSDI) which highlights their broad 

applicability beyond image domains. This has not yet been 

studied, however, when related to motorsport telemetry 

synthesis for multicomponent engines. But when it is 

related to multi-channel motorsport telemetry synthesis 

the case has been never studied [6]. 

2. Literature Survey  

2.1. Generative Models for Time-Series Synthesis 

This paper proposes a modified DDPM framework 

specifically adapted for motorsport telemetry synthesis, 

along with three innovations from the DDPM: (a) we 

model inter-sensor [7] correlations explicitly for the reverse 

diffusion process with a cross-channel temporal attention 

mechanism; (b) a physics-informed Stability Score (Ψ) 

consistency loss aimed at constraining synthetic sequences 

to such that their aerodynamic state trajectories are 

judicious for physical plausibility when evaluated at the 

cycle level of operation; (c) the introduction of a multi-

scale temporal patch embedding to allow the model to 

encode oscillatory dynamics across frequency ranges 

ranging from 0.1 Hz (lap-level aerodynamic state cycles) to 

500Hz (wing structural vibration modes) in a single 

denoising network. The added values of this work include: 

(i) the first application of diffusion-based generation in 

multi-channel motorsport telemetry; (ii) the Ψ-score 

consistency loss as a domain-specific physical 

regularisation; and (iii) the in-depth benchmarking against 

GAN, VAE and LSTM methods, showing Pareto-

dominance in all measures. 

2.2. Denoising Diffusion Probabilistic Models 

A number of paradigms of generative modelling of time 

series data have been attempted. Initially, autoregressive 

(WaveNet) models were used for audio generation with 

the idea of factorising the joint sequence distribution of the 

audio stream into a product of conditional distributions 

[8]. One of the extensions of GANs specific to time series is 

TimeGAN which involves training with a supervised 

stepwise loss on the learned embeddings to ensure 

temporal consistency, and RCGAN which employs 

recurrent generators and discriminators. Although some 

progress has been made, time-series synthesis based on 

GAN still suffers from the issues of mode collapse and 

oscillating training process, especially for the case of high-

dimensional multi-channel time-series with complicated 

spectral structures [9]. VAEs have stable training 

conditions and generate explicit latent representation, but 

have Gaussian posterior assumptions that restrict 

expressivity for multimodal posterior distributions [10]. 

2.3. Motorsport Telemetry Analysis and AI 

In their work, Ho et al. presented a generative approach 

for DDPMs which used a fixed forward Markov process to 

add Gaussian noise to data samples and a learned reverse 

process to remove Gaussian noise from the corrupted data 

[11]. The training objective is a simplified version of the 

variational lower bound that can be broken down into a 

denoising task of predicting denoisy ϵ added in each 

timestep t, condition on the noisy signal and the timestep 

embedding. To unify DDPMs and score matching models, 

Song et al. extended the formula [13] to continuous time 

stochastic differential equation (SDE) models (stochastic 

differential equations) (score-based generative models). 

Later-step speed-ups are the deterministic sampling 

scheme that can be implemented in DDIM, which requires 

10–50 times fewer steps than DDPM, and latent diffusion 

models (LDMs), which process diffusion in a compressed 

latent space. The diffusion framework has proven useful 

for image-based applications, but it has also been applied 

to biomedical signal generation, as well as the generation 

of financial time-series. [13]. 

2.4. Sensor Fusion for Vehicle Dynamics 

Articles have been using AI to analyse motorsport 

telemetry for lap time predictions, modelling tyre wear, 

enhancing strategy optimisation and driver behaviour 

analysis. The temporal evolution of vehicle dynamics 

parameters from multi-channel stream of sensors has often 

been modelled using the recurrent networks such as LSTM 

and GRU. The topological structure of the interactions of 

vehicle dynamics has been developed into a graph neural 

network model, with the sensors as nodes and the physical 

coupling relationship as a "road". The physics-informed 

neural network (PINN) has been recently used to add 

enforcing of vehicle dynamics equations as soft constraint 

to data-driven state estimation. All of them, however, are 

based on real or simulated telemetry data and do not try to 

tackle the problem of data scarcity with generative 

synthesis [14]. 

2.5. Physics-Informed Generative Models 

In the motorsport vehicle state estimation, the fusion of 

multi-sensors such as inertial measurement units (IMUs), 

optical encoders, strain gages, pressure transducers, and 

visual sensors is used. Kalman filter 
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and its nonlinear extensions (EKF, UKF) give optimal 

linear fusion, assuming Gaussian noise indicates [3]. The 

particle filters were used to deal with non-Gaussian 

distributions and are more expensive to compute. The 

main differences between deep sensor fusion architectures 

and hand-engineered fusion rules lie in the ability to 

adaptively use a sensor dependent on reliability and 

relevance at each point in time, based on a learned cross-

modal attention mechanism. The cause-and-effect model 

must represent not only the temporal self correlations from 

the individual channels, but also the complex cross-

channel conditional dependency, which is a measure of the 

physical coupling between the aerodynamic, mechanical 

and thermal systems, in the case of a multi-sensor fused 

telemetry system [15]. 
 

3. Research Gap and Existing System 
 

The existing methods for overcoming the lack of 

motorsport telemetry data center on four main currents 

methods that cause many limitations. The first class of 

"race simulation software," (e.g., rFactor Pro, Ansible 

Motion SIL/HIL simulators and proprietary constructor 

simulation environments) uses synthetic telemetry, created 

by numerically integrating the equations of vehicle 

dynamics. By construction, simulator-generated data is 

physically consistent however it cannot convey all the 

stochastic variation inherent in the real race environment: 

tyre compound batch to batch variation, track surface 

evolution from session to session, real time atmospheric 

boundary layer fluctuations and the statistical distribution 

of the driver micro inputs, which modulate the cycles of 

aero load. Second, the classical data augmentation 

methods, such as temporal resampling, amplitude scaling 

and jitter injection, are used to augment the existing 

telemetry segments. These enhancements only change the 

statistics of individual signals [16] and do not produce 

qualitatively new operating conditions, or inter-channel 

dependency structures, not present in the original data 

series. Third, when training in related automotive data sets 

(road car NVH measurement, formula student data), 

spectral/skincross and temporal range gaps or variations 

between consumer and racing-car telemetry side-streams 

make transfer learning difficult. Fourth, although there 

have been attempts at synthesis in related areas, GANs 

yield low diversity synthesis results and need careful 

tuning for the generator architectures of each individual 

channel, localized to the sampling rates and physical units 

of multi-channel motorsport telemetry. The main open 

question is designing a generative model that will retain: 

(a) temporal autocorrelation occuring within each channel 

on multiple time scales; (b) cross channel statistical 

dependencies reflecting physical vehicle coupling; and (c) 

a globally physically plausible operating trajectory for a 

synthesised image [17]. 

4. Proposed System 

4.1. System Architecture Overview 

View from the system architect's perspective. System 

Architecture Overview. The proposed framework is shown 

in this figure (Fig. 1) and involves the following stages: 

Stage (1) Multi-sensor telemetry acquisition and pre-

processing; Stage (2) Temporal patch embedding and 

cross-channel attention; Stage (3) Forward diffusion 

process (noise injection); Stage (4) Reverse denoising 

process via the conditioned U-Net backbone; and Stage (5) 

Synthetic telemetry validation via statistical fidelity 

metrics and the physics-informed Stability Score Ψ. The 

generated sequences are then added to the real training 

corpus, and are then used to augment the learning process 

of downstream aero-stability classifiers. 

 
Fig. 1 Complete diffusion-based telemetry generation architecture: multi-

sensor fusion through forward/reverse diffusion to validated synthetic 

output. 

4.2. Telemetry Acquisition and Preprocessing 

D = 8 sensor channels whose sampling rate was unified 

after anti-aliasing downsampling: 1) front and rear of the 

suspension displacement s_f and s_r (mm); 2) the front and 

rear tyre surface temperatures T_{tyre} (°C); 3) the lateral 

and longitudinal acceleration a_{lat} and a_{lon} (m/s²); 4) 

the longitudinal speed v (km/h); 5) the aerodynamic load 

force at front (airplane) F_{w} (N); 6) the aerodynamic 

pressure at rear (airplane) P_{aero} (kPa). Preprocessing 

ensures z-score normalisation of the channels with 30 s 

rolling window with an exponential filter to handle non-

stationary mean and variance due to fuel load fluctuation 

and temperature variations in tyres. The training examples 

are segments of length L = 512 samples (512 ms) that are 

taken with 50% overlap from a continuous recording 

session, to best use the training data [18]. 

4.3. Forward Diffusion Process 

This forward diffusion process represents a specified 

irregular chain with tainted telemetry time series x0 

corrupted by Gaussian noise through 1000 timesteps. This 

conditional distribution of the noisy signal at time t with 

respect to the time t − 1 is: 

 
 

where τ is the index of the schedule and β_t would be the 

variance of the noise. A linear schedule is used and β_t 

grows from 10⁻⁴ to 0.02. Closed form distribution pioneers 
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the ability to sample from the marginal distribution x_t 

directly from x_0 without having to sample through all 

intermediate marginals α_s, 1 ≤ s ≤ t, as this is inequalities 

distribution (ID) model: 

 

q(xₜ  | x₀) = Ν(xₜ  ; √α̅ₜ x₀, (1−α̅ₜ) I)          (2) 

 

With this reparameterisation, optimal training efficiency 

can be achieved by using arbitrary time steps in single 

forward evaluation. When t = T, the marginal α̅_T is almost 

equal to zero, which makes the marginal distribution of x 

approximately standard Gaussian which is the beginning 

of the reverse process for generating [19]. 

4.4. Reverse Denoising Process and U-Net Backbone 

Learning a parameterised Markov chain as a reverse 

process is done by iteratively denoising, recovering x_0 

from x_T: 

 

p_θ(xₜ ₋₁ | xₜ ) = Ν(xₜ ₋₁ ; μ_θ(xₜ , t), Σ_θ(xₜ , t))          (3) 

 

The mean μ_θ is parameterised using a noise prediction 

network ϵ_θ as is done in Ho et al.: 

 

μ_θ(xₜ , t) = (1/√αₜ )(xₜ  − (βₜ /√(1−α̅ₜ)) ϵ_θ(xₜ , t))          (4) 

 

Noise prediction network ϵ_θ consists of a 1-D U-Net with 

six levels of the encoder and the decoder, respectively, in 

the temporal dimension. A set of two residual convolution 

blocks and two cross-channel self-attention layers is used 

for each encoder level to compute attention scores across 

the D sensor channels at each timestep, allowing for the 

model to capture inter-sensor dependencies during 

denoising [20].  

 

A sinusoidal encoding is used to embed the timestep t and 

an adaptive group normalisation (AdaGN) is added to 

inject the timestep t to every residual block. High 

resolution temporal features are preserved in fine-grained 

signal reconstruction with skip connections in both 

symmetric encoder and decoder levels. The model has 

around 14.2M parameters that can be trained on a single 

NVIDIA A100 GPU in about 18 hrs in total over 300 epochs 

on the training corpus. 

4.5. Training Objective and Stability Score Loss 

The major training loss is the simplified DDPM denoising 

loss which is the squared error between the true noise and 

the denoised noise, averaged over the expected value: 

 

L_{denoise} = ᵓ[|| ϵ − ϵ_θ(xₜ , t) ||^2]          (5) 

 

PHYSICS-INFORMED Stability Score (Ψ) consistency loss 

is regularised as a regularisation term. Stability Score is a 

scalar composite metric: 

Ψ = (ω₁ A_{norm} + ω₂ V_{norm} + ω₃ P_{norm}) / 3          (6) 

 

In the example given above, aerodynamic load, velocity 

and pressure are all normalized (denoted by A_{norm}, 

V_{norm} and P_{norm}) and weights ω_1 = 0.45, ω_2 = 

0.30, ω_3 = 0.25 are calibrated based on physical vehicle 

models. For a given denoised and real sequence, 

integrating the loss of Ψ-consistency cost between the 

intermediate time steps t ∈ [T/4, T/2]: 

 

L_{Ψ} = [|| Ψ(x₀) − Ψ(̂{x}_0(xₜ , ϵ_θ)) ||^2]          (7) 

 

Comparing the one-step denoised estimate ̂{x}_0(xₜ , ϵ_θ) 

produced by using the previous noise prediction and x_t. 

The total loss from training is: 

 

L_{total} = L_{denoise} + λ_{Ψ} L_{Ψ}          (8) 

 

with λ_Ψ = 0.1. This provides a more robust training to a 

model that will be used for synthesising telemetry 

sequences without introducing physically impossible 

combinations of speed-loads that would lower the quality 

of the downstream classifiers' training. 
 

5. Results And Analysis 

5.1. Experimental Setup 

The experimental "corpus" consists of just 47 hours of 

simulated Formula-style telemetry, generated by a high 

fidelity 7DoF vehicle dynamics simulator with a quasi-

steady aerodynamic map obtained from CFD analysis. 

Three different vehicle configurations (high downforce, 

medium downforce and low downforce) were used with 

12 combinations of tyres and fuel, for a total of 36 different 

vehicle configurations [21]. Of this, 80% was employed for 

training the diffusion model, 10% validated the model, and 

10% was reserved as the held out real telemetry test set, 

which the syntactic outputs were compared to. All the 

baselines generative models (GAN, VAE, LSTM) were 

trained on the same corpus, and with the same search 

budget on hyperparameters. An LSTM-based aero-stability 

classifier was trained on the test set of all the generative 

models and standalone synthetic data, and evaluated 

against the real held out test data, to determine the 

accuracy of the classifiers for downstream classification. 

5.2. Quantitative Performance Comparison 

Table I gives a summary of the performance of all the 

above methods used for generation. The proposed 

diffusion model can generate a downstream accuracy of 

96% (GAN: 88%) and a realism score of 0.94 (GAN: 0.81), 

and a MSE of 0.030 (GAN: 0.120) and FID score of 0.96 

(GAN: 0.74). To calculate the realism score a Pearson 

correlation between the power spectral density (PSD) of 

the real channels and the synthetic channels is calculated 

and averaged over all the D = 8 sensor channels and all the 

test windows. The FID score is adapted Fréchet Inception 
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Distance, instead of using inception image features, it is 

based on LSTM (long short-term memory) encoded 

telemetry features. 
 

Table. 1  Synthetic Telemetry Quality — Method Comparison 

 

Method Accuracy 

(%) 

Realism 

Score 

MSE FID 

Score 

GAN 88.0 0.81 0.120 0.74 

VAE 90.0 0.84 0.100 0.79 

LSTM 

Synthesis 

92.0 0.87 0.070 0.83 

Proposed 

Diffusion 

96.0 0.94 0.030 0.96 

 

5.3. Telemetry Waveform Fidelity 

In four typical channels, an overlay of real and diffusion-

synthesised telemetry are shown in Fig. 2 for a 10-second 

section of a race. In addition to accurately reproducing the 

characteristic temporal structure of each channel – the 

oscillation frequency of wing load under braking and 

acceleration is 1-2Hz, the displacement response of the 

suspension to kerb impacts is parametric, the surface 

temperature of tyres evolves naturally with time and the 

speed curve through a complex chicane sequence is natural 

– the diffusion model models these nicely. High fidelity 

temporal reproduction is validated by the residual 

between real and synthetic signals, which clearly stays 

within one standard deviation of a real signal noise floor 

level, for all four channels. 

 

 
Fig. 2 Overlay of real (solid) and diffusion-synthesised (dashed) telemetry 

across speed, wing load, suspension, and tyre temperature channels. 

5.4. Inter-Sensor Correlation Fidelity 

The inter-sensor correlation matrices for real telemetry, as well as 

the real telemetry and diffusion-synthesised telemetry difference 

are shown in Fig.3.  

 
Fig.3  Inter-sensor correlation matrices for real (left) and synthetic (centre) 

telemetry; absolute difference (right) confirms structural fidelity. 

 

The correlation structure between the channels is 

reproduced very well in the diffusion model: the 

correlation between the speed and aerodynamic pressure 

is very high (r = 0.87 real vs. 0.85 synthetic); the moderate 

negative correlation between suspension displacement and 

wing load (r = −0.62 real vs. −0.59 synthetic); and the weak 

correlation between tyre temperature and the aerodynamic 

channels (r < 0.3 for both). The mean absolute correlation 

error among the different channel pairs is 0.024, while for 

the other models it is 0.089 (GAN) and 0.051 (VAE), 

respectively, indicating that the diffusion model maintains 

the physical coupling structure of the multi-sensor system. 

5.5. Method Performance Comparison 

In Fig. 4, a grouped bar chart is displayed with accuracy, 

realism score, signal fidelity, and FID bars comparing all 

four generative methods. Groups of bars are shown in Fig 

4 comparing accuracy, realism score, the fidelity of the 

signal and FID for all four generative methods. The 

diffusion model performs Pareto-dominantly—it is the 

best model on every component of every metric measured, 

as opposed to the other models, which sacrifice realism or 

MSE for accuracy, or accuracy for realism. A difference of 4 

percentage points is especially significant between the 

second-best model performance with the LSTM synthesis 

(92%) and the diffusion model (96%), which could enable 

the synthesised data to help the model learn a rare 

aerodynamic instability boundary condition, such as the 

airflow in the XFOUR gallery. 

 

 
Fig. 4 Comparison of GAN, VAE, LSTM, and proposed diffusion model 

across all synthetic telemetry quality metrics. 

 

5.6. Stability Score Distribution and Noise Schedule 

Fig. 5 (left) shows the distribution of the Stability Score Ψ 

of the three types of sequences: real, synthesised by GAN, 

synthesised by VAE, and synthesised by the diffusion.  The 

Kolmogorov-Smirnov statistics between the real 

distribution and the diffusion model are 0.031, which is 

significantly smaller than the other 2 baselines 0.142 

(GAN) and 0.088 (VAE), and the mean Ψ values between 

the real and diffusion distributions are similar to each 

other with only 0.005 difference. As seen in Fig. 5 (right), 

the schedule in used to produce a linear corruption curve 

from structured data (t = 0) to isotropic Gaussian noise (t = 

T) and the resulting signal retention and signal-to-noise 
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(SNR) curve is smooth, which is desirable.  

 
 

Fig. 5 (Left) Stability score Ψ distributions across methods. (Right) Linear 

noise schedule α̅ₜ and SNR across T=1000 diffusion timesteps. 

 

5.7. Ablation Study 

Table II is an ablation study to peel away each of the 

architectural components. The baselines U-Net model 

without attention gives an accuracy of 91.2% and realism 

score 0.86. Introducing explicit dependency modelling 

between sensors allows for significant accuracy boost to 

93.5% and realism to 0.89. The denoising network is then 

further enhanced by only adding the temporal, positional, 

encoding to achieve the accuracy of 94.8%. The complete 

model including the Ψ-consistency loss obtains the 

accuracy of 96.0 % and realism of 0.94, which demonstrates 

the components' independence in improving the 

performance. 
 
Table.2 Ablation Study — Component Contributions 

 
s Accuracy 

(%) 

Realism 

Score 

MSE 

No attention 

(baseline U-Net) 

91.2 0.86 0.075 

+ Cross-channel 

attention 

93.5 0.89 0.056 

+ Temporal 

positional 

encoding 

94.8 0.91 0.043 

+ Stability score 

loss (Ψ) 

95.6 0.93 0.036 

Full model (all 

components) 

96.0 0.94 0.030 

 

6. Conclusion and Future Scope 
 

The experimental findings prove that the diffusion-based 

generative modelling offers a qualitative improvement 

over GAN, VAE, and LSTM-based generative modelling 

for motor sport 4G / 5G telemetry data augmentation. 

There are 3 properties of DDPM that account for this 

performance advantage. First, this iterative reverse 

diffusion process forces the model to refine the generated 

sequence over T = 1000 denoising steps, progressively 

introduces temporal structure, inter-channel dependencies, 

and introduces physical plausibility constraints, unlike in 

GANs and VAEs that generate the sequence in a single 

forward pass. It is an iterative refinement process 

especially useful as it can generate long telemetry 

windows (512 ms at 1 kHz) with temporal coherence over 

hundreds of timesteps.  

 

Secondly, through the cross channel self-attention 

mechanism in the U-Net backbone, the denoising network 

is capable of considering the partially denoised states of 

other channels in the denoising step of each channel. This 

is especially important for the physical coupling 

relationships; for example, accurate denoising of the wing 

load channel at a certain timestep needs the knowledge of 

simultaneously evolving speed and aerodynamic pressure 

channels — the aerodynamic load is a nonlinear function 

of both. Independent treatment of channels (as done by the 

CNN standard backbones) does not capture inter-channel 

correlations: for this reason, the baseline mean absolute 

correlation error on the GAN is 0.089.  

 

Third, the Ψ-consistency loss is a conditional generation 

guidance term, which can be used without an additional 

classifier network during inference. During training, 

physical plausibility of partially denoised sequences is 

assessed via their aerodynamic properties by using the loss 

function to force the model to learn the inverse diffusion 

trajectory that gives physically plausible telemetry. This is 

especially critical for creating rare but safety-critical 

operating cases like high speed and high cross wind in 

which there is a high flutter risk, but these rare operating 

conditions are seldom included in the training corpus. The 

main drawback of this proposed framework is inference 

cost for generating synthetic telemetry: Only about 2.4 

seconds of NVIDIA A100 GPU inference time to produce 

synthetic telemetry for a single 512 ms segment. This cost 

is not problematic for augmentation of large numbers of 

datasets (millions of training sequences), but is not 

possible to generate synthetic data on the fly during online 

training. It can be lowered by 10–50× by the method of 

DDIM acceleration and latent diffusion, and it is a top 

priority of next research. 
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