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Abstract

Recent advances in deep learning have aimed to address the limitations of traditional
numerical simulations, which, although precise, are computationally intensive and often
impractical for real-time applications. Current models, however, may have challenge in
obtaining high predictive accuracy and long-term stability while obeying physical principles
for spatiotemporal prediction problems. We introduce DynamicGPT, a Vision Transformer-
based generative model specifically designed for spatiotemporal prediction. This model
operates without explicit physical constraints, preserving critical spatial features and
effectively capturing dependencies across varying time scales. The model integrates a multi-
scale embedding network to preserve critical spatial features and a tailored temporal modeling
network to effectively capture dependencies across varying time scales. This combination
enables DynamicGPT to maintain predictive accuracy and stability over long-term forecasts,
as validated by its performance in diverse real-world scenarios—including composite material
stress and crack analysis, global sea surface temperature prediction, and 3D reaction-diffusion
simulations—demonstrating its capability to handle out-of-distribution data, extended time
horizons, and complex 3D structures. Importantly, DynamicGPT can adhere to physical laws,
excels in partial differential equation parameter estimation, and optimizes its architecture for
reduced computational load. This work positions DynamicGPT as a scalable, data-driven
alternative bridging traditional simulations and modern Al, paving the way for advancement in

real-time spatiotemporal modeling.
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Introduction

Spatiotemporal physical processes are foundational to both natural and engineered
systems, governing phenomena across diverse fields. Historically, mathematical modeling has
served as a key approach to understanding and predicting these complex processes. Advances
in computational power and numerical techniques have enabled solutions to sophisticated
physical models that lack analytical solutions'=. Such models provide invaluable insights into
areas like atomic- and microscale material design*S, intricate fluid dynamics®’, and weather
forecasting®, offering an idealized framework for exploring physical behaviors. However,
modeling realistic spatiotemporal dynamics through numerical simulations often incurs
substantial computational costs, presenting significant challenge in advancing our

understanding and discovery of fundamental physical principles.

Recent advancements in artificial intelligence (Al) have opened up new possibilities
for overcoming these challenges across multiple scientific and industrial domains. Al-driven
approaches enable rapid, real-time prediction of spatiotemporal dynamics under varying input
conditions, finding success in fields like brittle crack propagation®!!, fluid machinery

1215 and enhanced weather forecasting through nowcasting!®!'7. A common

optimization
approach involves coupling Convolutional Neural Networks (CNN)-based autoencoders for
spatial modeling with Recurrent Neural Networks (RNNs) for temporal dynamics'®. However,

while effective in many applications, these methods still have limitations in capturing long-

term dependencies, restricting their predictive accuracy when extended sequences are involved.

To address these limitations, transformer architectures have gained attention for their
ability to handle long-term dependencies more effectively than traditional RNNs. Unlike RNN,
which process data sequentially, transformers leverage self-attention mechanisms to process

sequences in parallel, making them highly efficient in modeling long-term temporal



relationships. This paradigm shift has revolutionized various challenging tasks like natural
language processing, enabling state-of-the-art performance among the existing spatiotemporal
dynamic tasks'®?’. However, applying transformers to spatiotemporal forecasting presents
unique challenges, particularly when critical spatial information is lost during dimensionality
reduction. Successfully adapting transformers to these tasks requires careful preservation and

integration of spatial features in addition to temporal dependencies.

Recently, Physics-Informed Neural Networks (PINNs) have emerged as an innovative
approach for embedding physical laws into neural network architectures?!2*, By incorporating
boundary conditions (BCs), initial conditions (ICs), and conservation laws, PINNs enforce
physical consistency within Al-driven prediction frameworks. While PINNs offer valuable
advantages, they have limitations. They require a solid understanding of the underlying physics,
which can sometimes limit their broader applicability — particularly in cases where the
governing physical laws are not yet fully understood?*. Additionally, they struggle with
scalability in high-dimensional systems and often encounter training instability in nonlinear

and stochastic environments.

Given these challenges, we introduce a novel Vision Transformer (ViT)-based neural
network framework designed to predict long-term spatiotemporal dynamics directly from data,
without the need for explicit physical constraints or prior knowledge of the underlying system.
This makes it particularly suitable for real-world challenges where such constraints may be
unknown or impractical. Unlike traditional transformers, which often lose critical multi-scale
spatial features by compressing high-dimensional spatiotemporal fields into 1D vector tokens,
our approach preserves these features through a multi-scale kernel-based autoencoder?s¢
enhanced by a conditional Generative Adversarial Network (¢cGAN)?’ that embeds high-

dimensional spatiotemporal data into low-dimensional latent patches. These latent patches are



then passed through a ViT?® specifically designed to capture temporal interdependencies across
short-, mid-, and long-term regimes. The transformed patches are decoded to reconstruct future
spatiotemporal fields, enabling accurate predictions of complex dynamics. Therefore, we refer
to this algorithm as DynamicGPT from this point forward, as it is specialized for Dynamic
modeling through the integration of Generative learning with a Pre-trained multi-scale kernel-

based autoencoder and vision Transformer framework.

DynamicGPT effectively addresses the shortcomings of traditional methods by
preserving and modeling both spatial and temporal features across scales, resulting in enhanced
predictive accuracy. We validate its performance across a range of real-world applications,
including composite material behavior, nonlinear air pollution dispersion, sea surface
temperature forecasting, and three-dimensional reaction-diffusion systems. We validate
DynamicGPT across challenging scenarios, including out-of-distribution spatiotemporal
dynamics, extended temporal predictions, and complex three-dimensional spatial domains.
Additionally, by applying DynamicGPT to real-world datasets, we highlight its robustness and
versatility of the model in addressing practical prediction challenges. This research not only
establishes the effectiveness of DynamicGPT but also provides insights in optimizing neural
network architectures for diverse spatiotemporal dynamics, offering valuable guidance for

future studies in this field.

Results

DynamicGPT: A Novel Approach to Spatiotemporal Dynamics Prediction



Predicting complex spatiotemporal dynamics is a critical challenge across various
disciplines. Traditional models, which often rely on explicit physical constraints or transformer
architectures that suffer from loss of spatial information during dimensionality reduction,

frequently fail to capture the intricacies of these patterns. Many of these dynamics are governed
by partial differential equations (PDEs) of the form % = F(x, Vx¢, Vx*¢, ¢-Vx¢, ...), which

describe how a system evolves over time and space. These equations are typically solved
numerically by discretizing both spatial and temporal domains into sequences: ¢1.7 = {1, P2,
..., ¢r}, where T'is the total discretized time step and ¢: € R4 represents the system’s state at
time ti, discretized across d spatial points. The challenge lies in constructing a model that can
accurately generate future solution sets based on past data, while preserving both multi-scale

spatial features and complex temporal dynamics.

To address this, DynamicGPT, a ViT-based neural network specifically designed for
long-term spatiotemporal prediction, utilizes framework structured into three main stages:
embedding, temporal modeling, and prediction. It directly operates on data, avoiding the

need for explicit physical constraints or prior knowledge of the system’s underlying physics.

First, in the embedding stage (Green box in Figure 1a), the Multi-Spatial
Embedding Network (E) takes high-dimensional spatiotemporal solution sets ¢1:r as input
and transforms them into low-dimensional latent patches 1.7 (Eq. 1). This network captures
both local and global spatial features by employing multi-scale kernels. Small-scale kernels
detect localized phenomena (e.g., pollution hotspots), while large-scale kernels identify broader,
long-range patterns (e.g., cross-border pollutant transport). By integrating these multi-scale
spatial features into a unified feature map, the embedding network generates latent patches 1.1
that retain essential spatial information while significantly reducing the complexity of the

original solution sets (Left dotted box in Figure 1a). Unlike traditional transformers, which



reduce spatial information into 1D vectors, often leading to the loss of spatial information, our
model preserves a 2D latent space representation, better preserving complex spatial patterns.
Next, the resulting latent patches are then processed with a variational sampling technique,
modeling the inherent uncertainty present in real-world spatiotemporal dynamics. Additionally,
cGAN is incorporated to further strengthens the model's ability to generate future latent patches
under the distributional conditions of the past data. cGAN has been widely recognized in many
studies for its ability to enhance the prediction of spatiotemporal dynamics by modeling their

probabilistic characteristics, such as engineering and real-world problem?°-3¢,

After the latent patches &1.r are generated, Multi-Scale Temporal Network (D)
handles the temporal modeling stage (Gray box in Figure 1a). This network processes the
latent patches to predict the patch closest to the target future time step (Eq. 2). It leverages
variable time-length sequences of short-term patches &7+, mid-term patches ¢|=4:7+., and long-
term patches &1:1+1, allowing it to capture temporal dependencies over different time scales.
Padding is applied to align these patches in length. Temporal position embeddings are applied
to ensure the sequence of the events is maintained, enabling the model to learn temporal
patterns. These embedded patches pass through a self-attention mechanism, capturing
interactions across different time scales—from short-term fluctuations to long-term trends.
Unlike RNNs that process sequences step-by-step and struggle with capturing long-term
dependencies, the ViT processes variable time-length inputs in parallel by padding and
efficiently learns correlations between the prediction target and temporal patterns of varying
time-lengths. To further enhance temporal modeling, a ConvGRU?’ layer refines the
interactions between predicted patches, improving the model’s capacity to capture complex

temporal dependencies and leading to more accurate predictions.

In the prediction stage, Multi-Spatial Decoder (F) reconstructs the high-dimensional



solution sets from the predicted latent patches, enabling accurate forecasting of future
spatiotemporal dynamics (Blue box in Figure 1a). The decoder takes the predicted latent patch
&r+1+1 as an input and reconstructs the corresponding high-dimensional solution set ¢r++1 (Eq.
3). The predicted solution is then used in an autoregressive fashion, where the output of one
prediction step is used as input for the next. This autoregressive process allows the network to
recursively forecast multiple future time steps. By capturing both spatial and temporal
dynamics effectively, this inference structure ensures robust and reliable predictions across
various spatiotemporal tasks. For more detailed information on data processing, the optimized
architecture and training strategies, readers may refer to the Methods and Supplementary

Information B section. The formalized workflow is summarized as follows:

&t =E(¢p1, ¢, ... P1), (D
Er+i+1 = D(&v:r+L, ErrryaTHL, ET4L), (2)

¢rr+1 = F(&r+L+1). 3)
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Figure 1. Overview of DynamicGPT's Multi-Scale Spatiotemporal Network and Validation
Scenarios. (a) Multi-Scale Spatial Network: Combines small- and large-scale kernels to capture both
detailed local and broad global spatial features, critical for accurate predictions across varying spatial
contexts, such as in air pollution modeling. (b) Model Architecture: a multi-scale spatial encoder,
temporal network, and spatial decoder, integrated with cGAN discriminators. The temporal network
processes variable time-length spacetime patches (short-, mid-, and long-term) using ViT and
ConvGRU layers for robust predictions. (¢) Multi-Scale Temporal Network: Integrates short-, mid-, and
long-term dependencies, enabling the model to capture both immediate and gradual changes crucial for
long-term forecasting. P represents padding for variable time-length inputs in parallel (d) Validation
Scenarios: The model is validated across four scenarios, spanning different scales and complexities—
micro-scale crack propagation, macro-scale fluid flow, and global-scale air pollution and climate

dynamics—highlighting its versatility across diverse spatiotemporal tasks.



Real-World Problems for Validating DynamicGPT

DynamicGPT is designed to tackle the inherent complexities of spatiotemporal
dynamics with the goal of providing robust predictions across diverse real-world applications.
For effective deployment, it is crucial that the model generalizes beyond its training data. Real-
world problems often present unpredictable conditions, requiring consistent performance

across a variety of circumstances.

To rigorously evaluate DynamicGPT's generalization capabilities, we assess its
performance across five key scenarios that represent critical real-world challenges: 1. Out-of-
Distribution Behavior: Managing unexpected scenarios, such as fracture characteristics in
engineering materials that differ significantly from the training data. 2. Future Sequences:
Forecasting future states based solely on past training data, such as predicting future weather
conditions. 3. Larger/Different Domain Adaptation: Adapting to new or expanded spatial
domains, such as turbulence in different resolutions or larger geographical areas. 4. Three-
Dimensional Data Handling: Effectively processing complex 3D data, vital for applications
like anisotropic reaction-diffusion systems. 5. Experimental Data Applicability: Ensuring

reliable performance on real experimental data beyond idealized simulations.

Addressing these cases is essential for any deep learning model aiming to replace
traditional simulations and deliver reliable real-time predictions in spatiotemporal dynamics.
Therefore, to validate DynamicGPT’s robustness, we curated a series of real-world validation
datasets that reflect these challenges. The datasets consist of both numerical simulations and
experimental measurements, covering a broad range of temporal and spatial scales (Figure 1b).
These datasets are not just theoretical benchmarks but practical representations of critical issues
impacting everyday life, various industries, and natural phenomena. Each scenario tests a

unique aspect of DynamicGPT's capabilities, ensuring adaptability across a diverse range of



conditions. The validation scenarios include:

® Scenario I: Catastrophic Fracture in Structural Materials — Predicting material
failures is critical to ensuring the safety of buildings and transportation systems. In this
scenario, DynamicGPT is tested on its ability to predict stress distribution and crack
propagation in composite materials’*® commonly used in various industries. The
scenario also involves Out-of-Distribution Behavior, where fracture characteristics
not seen during training are introduced. This evaluation is vital for assessing whether

deep learning can replace traditional simulations in material design.

® Scenario II: Unsteady Flow in Fluid Machinery - Accurate predictions on complex
fluid flows are vital for safety and efficiency in engineering systems®. Here,
DynamicGPT is assessed on its ability to adapt to unseen Future Sequences and
larger or different spatial domains by simulating the flow dynamics perturbed by
three bodies and Rayleigh-Bénard convection flow. This scenario assesses the model’s

capability to manage complex fluid behaviors in varied conditions.

® Scenario III: Global-scale Sea Surface Temperature Variations - Monitoring and
predicting sea surface temperature (SST) variations are crucial for understanding
global climate trends*’. In this scenario, DynamicGPT is evaluated on its ability to
predict Future Sequences of SST data, including Out-of-Distribution values from
real-world Experimental Data collected via ship-mounted sensors. This assessment
tests the model’s applicability in handling real-world data and predicting large-scale

environmental changes.

® Scenario IV: Three-Dimensional Chemical Species Reaction and Diffusion —
Managing chemical processes in 3D spaces is essential for fields such as

environmental modeling and reaction-diffusion systems*!. This scenario examines



DynamicGPT’s ability to capture intricate spatiotemporal relationships within a 3D
context, showcasing the model's versatility in handling complex 3D data across

various applications.

Through these diverse and challenging scenarios, we aim to demonstrate
DynamicGPT's effectiveness in solving real-world problems critical to both industry and
human well-being. This validation process underscores DynamicGPT’s potential to replace
traditional simulations, providing reliable and scalable predictions. For more details on

simulation setup and dataset generation, please refer to the Methods section.

Baseline Model Selection and Rationale

To comprehensively evaluate DynamicGPT's performance, we selected three widely
used baseline models in spatiotemporal dynamic prediction tasks: PINN*, Transformer*?, and
Deep Generative Model (DGM)*. These models were chosen for their distinct approaches to
spatiotemporal modeling and their relevance to the types of dynamics addressed by
DynamicGPT. These models were chosen for their distinct approaches to spatiotemporal

modeling and their relevance to the types of dynamics addressed by DynamicGPT.

® PINNs* integrate physical governing equations directly into the neural network’s
loss function, enabling the model to enforce known physical laws during training.
This allows PINNs to model spatiotemporal phenomena based on partial differential
equations (PDEs) that describe system dynamics. While PINNs provide high
physical consistency and interpretability, their reliance on accurate physical
descriptions and the computational cost associated with solving PDEs limits their
scalability, especially in real-time predictions®*.

® Transformers*’, with their self-attention mechanisms, excel at modeling long-range
temporal dependencies within sequential data. In spatiotemporal dynamic

predictions, Transformers are often used with autoencoder architectures that reduce



high-dimensional spatiotemporal data into lower-dimensional latent vectors. While
effective at capturing temporal patterns, Transformers often suffer from spatial
information loss when dealing with high-dimensional data due to their focus on one-
dimensional representations and single-scale processing?®.

® DGMs*, particularly those using cGANs, are well-known for their ability to model

complex distributions and generate realistic samples. In spatiotemporal prediction
tasks, DGMs use encoder-ConvLSTM-decoder architectures to capture temporal
dependencies. However, the sequential nature of this structure can lead to error
propagation and instability in predictions, particularly for large or high-dimensional
datasets. Additionally, the high computational cost associated with training DGMs
makes them less suitable for real-time applications.

Since illustrating the prediction results of all baseline models across spatiotemporal
dynamics (i.e., changes over time and local spatial positions) would require extensive figure
sets that occupy significant space and increase visual complexity, we focus on comparing
DynamicGPT’s outcomes with the best-performing baseline model—DGM (based on RMSE
performance, see Table 1). This approach ensures that the visual presentation remains clear
and concise, highlighting the most relevant comparisons. For a more comprehensive evaluation,
all baseline models, including PINNs and Transformers, are analyzed using physical evaluation
criteria that form the basis of the simulation. Specifically, we compare: (i) Conservation law
evaluation, (11) Estimation of unknown PDE coefficients. These evaluations are critical for
assessing the ability of each model to not only predict spatiotemporal dynamics accurately but
also adhere to the underlying physical principles governing the system. By focusing on these
criteria, we ensure that all baseline models are evaluated on their capacity to maintain physical

consistency and provide meaningful insights into the system’s dynamics under various

scenarios. These evaluations will be discussed in detail in the subsequent sections.



Scenario 1 Scenario 2a Scenario 2b Scenario 3 Scenario 4
Method

Unit: (MPa) Unit: (m/s) Unit: (m/s) Unit: (°C) Unit: (ppm)

Field variables ours u u T c
DynamicGPT 1.81 x 10 1.183 x 10! 1.24 x 10° 3.92 x 10! 3.62 x 102
Deep generative model 231 x10* 1.702 x 10! 1.65 x 103 5.21 x 10! 1.65 x 10!
Transformer 2.68 x 104 1.842 x 10! 2.07 x 10 9.21 x 10! 221 x 10!
Physics-informed neural network 5.51 x 10 2211 x 10! 1.91 x 10% N/A 4.62 x 10!

Table 1. Root mean squared error for each test scenario. (1) predicting catastrophic failure of
composite materials, (2a,b) modeling complex unsteady hydrodynamics, (3) accurate long-term
prediction of global sea surface temperature change, and (4) simulating scaling-reaction-diffusion
systems in 3D. The best performing algorithms in each scenario are highlighted in bold. PINN is not
used as a baseline model in Scenario 3 because the result is a realistic estimation dataset, with

temperature fields only that cannot satisfy the governing equations.

Scenario I: Predicting Catastrophic Fracture in Composite Materials

In this scenario, we evaluated DynamicGPT’s ability to predict the brittle failure
behavior of composite materials under tensile loading, particularly for configurations that fall
outside the distribution of the training data according to the strength criteria. Accurately
predicting both strength and fracture behavior is crucial in material design, as these properties
determine a material’s ability to withstand external loads before failure®®. Figure 2a represents
the mechanical responses of various composite configurations. DynamicGPT was trained on
4,000 different configurations (represented by thin white lines) and tested on 1,000
configurations with higher strength values (represented by thin blue lines), which have ultimate
tensile strengths significantly higher than the training data, indicating out-of-distribution (OOD)
cases. The thick gray line represents the test configuration with the highest strength (0.052

MPa), more than twice the average strength of the training set (around 0.02 MPa).

When evaluated based on toughness (area below the stress-strain curve), the baseline

model (DGM) achieved an R? of 0.91, while DynamicGPT achieved a much higher R? of 0.97,



showing a substantial improvement in performance. Unlike the baseline model, which
struggles to maintain accuracy beyond 0.1% strain due to the accumulation of error,
DynamicGPT (blue line) closely follows the finite element method (FEM) curve for a full strain

range (Figure 2a).

Figures 2b and 2c¢ further examine the model’s performance on the highest strength
configuration (Top 1). Using the initial three stress field steps and the material’s geometric
layout as inputs, the model predicts both stress and crack fields at different strain levels. Figure
2b shows the stress distribution at different strain levels (0.025%, 0.05%, and 0.2%). At all

strain levels, DynamicGPT closely matches the FEM results, accurately capturing localized

stress concentrations associated with crack initiation and propagation—critical indicators of

material failure. In contrast, the baseline model accumulates significant errors at higher strain
levels, particularly when the material is on the verge of catastrophic failure. Accurately
predicting the stress field at this critical stage is vital for evaluating material safety in real-
world applications, further underscoring DynamicGPT’s potential as a reliable tool for

composite material design.

In addition, we compare the crack phase fields predicted by FEM, DynamicGPT, and
the baseline model (Figure 2c¢). Similar to the stress distribution results, DynamicGPT closely
aligns with FEM, accurately predicting crack initiation and growth. The baseline model,
however, struggles to predict crack behavior at higher strains, leading to significant deviations
and errors. This inability to model crack behavior accurately is a critical limitation in material
design, where predicting fracture patterns is as important as forecasting overall mechanical

performance.

These results collectively highlight DynamicGPT's superior ability to model both

stress and crack propagation with high precision, even in configurations beyond the training



data. Its robustness in handling complex spatiotemporal dynamics positions it as a powerful
alternative to traditional simulation methods, particularly in high-performance material design

and structural safety analysis.
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Figure 2. Performance of DynamicGPT in Predicting Composite Material Behavior Under Tensile
Loading. (a) Stress-strain curves comparing DynamicGPT (black), baseline (white), and FEM (blue)
across different composite configurations. Training data includes 4,000 configurations (thin white lines),
and test data includes 1,000 stronger configurations (thin blue lines). The thick gray line represents the
highest-strength configuration in the test set. DynamicGPT closely aligns with FEM, outperforming the
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Scenario II: Modeling Complex Unsteady Fluid Dynamics for Engineering
Safety and Efficiency

The validation in this scenario centers on DynamicGPT’s ability to predict unsteady
flow patterns, particularly when confronted with unseen geometries and boundary conditions.
Accurate flow prediction is crucial for real-world applications such as fluid machinery,
building design, and turbine engineering, where even minor inaccuracies can lead to

inefficiencies or catastrophic failures®.

Figure 3a illustrates the setup for both training and testing, where fluid flows past
different bodies with varying geometries. The challenge here lies in predicting how these flow
patterns evolve as the fluid encounters new obstacles—a key task in optimizing engineering
systems like airflow control. DynamicGPT’s ability to generalize and maintain accuracy in
these unseen configurations demonstrates its potential as a robust predictive tool for such
applications. Moreover, Figure 3b shifts the focus to turbulent channel flow, where the training
dataset is collected from smaller, less turbulent domains. The test set, however, includes larger
domains with intense turbulence, similar to Rayleigh-Bénard convection, where fluid is heated
and cooled on bottom and top surfaces, respectively, forming intricate convection cells.
Capturing such complex structures is essential for applications ranging from climate modeling

to industrial design, as it directly impacts system performance and safety.

We carry out a comparative analysis between CFD simulations, DynamicGPT
predictions, and a baseline model for the two scenarios—unsteady flow past bodies (Figure 3c)
and turbulent channel flow (Figure 3d). DynamicGPT’s predictions closely align with CFD
results, accurately capturing key flow structures and velocity distributions over time in both
unsteady flow and Rayleigh-Bénard convection problems. In contrast, the baseline model

begins to accumulate errors, particularly after around 60-time steps, deviating significantly



from the CFD results at the long-term time snapshot (100-time steps). This issue, known as
error accumulation, is a critical challenge in long-term spatiotemporal dynamics modeling by
“sub-optimal neural network architecture”. The baseline model’s predictions diverge
significantly over time due to its limitations in preserving spatial coherence and handling
complex interactions, especially in unseen spatial domains. DynamicGPT’s superior
performance, with an R? of 0.974 compared to 0.86 for the baseline, underscores its robustness

in maintaining accuracy across various conditions.

Furthermore, we analyze the energy spectrum across different wavenumbers,
validating how well the models capture turbulence dynamics for the Rayleigh-Bénard
convection problem (Figure 3e). The energy spectrum is crucial for understanding how energy
cascades from large-scale eddies (low wavenumbers) to small-scale eddies (high
wavenumbers), where it eventually dissipates as heat and flow. In a well-resolved turbulent
flow, the inertial subrange—characterized by the -5/3 slope—indicates a steady transfer of
energy between scales, maintaining a balance between energy generation and dissipation.
DynamicGPT closely follows the Kolmogorov -5/3 law, reflecting its ability to effectively
model multi-scale turbulence—a key requirement for accurate real-world predictions. This
alignment suggests that DynamicGPT successfully captures both the energy generation at
larger scales and its dissipation at smaller scales, accurately modeling the full turbulence
cascade. The baseline model, however, deviates from this expected behavior, struggling to
represent the energy distribution across scales, indicating its limitations in capturing realistic
turbulence dynamics. These results demonstrate DynamicGPT’s robustness in generalizing
complex multi-scale flow dynamics across both seen and unseen scenarios. This capability
positions DynamicGPT as a powerful tool for predicting fluid behavior in challenging

engineering applications, offering a significant advancement over conventional methods.
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Figure 3. DynamicGPT’s Performance in Predicting Unsteady Flow and Turbulent Channel Flow.
(a) Training and testing setup for unsteady flow past three bodies with varying geometries. The
generalized test cases involve unseen configurations to assess the model’s generalization ability. (b)
Turbulent channel flow scenario highlighting the transition from smaller, less turbulent domains in
training to larger, more chaotic domains in testing, similar to Rayleigh-Bénard convection. (¢) Velocity
field comparison at different time steps (1Az, 50Az, and 100A?) for unsteady flow past bodies. (d)
Velocity field comparison for turbulent channel flow. (e) Energy spectrum analysis comparing CFD,

DynamicGPT, and the baseline model across different wavenumbers.



Scenario III: Accurate Long-Term Predictions of Global Sea Surface
Temperature Variations

This scenario evaluates DynamicGPT’s capability to predict global-scale SST
variations, a crucial component for understanding and forecasting climate dynamics, including
phenomena like El Nifio and La Nifa. Accurate SST predictions are essential for climate

modeling, disaster preparedness, and policy planning#®43,

Figure 4a illustrates historical SST data trends from 1940 to 2023, with training data
spanning from 1990 to 2010 and test data covering 2010 onwards. The data were collected
using temperature sensors installed on ships, emphasizing the real-world measurement context
and the model’s ability to generalize from experimental data. This setup is crucial for assessing
the model’s ability to predict future sequences—a core requirement for effective long-term
climate forecasting. The SST patterns reveal both seasonal cycles and long-term trends,
providing a foundation for evaluating the model’s ability to capture these dynamics when

extrapolating beyond the training period.

Figure 4b compares SST anomaly predictions across different months between
observed measurements, DynamicGPT, and a baseline model. While DynamicGPT
consistently aligns more closely with observed data, particularly in capturing spatial
temperature distributions over large geographic regions, the baseline model also performs
relatively well due to the repetitive, linear growth pattern in both the training and test sets.
These consistent cycles help the baseline model achieve decent accuracy in this specific
scenario, a point worth noting given that such conditions are not always present in real-world

applications.

However, when focusing on SST anomalies in the Nifio3.4 region—a critical indicator

for monitoring El Nifio and La Nifia events (Figure 4¢)—DynamicGPT clearly outperforms



the baseline. Accurate predictions in the Nifio3.4 region is essential for climate monitoring and
response, as this region significantly influences global weather patterns and climate phenomena.
DynamicGPT tracks the observed anomaly trends closely, capturing both the timing and
magnitude of these oscillations. In contrast, the baseline model deviates significantly,
misrepresenting key peaks and troughs, which could lead to inaccurate forecasts and
suboptimal climate response strategies. DynamicGPT’s ability to follow the observed trends
more accurately highlights its strength in generalizing complex climate patterns beyond the
training data. Overall, these results demonstrate that DynamicGPT is a robust and reliable tool
for large-scale climate prediction, offering significant improvements over conventional models
in both short-term and long-term forecasts. Its superior performance in predicting SST
anomalies and capturing global climate dynamics underscores its potential for applicability in
real-world climate monitoring and forecasting systems, enabling more informed and effective

decision-making in environmental and policy contexts.



A — 1940 — 1950

Averaged
Temperature

— 1960 1970 1980 1990 —— 2000 — 2010 —— 2020

=
0

(

Average Temperature (°t

Jan. Feb Mar. Apr. May June July Alg Sept Oct Nov. Dec.
Month

i

c

@

£

]

o

5

®

©

o

=

=

o

O

Q

=

®

c

>

o DynamicGPT, T (°C); |

60°E 120°E 180° 120°W 60°W

o
£
©

@

©
o

—_——
0T 25
Baseline, T (°C) | !

60°E 120°E 180° 120°W 60°W

60°E 120°E 180° 120°W 60°W

60°E 120°E 180° 120°W 60°W

(@

. SST anomaly (Nifio3.4) = (monthly avg. (1) SST — ref.avg. (u) SST)/(ref.std. (o) SST)
El Nifio ——— Measurement DynamicGPT Baseline
o 2
o
31 ‘
I % i
o
& 0 4
=
@ .~
@ - La Nifia
=2,
oF & s & s s° s° & & & s
®

Figure 4. Global Sea Surface Temperature (SST) Prediction and Validation. (a) Historical and Future
SST Trends: Displays averaged temperature trends from 1940 to 2023, with training data from 1990 to 2010
and test data from 2010 onwards. (b) Prediction Accuracy: Comparison of measured SST, DynamicGPT
predictions, and baseline model predictions for key months between 2022 and 2023. DynamicGPT shows
closer alignment with actual measurements, particularly in capturing spatial patterns and temperature
anomalies. (¢) El Nifio and La Nifia SST Anomaly Prediction: Time series analysis of SST anomalies in the

Nifio3.4 region, highlighting the superior performance of DynamicGPT in forecasting climate oscillations

compared to the baseline model.



Scenario IV: Extending to 3D - Simulating Reaction-Diffusion Systems for
Chemical Processes

In this scenario, DynamicGPT's capabilities are extended to handle 3D spatiotemporal
dynamics, a crucial advancement for broader scientific and engineering applications. Beyond
validating the model’s performance in 2D simulations and real-world experiments, its ability
to accurately simulate 3D processes is essential for tackling more complex challenges. To
evaluate this, we adapted DynamicGPT by replacing its 2D convolutional layers with 3D
convolutions and retrained the model on a 3D Gray-Scott reaction-diffusion system dataset,
which is commonly used to model intricate chemical reactions and diffusion processes*!. This

dataset serves as an ideal testbed for evaluating the model’s 3D prediction capabilities.

Figure Sa illustrates the Gray-Scott mechanism, where chemical species undergo
diffusion and reaction driven by intricate boundary conditions and equations central to PINN
However, such physics-based approaches often struggle with long-term predictions due to
instability issues, limiting their effectiveness in real-world scenarios. Our results demonstrate
that DynamicGPT can successfully generalize to more complex 3D problems. The model was
trained on varied initial source distributions and then tested on generalized scenarios with
unseen geometries (Figure Sa). Figure 5b shows the model’s long-term prediction accuracy
across different time steps (10Af to 160Af). DynamicGPT closely matches ground-truth
simulations for all time steps, capturing both diffusion patterns and reaction fronts with high
fidelity in 3D space. Crucially, this performance is achieved entirely via data-driven learning,
without relying on embedded physical laws, highlighting the model’s capacity to generalize

solely from spatiotemporal data.

In contrast, the baseline model exhibits significant inconsistencies, with unexpected
diffusion behavior and severe error accumulation over time, leading to distorted predictions.

These errors underscore the limitations of traditional models when scaling to higher dimensions



and complex dynamics. Overall, these findings highlight DynamicGPT’s adaptability and
robustness when transitioning from 2D to 3D applications, maintaining accuracy even in high-
dimensional spatiotemporal systems. This extension solidifies DynamicGPT’s potential for
real-world 3D simulations across various scientific fields, offering a scalable alternative to

traditional physics-driven models.
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Figure 5 Extending DynamicGPT to 3D Reaction-Diffusion Systems. (a) Overview of the reaction-
diffusion mechanism, where chemical species A and B diffuse and react within a 3D chemical reactor,
governed by nonlinear equations. The training dataset comprises various initial source distributions,

while the generalized test involves unseen geometries, challenging the model's ability to predict



complex spatiotemporal dynamics. (b) Comparison of concentration fields at different time steps (10A¢z,
20At, 90A¢, and 160A?) with simulation, DynamicGPT, and the baseline model. These results highlight

DynamicGPT’s scalability and robustness in 3D spatiotemporal system

Performance Assessment of DynamicGPT: Physical Consistency and
Computational Efficiency

Understanding the importance of targeted evaluations is crucial for demonstrating a
model's applicability to real-world scenarios. These assessments confirm whether models can
be reliably used in practical applications, where adherence to physical principles and
computational efficiency are critical. Here, we evaluate DynamicGPT’s performance through
physical conservation law assessments and inverse PDE parameter estimation, emphasizing its

predictive accuracy, physical consistency, and computational efficiency.

Assessing physical conservation laws, such as force equilibrium and mass balance, is
essential to ensure that predictive models align with fundamental physical principles. Failure
to adhere to these laws can lead to unreliable or unsafe outcomes in engineering and scientific
applications. Additionally, accurate parameter estimation bridges theoretical models and data-
driven approaches, enabling models to adjust and fine-tune coefficients critical for predictive

reliability.

DynamicGPT’s compliance with physical conservation laws is tested through
scenarios involving stress evolution and unsteady flow (as shown in Figure 6a). This involves
calculating the deviations between simulation benchmarks and model predictions, ensuring
models adhere to physical constraints. The complete methodology for this assessment is
provided in Supplementary Information D.1. For parameter estimation, Figure 6b illustrates
how DynamicGPT and baseline models infer unknown coefficients (Du, Dv, F, k) within the

governing equations for the reaction-diffusion model: u: = Du V2u — wv? + F(1-u), ve = Dy V2v



+ uv? — (F + x)v. The models adjust these parameters using optimization techniques to
minimize the error between the predicted and true values, demonstrating their capability to
capture complex system behaviors. Detailed procedures are available in Supplementary

Information D.4.

The results, summarized in Figure 6c and further detailed in Figures S9 and S10,
highlight DynamicGPT's superior performance in physical consistency and parameter
estimation. In conservation law adherence, DynamicGPT achieves a mean force equilibrium
deviation of 0.0083, closely matching the simulation benchmark of 0.0072. This performance
surpasses that of PINNs (0.0181), Transformers (0.0148), and DGMs (0.0125), showcasing
DynamicGPT’s robustness even in unseen high-strength configurations with properties up to
32% stronger than the training data. This ability is crucial for applications requiring long-term
stability and precise predictions, especially in engineering tasks where physical consistency is

paramount.

In the inverse estimation task, DynamicGPT demonstrates its capability to accurately
estimate target parameters, showcasing its utility for scenarios demanding precise physical
calibration. Unlike baseline models that often face parameter instability or convergence issues,
DynamicGPT maintains stability and accurate estimates throughout the training process (see
Figure 6¢, third row). This reliability underlines its robustness for complex spatiotemporal
applications. For full parameter estimation analysis, refer to Supplementary Information D.5
This finding is particularly significant for scenarios involving extreme mechanical properties
where maintaining force equilibrium is crucial. Conventional models like PINNs, using a
ResNet backbone, rely on penalized loss functions to address physical constraints but often
show diminishing performance over extended sequences due to architectural limitations. State-

of-the-art models like Transformers and DGMs, while optimized for temporal modeling, face



challenges such as spatial information loss and gradient vanishing during long-term forecasts.
DynamicGPT's Vision Transformer (ViT)-based architecture resolves these issues by
preserving multi-scale spatial features and enabling reliable long-term predictions (see Figure
S9 for detailed comparisons). In addition, DynamicGPT's capabilities also extend effectively
to unsteady flow assessments, reinforcing its applicability across various engineering
challenges (Second row in Figure 6¢). These results highlight the potential of DynamicGPT to
bridge the gap between traditional computational simulations and data-driven models.
Achieving near-simulation-level accuracy in long-term spatiotemporal predictions,

DynamicGPT showcases its capability for reliable prediction.

In addition, from a computer science perspective (Figure 6c¢), we assess the
computational efficiency of each model by analyzing floating-point operations per second
(FLOPs). PINNs, with their simple backbones, achieve low FLOPs but at the expense of
predictive accuracy. State-of-the-art models, although achieving high accuracy, incur
substantial computational costs due to the complex neural network architecture, limiting their
scalability for real-world applications. DynamicGPT overcomes these challenges by
incorporating multi-scale kernels in its convolution operations, significantly reducing
parameter counts while optimizing FLOPs without compromising accuracy. This design not
only ensures computational efficiency but also enhances the model’s applicability across
diverse spatiotemporal tasks, including real-time monitoring systems and deployment on edge
devices with limited processing power. In summary, these results underscore DynamicGPT’s
balanced performance in terms of physical fidelity and computational efficiency, making it a
powerful tool for accurately and efficiently predicting spatiotemporal dynamics in complex
systems. DynamicGPT’s ability to manage both long-term predictions and computational
efficiency represents a significant advancement over traditional models, offering robust and

versatile predictions suitable for a wide range of scientific and industrial applications.
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Figure 6. Evaluation of DynamicGPT for Physical Law Consistency and Parameter Estimation.
(a) Physical law consistency assessment for stress evolution and unsteady flow. (b) Inverse estimation
of unknown parameters in a 3D reaction-diffusion system. (c) Comparative analysis of DynamicGPT

with baseline models in physical law adherence and parameter estimation.



Guidelines for Tuning DynamicGPT Across Diverse Spatiotemporal
Dynamics

DynamicGPT consistently delivers high accuracy across multiple real-world scenarios
without requiring physical knowledge or boundary condition constraints. Compared to existing
baseline models like deep generative model, PINNs and transformer-based architectures,
DynamicGPT demonstrated superior generalization, as indicated by RSME metrics across all
test sets (Table 1). For a detailed description of the baseline models, see Supplementary
Information C. Importantly, DynamicGPT excelled in capturing long-term spatiotemporal

dynamics—a key challenge for conventional approaches.

While DynamicGPT’s adaptability and effectiveness have been proven, the next
critical step is providing clear guidelines for modelers and scientists aiming to design neural
networks for novel spatiotemporal phenomena. The key question becomes: How can a model
be optimally designed based solely on the nature of the data it encounters? Extended Data
Fig. 1 outlines essential guidelines for neural network design based on the diverse physical

characteristics of datasets.

® [-Parameter Tuning: The pf-value controls the balance between generative
capabilities and reconstruction accuracy in the variational autoencoder (VAE)
framework. For systems with higher levels of nonlinearity and stochasticity—such as
air pollution dispersion and reaction-diffusion processes—a higher f-value is essential.
This setting enhances the model’s ability to account for multi-scale spatial embedding,
prioritizing generative diversity. For instance, in the air quality prediction scenario,
increasing the f-value was crucial in capturing the stochastic nature of pollutant
dispersion, leading to a significant R?* improvement compared to the baseline
configuration. Conversely, for more linear and periodic data like SST, lowering the f-

value optimizes reconstruction from existing data distributions, leading to improved



prediction accuracy. Hence, adjusting the p-parameter according to the physical

properties of the problem is key to achieving optimal performance.

Latent Dimension (Latent D): The latent dimension refers to the length of the square
patches used as inputs for the tailored ViT. Larger latent dimensions retain more spatial
information, which is crucial for complex systems. A dimension of 1 represents the
typical transformer input-output connection. Our findings indicate that a latent
dimension of 16 provides a balanced capacity to model diverse dynamics. Increasing
this dimension beyond 16 introduces inefficiencies in ViT computation. For example,
in predicting crack propagation in materials, a higher latent dimension was essential
for accurately modeling abrupt stress concentration and global stress pattern changes.
While smaller latent dimensions may suffice for simpler, periodic phenomena, systems
with abrupt changes—TIike rapid material fracture or localized stress concentration—

require larger latent dimensions to adequately represent intricate patterns.

Head Layer Configuration: The number of head layers in the tailored ViT directly
influences the integration of multi-scale temporal features. Deeper self-attention layers
are particularly effective at learning multi-scale temporal dynamics, capturing both
short- and long-term dependencies. For most scenarios, 4 to 6 head layers provided
optimal results, especially for non-linear dynamics where capturing multi-scale
dependencies is crucial. This aligns closely with the behavior observed when tuning
the latent dimension. For instance, in fluid dynamics scenarios like unsteady flow past
bodies, the optimal head layer configuration was found to be 6, which effectively

captured both localized vortices and global flow structures.

Kernel Operations: Incorporating multi-scale kernels is vital for handling both

localized and global patterns. Our results show that using a combination of kernels of



varying sizes (e.g., 2, 4, and 8) leads to more accurate predictions across different
scales, especially in highly complex systems like turbulent flows and global climate
dynamics. The initial recommendation is to begin with this combination for optimal
extraction of both local and global features. For example, when predicting turbulent
channel flow, this multi-kernel approach effectively balanced small-scale eddy
formations with larger-scale flow structures, leading to significantly improved R?

SCOrces.

These tuning guidelines not only enhance DynamicGPT’s flexibility and robustness but
also provide a clear framework for modelers working with novel spatiotemporal phenomena.
Beyond the physical phenomena explored in this study, these principles have broader relevance,
guiding neural network design for various applications ranging from medical imaging to
financial market predictions. By following these principles, researchers and engineers can
confidently apply DynamicGPT to a wide array of scientific and engineering problems,

ensuring the model’s reliability and accuracy across diverse data-driven scenarios.
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Extended Data Fig. 1. DynamicGPT Neural Network Tuning Guidelines Across Diverse
Spatiotemporal Phenomena. The figure outlines tuning strategies based on varying levels of
nonlinearity, periodicity, and complexity in the datasets. From top to bottom, the scenarios cover
composite design (orderly systems), unsteady fluid flow (chaotic systems), air quality prediction (linear
systems), and SST prediction (periodic systems). Four key parameters were examined: (1) f-parameter,
which controls the balance between generative capacity and reconstruction accuracy in the VAE
framework; (2) Latent Dimension (Latent D), representing the input patch size in the Vision
Transformer (ViT); (3) Head Layer Configuration, which affects the integration of multi-scale temporal
features; and (4) Kernel Operations, emphasizing the importance of multi-scale kernel combinations for

capturing both local and global patterns.



Conclusions

This study presents DynamicGPT, a versatile generative transformer model
specifically optimized for long-term spatiotemporal dynamics across diverse real-world
applications. Through comprehensive evaluations, DynamicGPT demonstrated superior
performance in accurately predicting complex systems without relying on explicit physical
knowledge or boundary condition constraints. Its consistent success in handling unseen future
sequences, out-of-distribution data, and three-dimensional spatial domains underscores its
adaptability and robustness, setting it apart from conventional models such as PINNs and

transformer-based architectures.

A key innovation of DynamicGPT lies in its multi-scale architecture, integrating both
spatial and temporal features while preserving essential spatial information. By employing
multi-scale kernels, the model captures intricate dynamics, from composite material failures to
global sea surface temperature changes and 3D reaction-diffusion patterns. These results
illustrate DynamicGPT’s potential as a scalable and efficient alternative to traditional
simulations, enabling significant advancements in real-time predictive capabilities across

scientific and engineering fields.

DynamicGPT’s reliable predictions of stress propagation and fracture patterns in
composite materials imply promising applications in material safety analysis, allowing for
better-informed decisions in structural design and failure prevention. Its capability to model
complex fluid flows accurately can improve engineering solutions in aerodynamics and
environmental monitoring, ensuring safer and more efficient designs. Moreover, precise SST
forecasting highlights its potential role in climate research, providing valuable data for
predicting climate anomalies such as El Nifio events, which have far-reaching implications for

disaster response and global weather patterns. The model’s successful application to 3D



reaction-diffusion systems paves the way for improved simulations in chemical engineering,

potentially accelerating research in reaction kinetics and catalyst design.

Additionally, we provide critical guidelines for designing neural networks tailored to
novel spatiotemporal phenomena. The outlined tuning strategies—including B-parameter
adjustments, latent dimension optimization, and multi-scale kernel configurations—offer
practical insights for researchers and engineers adapting DynamicGPT to specific tasks. These
recommendations ensure that the model can be applied confidently to a wide range of
applications, from environmental monitoring to industrial process optimization, achieving high

accuracy and reliability.

While DynamicGPT sets a new benchmark for spatiotemporal modeling, it also
presents opportunities for further exploration. Extending this framework to tackle even more
complex challenges, such as high-dimensional chaotic systems or highly irregular and
stochastic patterns, is a promising avenue for future work. By advancing the boundaries of
what can be achieved with generative transformer networks, DynamicGPT provides a flexible
and powerful foundation for meeting the growing demand for accurate, data-driven predictions
in various scientific and engineering domains. These advancements could lead to
transformative impacts on how industries approach real-time decision-making and predictive

modeling.

Methods

DynamicGPT Implementation Details and Training Process

DynamicGPT is designed to predict long-term spatiotemporal dynamics by leveraging
a combination of the Multi-Spatial Embedding Network (E), Multi-Scale Temporal Network
(D), and Multi-Spatial Decoder (F), which together form the generator. To enhance the

generator's performance, DynamicGPT also incorporates spatial and temporal discriminators



that refine the generated predictions, allowing the model to effectively capture complex, multi-

scale features in spatiotemporal data without relying on explicit physical constraints.

The process begins with high-dimensional spatiotemporal data being input into the
Multi-Spatial Embedding Network (E). This network uses a multi-scale kernel approach, where
various kernel sizes—adapted to the specific problem—are employed to capture both local and
global spatial features. Smaller kernels focus on fine-grained details, essential for capturing
localized phenomena such as small-scale turbulence or pollution hotspots, while larger kernels
capture broader, long-range patterns like large-scale atmospheric dynamics. This combination
effectively encodes spatial information across different scales, which is crucial for accurate

predictions.

The embedding network is structured with multiple layers of convolutional operations,
skip connections, and feature fusion techniques to maintain spatial resolution while reducing
computational complexity. Skip connections prevent information loss during training, while
feature fusion integrates multi-scale features into a single, comprehensive latent representation.
Dimensionality reduction through pointwise convolution ensures that the model preserves
essential spatial features in a lower-dimensional latent space. Additionally, a Convolutional
Variational Autoencoder (CVAE) is employed within this network, capturing the probabilistic
and non-linear dynamics inherent in the data by assigning means and variances to the latent
patches. The CVAE balances generative diversity and reconstruction accuracy through the f-

parameter, which is adjusted depending on the specific nature of the spatiotemporal data.

After embedding, the latent space is reshaped to restore necessary dimensionality
before being passed to the Multi-Scale Temporal Network (D). This network uses a Vision
Transformer (ViT) architecture to process sequences of varying lengths, capturing both short-

term fluctuations and long-term trends. The ViT’s self-attention mechanism excels at learning



temporal dependencies across different scales, handling relationships between input and output
in parallel—unlike RNNs, which process sequences step-by-step. Positional embeddings
preserve the temporal order of latent patches, and a ConvGRU layer further refines dynamic
interactions, integrating multi-scale temporal patterns into predictions. Finally, the Multi-
Spatial Decoder (F) reconstructs the high-dimensional solution sets from the predicted latent
patches, generating accurate forecasts of future spatiotemporal fields. For more comprehensive
details on the mechanisms behind the architecture of DynamicGPT and the specific final
configurations used across various spatiotemporal scenarios, please refer to the

Supplementary Information Section D.

Explanation of Discriminators and Training Dynamics

To ensure the generated fields are both realistic and temporally consistent,
DynamicGPT incorporates two critical components: The Spatial Discriminator and the
Temporal Discriminator. The Spatial Discriminator, implemented as a CNN, evaluates the
spatial consistency of generated fields by distinguishing real spatial patches from generated
ones. It operates on random crops of both the input and predicted fields to ensure sharp and
realistic spatial details. The Temporal Discriminator employs 3D convolutions to assess the
temporal coherence of sequences, ensuring that the generated sequences maintain consistent
temporal dynamics by penalizing any abrupt or unrealistic transitions between time steps. This
approach is particularly effective at enforcing temporal smoothness across long sequences,
which is crucial for maintaining the accuracy of long-term spatiotemporal predictions. During
training, the generator and discriminators are updated in an alternating fashion. The
discriminators provide feedback to the generator, challenging it to produce more realistic
outputs. Typically, the discriminators are updated more frequently than the generator to ensure

they remain effective adversaries, constantly driving improvements in the generator’s



performance. The detailed inference process was represented in Supplementary Information.
Mathematical Formulations and Loss Functions

The training of DynamicGPT is guided by a combination of adversarial and
reconstruction losses, which together optimize the model's ability to generate accurate and

realistic predictions. The total loss function, Ltotal, is defined as:

Ltotat = ApLp + ArLT + ARLR + ﬂ.regLreg

® [p is the Spatial Adversarial Loss derived from the Spatial Discriminator,
formulated as a hinge loss. This loss ensures that the spatial structures within the

generated predictions closely mimic those found in the real data.

® [ is the Temporal Adversarial Loss derived from the Temporal Discriminator,
also formulated as a hinge loss. It penalizes inconsistencies in the temporal

sequences of the generated data, ensuring temporal coherence.

® [ is the Reconstruction Loss, implemented as an L2 loss (mean squared error),
which ensures that the generated predictions are accurate in terms of actual values

across all grid cells and time steps.

® [,y is the Regularization Term applied to stabilize training and prevent
overfitting, particularly by ensuring that the mean prediction remains close to the

ground truth.

These loss functions collectively drive the generator to produce predictions that are
not only realistic in terms of spatial and temporal dynamics but also precise in their numerical

accuracy.



Hyperparameter Optimization and Implementation Details

The model's hyperparameters are carefully fine-tuned to optimize performance across
different scenarios. The learning rate is set to 1 x 10~ and optimized using the Adam optimizer,
selected for its adaptive learning rate capabilities and effectiveness in training deep neural
networks. Batch sizes are adjusted based on dataset complexity, ranging from 16 for simpler
scenarios to 64 for more intricate 3D simulations. The number of epochs is 20,000 for all
scenarios. Regularization techniques, including dropout layers (with a rate of 0.2) and L2
weight decay, are employed to prevent overfitting, particularly in scenarios involving large
datasets and complex 3D simulations. Early stopping, based on validation loss, ensures that the

model does not overfitting and maintains generalization capability.

Detailed Validation Datasets
Case 1: Composite Material Fracture Analysis

Validation Case 1 focuses on spatiotemporal stress fields and crack propagation in
composite materials with differing mechanical properties. In such materials, local stress
concentrations and the resulting failure behavior can vary significantly depending on the
material configuration. Therefore, this study aims to validate a deep learning model that can
predict crack propagation in out-of-distribution scenarios, where the failure characteristics are

stronger than those present in the training set.

Specifically, the simulation uses a hybrid scheme-based crack phase field model*®+7
solved via FEM to generate data on how stress and crack patterns evolve based on the
composite material configuration. Unlike the extended finite element method (XFEM) or
cohesive zone modeling, the crack phase field method does not require special tracking or
insertion of cohesive elements. This makes it more suitable for cases involving evolving or

branching cracks in composite materials. As a test bed, the composite is composed of stiff and



soft blocks arranged in an 11 x 11 array, with the stiff-to-soft block ratio fixed at 71:50 (58.7%
stiff blocks). The material's moduli exhibit a 100-fold difference. A single edge crack was
introduced to initiate crack propagation, with the crack phase field model implemented in
Abaqus. For more details on the simulation parameters, please refer to the referenced study.
The 11 x 11 array provides a vast design space, with approximately 10** possible combinations
when fixing the volume ratio of the two materials. Even with the fixed ratio of 71:50, this still

offers a large enough test bed to explore diverse crack propagation scenarios.

We generated 4,000 stress/crack field datasets through random sampling, with 2,900 used
for training, 100 for validation, and 1,000 for testing. For each configuration, stress and crack
phase field data were processed over 50-time steps, up to the point of material failure. The
initial three-time steps were input into DynamicGPT, and an autoregressive method (see
Supplementary Information B) was used to predict the following 47-time steps. This dataset
covers a wide range of crack propagation scenarios in composite materials. Conventional deep
learning models often struggle to accurately predict unseen configurations, particularly those
with superior properties not present in the training set, when trained on small datasets. To
evaluate the generalizability of our framework, the test dataset was designed with average
strength and toughness values 35% and 42% higher, respectively, than those of the training
dataset. For further details and access to the full dataset, please refer to the dataset available at

htips.//github.com/DonggeunPark/MaterialsHorisonsSTGNet.

Case 2-i: Unsteady Fluid Flow — Wake Dynamics Around Multiple Bodies

Validation case 2 consists of a two-dimensional unsteady flow around multiple bodies that
generates periodic wakes and chaotic wakes. The interaction between multiple bodies
significantly increases the complexity of the flow field compared to a single body. This

complexity presents practical challenges that play a crucial role in engineering applications,


https://github.com/DonggeunPark/MaterialsHorisonsSTGNet

especially in aircraft design and marine structures.

The three bodies are arranged in a triangular arrangement, each assigned a different
configuration—rectangular, circular, or semicircular. These configurations are simulated using
unsteady CFD to obtain spatiotemporal dynamic data as the 100 configuration changes. The
distance between the bodies is defined by the //d (Spacing Ratio), which ranges from 1.2 to 5.5,
allowing observations of changes in boundary layer flow and vortex formation based on shape
variations. The inlet velocity U was set at 1 m/s from the left boundary, with a Reynolds number

(Re) of 100.

Half of these configurations (with a number of 50) are used for training, and the remaining
50 data were used for testing. The computational domain size is 384 x 256 pixels, with a time
step of Az=0.1s. Simulations generate for 300 seconds of physical time (with 3,000 snapshots),
and the first 150-second snapshots are discarded to ensure that only the statistically stable flow
regime was used, eliminating transient effects. From the remaining data, a sliding window
approach is used to create 46-second snapshots for training DynamicGPT and 3-second
snapshots for validation. After training, DynamicGPT is tested autoregressively, using 10-
second snapshots to forecast the convection phenomena over the following 100 seconds. This
split is designed to validate the model's performance in extrapolating more challenging out-of-
distribution sequences (future sequences). For detailed data and further analysis, please refer

to the dataset available at Attps://eithub.com/tum-pbs/DiffPhys-Cvlinder WakeFlow.

Case 2-ii: Unsteady Fluid Flow — Rayleigh-Bénard Convection

Validation Case 3 focuses on the prediction of spatiotemporal velocity fields within a
two-dimensional turbulent flow regime, simulated using the Lattice Boltzmann Method (LBM)
to capture the dynamics of Rayleigh-Bénard Convection (RBC). This phenomenon arises when

a fluid layer is heated from below and cooled from above, generating complex flow patterns


https://github.com/tum-pbs/DiffPhys-CylinderWakeFlow

driven by buoyancy forces.

The simulation generates the velocity fields across a computational domain
represented by 1792 x 256-pixel snapshots, with two channels for the x and y velocity
components. The key physical parameters include a Prandtl number of 0.71, a Rayleigh number
of 2.5 x 108, and a maximum Mach number of 0.1. In total, 1,500 snapshots are generated. The
sliding window approach is used to create 1,200-timestep snapshots for training DynamicGPT
and 190-timestep snapshots for validation. After training, DynamicGPT 1is tested
autoregressively, using 10-timestep snapshots as input to predict the convection phenomena

over the next 100 timesteps.

The key point is that the model is trained on the left 256 % 256 region, and its
performance is tested on the 1,536 % 256 region. The larger spatial domain for testing was
selected to demonstrate the model's ability to generalize to unseen, larger domains, which is
crucial for evaluating how well the deep learning model can handle extrapolation to larger
computational domain, especially in real-world applications. For further details and access to

the full dataset, please refer to https.//github.com/Rose-STL-Lab/Turbulent-Flow-Net.

Case 3: Global Sea Surface Temperature (SST) Prediction

Validation Case 5 utilizes SST data from the National Oceanic and Atmospheric
Administration (NOAA), collected through satellite and ship-based measurements
(http://'www.esrl.noaa.gov/psd/). Accurate SST prediction is crucial as it plays a significant role
in refining climate models and is vital for understanding long-term climate variability and

interactions within ocean-atmosphere systems.

The dataset comprises 1,742 temperature fields. The training period covers January 1,
1990, to June 4, 2010, while the testing period extends from June 5, 2010, to June 30, 2023.

The original data have been interpolated onto a 360 x 180-pixel grid, with temperature readings


https://github.com/Rose-STL-Lab/Turbulent-Flow-Net

extracted from approximately 10,300 locations per sample.

For this study, 12 sequential time steps are input into DynamicGPT, and the model
predicts the next 36-time steps. This long-term forecasting approach allows for a
comprehensive evaluation of SST prediction performance, which is fundamental to enhancing

climate model accuracy and deepening our understanding of complex oceanic processes.

Case 4: 3D Gray-Scott Reaction-Diffusion System

Validation Case 5 expands previous 2D cases into a 3D spatiotemporal dynamic
system, modeled by the Gray-Scott Reaction-Diffusion system. This system simulates the
interaction and reaction between two species, A and B, where the species react and consume
each other. This phenomenon is critical for understanding pattern formation in reaction-
diffusion systems, with applications across biology, chemistry, and other scientific fields. The
dataset is generated by initializing 4,000 random species distributions, followed by numerical
simulations. For each simulation, the initial conditions are set by introducing random
perturbations in the domain. Of these, 3,800 samples are used for training, and 200 samples are
reserved for testing. The governing equations of the reaction-diffusion system are discretized
using the finite differencing method and solved within an 80 x 80 x 80 computational domains.
In this domain, 1 to 5 species distributions, each measuring 10 x 10 x 10, are randomly
positioned as initial conditions. The simulations track the diffusion and interaction of these
species over time. The Laplacian of the species concentration fields is calculated to model
diffusion, while the reaction dynamics follow the Gray-Scott kinetics. In this setup, the feed
and kill rates for species A and B are set to 0.037 and 0.06, respectively, with diffusion rates
Dy =0.16 and Dv = 0.1. The simulation proceeds for 200-time steps with a time increment of
dt = 1. DynamicGPT predicts 170 future time steps based on 30 observed steps, providing a

comprehensive evaluation of model performance over a long-term prediction horizon.
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A Background

Spatiotemporal dynamics are at the heart of modern science and engineering, shaping our understand-
ing of complex systems and their behavior over time and space. From climate simulations to the intricate
analysis of turbulent flows and material failure mechanisms, computational simulations and sensing tech-
nologies have become essential tools. These approaches provide invaluable insights into specific scenarios;
however, they face significant challenges when it comes to real-time forecasting. The vast amount of data,
the substantial computational costs, and the inherent uncertainties associated with dynamic systems make
real-time prediction a formidable task.

These limitations are especially pronounced in real-world applications, where it is impractical to per-
fectly model every aspect of a system. Real-world data often exhibits nonlinear and chaotic interactions
among numerous variables, making precise prediction a challenging endeavor. To address these issues, deep
learning has emerged as a game-changing approach. With its capacity to learn complex, nonlinear relation-
ships and process data at multiple scales, deep learning has shown remarkable potential in overcoming many
of the limitations faced by traditional methods.

Over time, the integration of Al and simulation techniques has evolved significantly, as illustrated in
Figure S1. This evolution can be divided into four distinct generations, each building on the strengths of

its predecessors while attempting to address their weaknesses:

e Generation 1 introduced Convolutional Neural Networks (CNNs) and Recurrent Neural Net-

works (RNNs) for processing spatiotemporal data. While these models were effective for learning



simpler patterns, they struggled to capture long-term dependencies, which limited their predic-

tive capabilities.

e Generation 2 saw the rise of more sophisticated models, including Physics-informed Neural

Networks (PINNs), ConvLSTM (a combination of CNNs and RNNs), and Transformers.

— PINNSs integrated governing physical equations into their training processes, enhancing the
realism of simulations. However, they required a deep understanding of these governing

equations, which limited their flexibility for diverse real-world problems.

— ConvLSTM brought a hybrid approach, combining spatial feature extraction and temporal
sequence modeling to improve spatiotemporal dependency handling. Despite this, it faced
limitations in managing ultra-long term dynamics, constraining its use in more extended

predictive tasks.

— Transformers provided a breakthrough by handling long-term dependencies more effectively
than prior architectures. However, they still encountered issues with spatial information loss,
particularly when processing complex spatiotemporal data due to their reliance on single-

scale processing.

e Generation 3 featured the development of Deep Generative Models, offering unprecedented
capabilities for handling intricate spatiotemporal patterns and uncertainties. Despite their
promise, challenges related to computational expense and the complexity of the models per-

sisted, hindering their application in real-time scenarios.

e Generation 4 emerged to tackle these remaining obstacles. In this context, we introduce
DynamicGPT, a model built upon a Vision Transformer (ViT)-based architecture that preserves
multi-scale spatial features and effectively models long-term temporal dependencies. This design

strikes an optimal balance between high-accuracy predictions and real-time feasibility.

In this supplementary information, we will provide an in-depth look at the mechanisms of Dynam-
icGPT, including its inference process and architectural components. Additionally, we will outline how we
selected and utilized baseline models to benchmark DynamicGPT’s performance in a fair and rigorous man-

ner.
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Figure S1: Evolution of neural network architectures for integrating spatiotemporal dynamic systems,
progressing from basic models (Generation 1) to advanced models like Deep Generative Models and Dynam-
icGPT (Generation 4).

B DynamicGPT

In this section, we provide detailed insights aimed at reinforcing the explanations presented in Dynam-
icGPT Implementation Details and Training Process of the Main Text. We describe the data
preprocessing required for training and inference in DynamicGPT, delve into the architecture’s key mecha-
nisms, and explain its training strategy, including the rationale behind specific design choices. Additionally,
we outline the optimized hyperparameters used for validating DynamicGPT on real-world problem datasets,

adding further depth to understanding its performance and applicability.

B.1 DynamicGPT Data process

As illustrated in Figure S2, DynamicGPT’s training strategy begins with processing spatiotemporal
data using a sliding window approach. The input consists of past dynamic fields with a length T, and the
target is the subsequent frame. This preprocessing method effectively augments the dataset by sliding the
window frame-by-frame, ensuring that the model learns from various temporal contexts across the entire
dataset. Once trained, DynamicGPT iteratively predicts frames, where each predicted frame is fed back into
the model as input for subsequent predictions. This process allows for accurate long-term spatiotemporal

forecasting, providing continuity and consistency over extended periods.
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as input to forecast subsequent frames, demonstrating the iterative increment by one frame.

B.2 DynamicGPT Architecture

DynamicGPT’s architecture features powerful components that address the limitations of previous gen-

erations 2 and 3.

e First Key Mechanism — Multi-spatial Feature Extraction: As seen in Figure S3, the
first step of DynamicGPT involves extracting comprehensive spatial features from preprocessed
spatiotemporal data pairs using a multi-kernel encoder. The encoder applies multiple kernel
sizes (e.g., 2x2, 4x4, 8x8) to capture both fine local details and broader global patterns. This
multi-scale approach ensures that the model maintains rich spatial information throughout the

feature extraction process. For each input X and kernel Fj, , the feature maps Fj are generated

as follows (Eq. 1):

Fk:X*Kk

Vk € {2,4,8}



The extracted features Fs, Fy, Fg are fused through a 1x1 convolutional layer, which combines

them efficiently while reducing learning parameters (Eq. 2):

Ffused =0 (qusion : [F2; F4; FSD (2)

where Whysion denotes the weights of the 1 x 1 convolution, ¢ is a non-linear activation function
(e.g., ReLU), and [] represents concatenation of feature maps. This convolution operation
not only enhances model performance but also maintains computational efficiency. Next, the
resulting latent patches are then processed with a variational sampling technique, modeling
the inherent uncertainty present in real-world spatiotemporal dynamics, where the mean p and

variance o are calculated as follows:

M= WuFfused + bu (3)

0 = exp (WO'Ffused + bo’) (4)

The final latent vector z is sampled using the reparameterization trick:

c=ptooe e~ N(O1) (5)

where ® denotes element-wise multiplication. This probabilistic approach ensures that the

model can generalize effectively, making the method robust in handling unseen scenarios.

Second Key Mechanism — Temporal Modeling with Latent Patches: Figure S4 illus-
trates how DynamicGPT enhances temporal modeling using the latent patches produced by the
multi-kernel encoder. Unlike Generations 2 and 3, which struggled to preserve spatiotemporal
characteristics, DynamicGPT employs a Vision Transformer (ViT) to strengthen temporal con-
nections between latent patches. To capture varying temporal dependencies (short, medium,
and long-term), a padding technique aligns latent patches of different input lengths T'. The
core of this ViT is the Multi-Head Self-Attention (MHSA) mechanism, which allows the model
to focus on different temporal aspects by processing each latent patch independently across

multiple attention heads.



For each latent patch z;, linear projections are created to form the query (Q), key (K), and

value (V') matrices:

Qi =Wqz, K;=Wgkz, Vi=Wyz (6)

where Wg, Wk, and Wy, are learned weights. The attention score for each head is computed
as a scaled dot-product between queries and keys, followed by a softmax operation to ensure

probabilities:

Attention(Q, K, V) = softmax <63/I§>:) v (7)

Here, d is the dimension of the key vectors, used to scale the dot-product for stable gradient
updates. The outputs from each attention head are concatenated and passed through a final

linear layer to integrate the multi-head outputs:

MHSA _output = Wo - [head, heads, .. ., heady] (8)

where Wy is the learned weight of the output projection. This MHSA mechanism enables the
model to capture short, medium, and long-term temporal dependencies, effectively maintaining

temporal integrity across varying input lengths T'.

Furthermore, to enhance the model’s temporal modeling capability, DynamicGPT incorporates
a ConvGRU module, which is integrated into the multi-scale temporal network. This ConvGRU
helps capture sequential dependencies more effectively within the temporal sequence, reinforcing

the latent patch representations. The ConvGRU operates as follows:

- Update Gate:

2t =0 (sz *2i-1 + Upz ¥ hy_1 + bz) (9)

- Reset Gate:

Tt =0 (WZL’T * 2Z¢ 1+ Uhr * htfl + br) (]-0)

- New Memory Content:



h¢ = tanh (Wi, * 2ze-1 + 76 © (Uyj, + hy—1) + b7

- Final Output:

ht:(]-*zt)(aht—l‘i’zt@ilt

(1)

(12)

where h; represents the final output of the ConvGRU, reinforcing the temporal dependencies

among latent patches. This combined approach enables DynamicGPT to model complex tem-

poral sequences while preserving spatial integrity and incorporating uncertainty—a significant

advancement over previous approaches.
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Figure S3: Architecture of the Multi-Kernel Encoder-Decoder model for spatiotemporal data processing.
The model utilizes various kernel sizes to capture features at different scales: smaller kernels for local features,
mid-scale kernels for intermediate features, and larger kernels for global patterns. The encoding process
analyzes past fields (input) to derive latent representations, while the decoding process predicts future fields.
This architecture enhances the model’s ability to integrate detailed and large-scale information effectively.
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Figure S4: Architecture of the Multi-Kernel Encoder-Decoder model with Transformer integration for
spatiotemporal data processing. The model consists of a multi-kernel encoder that extracts features from
past fields (input) using various kernel sizes, followed by a sampling layer that captures latent representations.
The Transformer encoder processes these features through a linear projection, allowing for effective learning
of relationships. The multi-kernel decoder then generates future fields (predictions) based on the encoded
information, enhancing the model’s ability to predict future dynamics.

B.3 DynamicGPT Training Strategy

As shown in Figure S5, DynamicGPT’s training employs a split network training approach. This
approach separates the training of the multi-kernel encoder and the temporal modeling network, addressing
the challenge of scale differences between components that can complicate convergence and hinder learning
efficiency. By training these components independently, DynamicGPT achieves better convergence rates
and optimizes parameter learning more effectively. This strategy is grounded in the need for stability during
training and the goal of utilizing model parameters more efficiently. In other words, this split training method

is not only practical computaional efficiency but also essential for maximizing model performance.
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Variational multi-scale autoencoder (VMAE):
Learning the relationship between past dynamics (1,2,..L) and future dynamics (L+7).
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Vision Transformer:
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Figure S5: Overview of the training stages and inference process in the model architecture. Train Stage
1 involves the Variational Multi-Scale Autoencoder (VMAE), which learns the relationship between past
dynamics (T1, Tb, ..., T1,) and future dynamics (T74+1) using a multi-kernel encoder and decoder. Train
Stage 2 utilizes the Vision Transformer (ViT) to improve the relationship between high-dimensional past
and future features generated by the trained multi-kernel encoder. The Inference Task illustrates how the
trained model processes past fields to generate predictions, utilizing the ViT and multi-kernel decoder to
output future fields.

B.4 Summary of the optimized DynamicGPT’s archtectures

To provide a comprehensive understanding of how DynamicGPT apply to various real-world problems,
we highlighted the impact of different hyperparameters (e.g. beta-Parameter, Latent dimension, Head layer,
Kernel operation) on model performancein the section Guidelines for Tuning DynamicGPT Across
Diverse Spatiotemporal Dynamics of the Main Text. In this supplementary information, we summarize
the final architecture details, including the layers and feature maps, for each validation scenario (Figure S6).
This overview is essential for demonstrating the adaptability and robustness of the model across different
applications.

In the context of validating DynamicGPT, we investigated the performance across four representative
real-world problems: crack propagation in materials, 3D reaction-diffusion processes, flow past a cylinder,
and climate science predictions. Each scenario presents unique challenges and requires tailored network con-

figurations to achieve optimal performance. By systematically adjusting and analyzing the hyperparameters
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in the multi-spatial embedding network (E), multi-scale temporal network (D), multi-scale spatial decoder
(F), and the discriminator, we identified the configurations that yielded the most accurate predictions.

The provided supplementary figure serves as a detailed reference, illustrating how each network com-
ponent and feature map size is specifically configured for the scenarios tested. For example, the multi-spatial
embedding network (FE) is tailored with varying numbers of encoding layers and feature dimensions de-
pending on the input data structure and problem complexity. Similarly, the multi-scale temporal network
(D) incorporates self-attention mechanisms and position layers to handle different temporal dependencies
effectively.

By presenting this structured summary, we aim to make it clear why these particular architectural
choices were made and how they contribute to the performance of DynamicGPT in diverse spatiotemporal
prediction tasks. This supplementary information underscores the thorough experimentation process and

provides clarity on the adjustments made for each validation dataset

Validation Multi-spatial embedding Multi-scale temporal Multi-scale spatial o
: Discriminator
Scenarios network (E) network (D) decoder (F)
Grackipiopagationlinima’eals Input layer (None, 132,132,3) Input (None, 16, 16, 16, 3) Decode layer 1 (None, 16,16, 16) Concatenate ~ (None, 132,132,2)
Encode layer 1 (None, 66, 66, 32) Embed layer (None, 3,2048) Decode layer 2 (None, 33,33,32) Conv2D (None, 66, 66, 64)
Encode layer 2 (None, 33, 33,32) Position layer (None, 3,2048) Decode layer 3 (None, 66, 66, 32) Conv2D (None, 33, 33,128)
Encode layer 3 (None, 16, 16, 16) Self-attention (None, 3,2048) Decode layer 4 (None, 132, 132, 32) Conv2D (None, 16, 16, 256)
Forward layer (None, 3,2048) Output layer (None, 132,132, 1) Conv2D (None, 15, 15,512)
Forward layer (None, 1, 2048) Output layer (None, 14, 14,1)
Reshape layer (None, 16, 16, 16)
Input layer (None, 80, 80, 80, 30) Input (None, 8, 8, 16, 30) Dense + Reshape (None, 8, 8,8, 16) Concatenate (Nane, 80, 80, 80, 2)
Encode layer 1 (None, 40, 40, 40, 64) Embed layer (None, 30, 1024) Upsampling (None, 10, 10, 10, 16) Conv3D (None, 40, 40, 40, 64)
Encode layer 2 (None, 20, 20, 20, 32) Position layer (None, 30, 1024) Decode layer 1 (None, 20, 20, 20,32) Conv3D (None, 20, 20, 20, 128)
Encode layer 3 (Nane, 10, 10, 10, 16) Self-attention (None, 30, 1024) Decode layer 2 (None, 40, 40, 40, 64) Conv3D (None, 10, 10, 10, 256)
Encode layer 4 (None, 8, 8, 8, 16) Forward layer (None, 30, 1024) Decode layer 3 (None, 80, 80, 80, 64) Conv3D (None, 9,9, 9, 512)
Average pooling (Nane, 8, 8, 16) Forward layer (None, 1, 1024) Output layer (None, 80, 80, 80, 1) Output layer (None, 8,8,8,1)
Reshape layer (None, 8, 8, 16)
Input layer (None, 256, 384, 10) Input (None, 4,4, 64,10) Decode layer 1 (None, 8, 12, 64) Concatenate (None, 256, 384, 2)
Encode layer 1 (None, 128, 192, 64) Embed layer (None, 10, 1024) Decode layer 2 (None, 16, 24, 64) Conv2D (None, 128, 192, 64)
Encode layer 2 (None, 64, 96, 64) Position layer (None, 10, 1024) Decode layer 3 (None, 32, 48, 64) Conv2D (None, 64, 96, 128)
Encode layer 3 (None, 32, 48, 64) Self-attention (None, 10, 1024) Decode layer 4 (None, 64, 96, 64) Conv2D (None, 32, 48, 256)
Encode layer 4 (None, 16, 24, 64) Forward layer (None, 10, 1024) Decode layer 5 (None, 128, 192, 64) Conv2D (None, 31, 47, 512)
Encode layer 5 (None, 8, 12, 64) Forward layer (None, 1, 1024) Output layer (None, 256, 384, 1) Output layer (None, 30, 46, 1)
Encode layer 6 (None, 4,4, 64) Reshape layer (None, 4, 4, 64)
Input layer (None, 180, 360, 12) Input (None, 2, 2, 64,12) Decode layer 1 (None, 3, 6, 64) Concatenate (None, 180, 360, 2)
Encode layer 1 (None, 90, 180, 64) Embed layer (None, 10, 256) Decode layer 2 (None, 6, 12, 64) Conv2D (None, 90, 180, 64)
Encode layer 2 (None, 45, 90, 64) Position layer (None, 10, 256) Decode layer 3 (None, 12, 23, 64) Conv2D (None, 45, 90, 128)
Encode layer 3 (None, 23, 45, 64) Self-attention (None, 10, 256) Decode layer 4 (None, 23, 45, 64) Conv2D (None, 23, 45, 256)
Encode layer 4 (None, 12, 23, 64) Forward layer (None, 10, 256) Decode layer 5 (None, 45, 90, 64) Conv2D (None, 22, 44,512)
Encode layer 5 (None, 6, 12, 64) Forward layer (None, 1, 256) Decode layer 6 (None, 90, 180, 64) Output layer (None, 21,43, 1)
Encode layer 6 (None, 3, 6, 64) Reshape layer (None, 2,2, 64) Output layer (None, 180, 360, 1)
Encode layer 7 (None, 2,2, 64)

Figure S6: DynamicGPT’s architecture for various validation scenarios. This table summarizes the layers
and dimensions used in the Multi-spatial Embedding Network (E), Multi-scale Temporal Network (D),
Multi-scale Spatial Decoder (F'), and Discriminator across different tasks, including crack propagation in
materials, the 3D reaction-diffusion process, flow past a cylinder, and climate science. Each scenario is
detailed with the input and output dimensions, highlighting the complexity and design of the neural network
components tailored for specific spatiotemporal challenges.
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C Validation Against Baseline Models

To thoroughly assess the performance of DynamicGPT, we conducted a comprehensive comparison
against established baseline models, including Physics-Informed Neural Networks (PINNs)[1], Transform-
ers[2], and Deep Generative Models (DGMs)[3]. Each of these models has been widely utilized in spa-
tiotemporal dynamic prediction tasks, and their selection as baselines allows for a robust evaluation of

DynamicGPT’s advantages.

C.1 Physics-Informed Neural Networks (PINNs)

PINNs integrate physical governing equations directly into the neural network’s loss function (Left in
Figure S7), enabling the model to enforce known physical laws during training. This mechanism allows
PINNs to model spatiotemporal phenomena by embedding partial differential equations (PDEs) that de-
scribe system dynamics. The advantage of PINNs lies in their ability to maintain physical consistency and
provide interpretability. However, their performance is often limited by the need for accurate mathemati-
cal descriptions of complex systems and high computational costs, which can hinder real-time prediction
capabilities.

Why use PINNSs as a baseline? PINNs are included as a baseline to highlight DynamicGPT’s ability
to achieve comparable or superior accuracy without the constraints of embedding explicit physical equations.
This comparison underscores DynamicGPT’s flexibility and efficiency when applied to complex systems where

exact physical models are difficult to derive or computationally intensive to implement.

C.2 Transformer

Transformers, known for their self-attention mechanisms, excel at modeling long-range dependencies
within sequential data. In spatiotemporal dynamic predictions, they provide a way to capture relation-
ships across time steps while processing spatial features. A common approach involves using an autoencoder
architecture to effectively reduce the high-dimensional spatiotemporal data into lower-dimensional latent
vectors (Center in Figure S7). The encoder compresses the input data into a compact 1-dimensional vector
representation, preserving essential temporal and spatial features. This dimensionality reduction is critical
for making the subsequent dynamic modeling more computationally efficient. The self-attention mechanism
within the Transformer then processes these 1-dimensional vectors, enabling the model to weigh different
temporal relationships and capture diverse patterns. This allows for sophisticated dynamic modeling over

extended sequences. However, despite these strengths, standard Transformers can suffer from spatial infor-
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mation loss when dealing with high-dimensional spatiotemporal data due to their focus on 1-dimensional
representations and single-scale processing.

Why use Transformers as a baseline? Including Transformers as a baseline allows us to demonstrate
DynamicGPT’s ability to overcome limitations related to spatial information loss. While Transformers excel
at managing long-term temporal dependencies, the comparison highlights how DynamicGPT’s multi-scale
feature extraction and vision-based temporal modeling can lead to more accurate and detailed spatiotemporal

predictions by preserving rich spatial details alongside temporal modeling.

C.3 Deep Generative Models (DGMs)

Deep Generative Models, especially those built upon conditional GANs (¢cGANSs), are well-known for their
capability to learn complex distributions and generate realistic samples. In our DGM baseline, an encoder
maps the input data to a latent space representation, followed by ConvLSTM layers that model temporal
dependencies. The decoder reconstructs the final spatiotemporal output from the latent space (Right in
Figure S7). This mechanism allows for modeling uncertainty and non-linear interactions in data. However,
due to the sequential structure involving encoder-ConvLSTM-decoder modules, errors can propagate through
the model, impacting the stability and accuracy of predictions. In addition, the combined use of ¢cGAN,
ConvLSTM, and multiple ecoding layers leads to significant computational expense. The high complexity
can hinder real-time performance, particularly with large spatiotemporal datasets.

Why use DGMs as a baseline?: DGMs are included to demonstrate DynamicGPT’s advantages
in managing complex spatiotemporal dynamics without the drawbacks of excessive computational cost and
instability associated with generative models. This comparison showcases how DynamicGPT’s structured ap-
proach, which incorporates probabilistic modeling and multi-scale feature extraction, achieves stable training

and effective inference, overcoming DGM limitations.

C.4 Hyperparameter setting

For all baseline models, hyperparameters were selected based on reported optimal configurations in peer-

reviewed studies:

e PINN: https://github.com/stephenbaek /parc

e Transformer: https://github.com/KTH-FlowAI/beta-Variational-autoencoders-and-

transformers-for-reduced-order-modelling-of-fluid-flows
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e DGM: https://github.com/google-deepmind /deepmind-research /tree/master/now-

casting

This ensures that the comparison remains fair and rooted in previous validation studies that have rigorously
tested these architectures. Each model was tuned to achieve its best performance in similar spatiotemporal

tasks, making the comparison with DynamicGPT reflective of real-world applicability.

e . A N s
Physics-informed NN Transformer
L2 loss o
4 080,
Physical 0p0."
loss 2 o._'
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\ J \ dx1 J \

Computational cost
Predictive power T T
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Figure S7: Baseline model architectures: Physics-informed Neural Networks (PINN), Transformer, and Deep
Generative Model.

D Detailed Methods for Assessing the Physical Consistency and
Computational Efficiency of DynamicGPT

In modern machine learning, evaluating the physical consistency and computational efficiency of predictive
models is crucial, especially in domains that involve complex spatiotemporal dynamics. The Performance
Assessment of DynamicGPT: Physical Consistency and Computational Efficiency section in the
Main Text underscores the importance of these metrics and highlights DynamicGPT’s superior performance
compared to baseline models. This section provides a comprehensive explanation of the methods and code

used for this assessment, supplementing the main text.

D.1 Methodology for Assessing Physical Consistency

Physical consistency ensures that model predictions adhere to the governing physical equations of the
system. For the composite design scenario, we evaluated physical consistency by predicting the stress evo-
lution along different directions and calculating the gradient values (V) using finite difference methods to

verify convergence to zero, satisfying the equilibrium equations of force.
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To compute directional derivatives and gradients, we utilized Python libraries like Korina and Torch,
which support finite difference-based differentiation. This enabled us to develop a function that calculates de-
viations from the force equilibrium equations for both simulation-based and model-predicted results (Figure

S8). The following code snippet demonstrates how this function is structured:

1 def ForceEquilibriumCalculation(stress_data):

# Input data:
# stress_data is the results of

from a model

batch_size * output_steps * stress components *x H *x W
’stress temnsor’

sigma_xx = stress_datal:, :, 0] # xx stress component (shape: B *x T *x H x W)
sigma_yy = stress_datal:, :, 1] # yy stress component (shape: B * T *x H * W)

7 sigma_xy = stress_datal:, :, 2] # xy stress component (shape: B * T *x H * W)
sigma_yx = stress_datal:, :, 3] # yx stress component (shape: B * T *x H * W)
device = torch.device(’cuda’ if torch.cuda.is_available() else ’cpu’)

43

44

45

46

# Convert numpy arrays to torch tensors and move to device

sigma_xx torch.from_numpy(sigma_xx).float().to(device)
sigma_yy = torch.from_numpy(sigma_yy).float().to(device)
sigma_xy = torch.from_numpy(sigma_xy).float().to(device)
sigma_yx = torch.from_numpy(sigma_yx).float().to(device)

# Add a batch and channel dimension

-> (H, W) -> (1, 1, H, W)

sigma_xx = sigma_xx.unsqueeze (0).unsqueeze (0)
sigma_yy sigma_yy.unsqueeze (0) .unsqueeze (0)
sigma_xy = sigma_xy.unsqueeze (0).unsqueeze (0)

sigma_yx

# Sobolev-function gradients

field_grad

sigma_yx.

# Calculate gradients
sigma_xx_grad =
sigma_yy_grad

sigma_xy_grad
sigma_yx_grad

unsqueeze (0) .

unsqueeze (0)

(Kornia’s Spatial Gradient)
= kornia.filters.SpatialGradient ()

field_grad(sigma_xx)
field_grad(sigma_yy)
field_grad(sigma_xy)
field_grad(sigma_yx)

# Extract x and y components of gradients

if needed

# x-direction force equilibrium

force_x_eq

# y-direction force equilibrium

*by

# Compute mean absolute value of the violations in force

= sigma_xx_x + sigma_xy_y + rho * bx

sigma_xX_X sigma_xx_grad[:, :, 0] # sigma_xx’s x-gradient
5 sigma_xy_y = sigma_xy_gradl[:, :, 1] # sigma_xy’s y-gradient
sigma_yy_y = sigma_yy_gradl[:, :, 1] # sigma_yy’s y-gradient
sigma_yx_x = sigma_yx_grad[:, :, 0] # sigma_yx’s x-gradient
# Force equilibrium equations
rho = 1.0 # Assume density is 1 for simplicity
bx, by = 0.0, 0.0 # External forces (e.g., gravity), can be set to non-zero

force_y_eq = sigma_yy_y + sigma_yx_x + rho

force_x_mean = torch.mean(torch.abs(force_x_eq)).item()
force_y_mean = torch.mean(torch.abs(force_y_eq)).item()
f = force_x_mean + force_y_mean

return f
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This method was applied to both simulation results and predictions from DynamicGPT and baseline
models to assess physical consistency. To test DynamicGPT’s robustness and generalizability, we evaluated
its performance on 1,000 composite configurations with strength and toughness averages 1.35 and 1.42
times higher than those in the training set. This strategy addresses a common challenge where conventional
models struggle to predict unseen configurations accurately, especially when trained on limited data. For the
unsteady flow problem, we used a similar approach to assess mass conservation by calculating the divergence
of the predicted flow field and verifying its convergence to zero (Figure S8). DynamicGPT was trained on
a 256 x 256 spatial domain and tested on a larger 1,536 x 256 domain to assess its generalization to unseen,
larger computational domains, a critical factor for real-world applications. The code snippet below outlines

the divergence calculation:

1 def DivergenceCalculation(data):
2 # Input data: batch_size * output_steps * flow length * H * W
3 # The data is the results by ’DynamicGPT and Baseline models’

5 preds_u = datal:, :, 0] # Extract u field (shape: B * T * H x W)
6 preds_v = datal:, :, 1] # Extract v field (shape: B * T * H *x W)
8 device = torch.device(’cuda’ if torch.cuda.is_available() else ’cpu’)
9
# Convert numpy arrays to torch tensors and move to device
u = torch.from_numpy(preds_u).float().to(device)
v = torch.from_numpy(preds_v).float().to(device)
# Add a batch and channel dimension -> (H, W) -> (1, 1, H, W)
u = u.unsqueeze (0) .unsqueeze (0) # Add batch and channel dimensions
v = v.unsqueeze (0) .unsqueeze (0) # Add batch and channel dimensions
# Sobolev-function gradients (Kornia’s Spatial Gradient)
# Note: the operation use "Central differential method"!

field_grad = kornia.filters.SpatialGradient ()

#

Calculate gradients

u_grad = field_grad (u)
v_grad = field_grad(v)

# Extract x and y components of gradients

u_x = u_grad[:, :, 0] # u’s x-gradient

v_,y = v_grad[:, :, 1] # v’s y-gradient

# Compute divergence (u_x + v_y)

div = u_x + v_y

# Convert back to numpy and compute mean of the absolute divergence
div_mean = np.mean(np.abs(div.cpu().data.numpy()), axis=(0, 2, 3)) # Mean

over H, W

return div_mean
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Figure S8: (a) Flowchart of physical Consistency evaluation, (b) Flowchart of PDE parameter estimation

D.2 Comprehensive Evaluation of Physical Consistency for Real-world Valida-

tion Sets

Equilibrium of Force

To evaluate the equilibrium of force, we calculated and averaged the stress evolution over 47 time
steps for each model in the test set (Supplementary Table 1). DynamicGPT achieved a score of 0.0083,
closely aligning with the simulation benchmark of 0.0072, highlighting its superior ability to maintain physical
consistency in stress evolution. In comparison, conventional models such as PINN, Transformer, and DGM
showed greater deviation from the simulation with scores of 0.0181, 0.0148, and 0.0125, respectively.

For a more detailed analysis, we focused on the configuration with the highest strength in the test
set—representing the most challenging case and the primary objective of exploring unseen spaces in me-
chanical design. Figure S9 illustrates the results for composite design, showing the equilibrium of forces
over time. DynamicGPT’s predictions closely follow the simulation curve, demonstrating superior physical
consistency even under extreme conditions. In contrast, other models such as PINN, DGM, and Transformer

exhibit more significant deviations, particularly at later time steps, indicating a loss of accuracy when deal-

17



ing with high-strength, unseen configurations. The ability to predict the stress evolution in configurations
with unprecedented mechanical properties is crucial for advancing material design and engineering prac-
tices. These results underline the importance of having models capable of accurately extrapolating to such
high-strength designs. By maintaining physical consistency and accurately modeling the long-term stress
evolution, DynamicGPT proves to be not only an effective predictive tool but also a potentially transfor-
mative asset for real-world engineering, where predicting behavior under novel and extreme conditions is
vital for safety and innovation. These findings suggest that while previous models can approximate physical
consistency, DynamicGPT’s architecture, which integrates multi-scale spatial and temporal modeling with
probabilistic components, significantly enhances its ability to capture the fine details necessary for adhering

to the governing force equilibrium equations.
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Figure S9: Comparative analysis of physical consistency in predictions made by different models. The
equilibrium of forces over time steps is calculated by baseline models, DynamicGPT, and Simulation. Dy-
namicGPT’s predictions align more closely with the simulation results, showcasing its ability to maintain
physical consistency even in high-strength configurations that were not present in the training data.

Mass Balance
For the mass balance assessment, DynamicGPT also demonstrates superior performance with a de-
viation of 20.8, compared to the benchmark simulation value of 15.5. While this result is not as close to
the simulation as in the case of the force equilibrium, it is notably better than the scores of other models,
such as DGM (27.5), Transformer (42.9), and PINN (36.6). This indicates that DynamicGPT is not only
capable of maintaining force equilibrium but also effectively manages the conservation of mass in unsteady

flow scenarios (Figure S10).

D.3 Comparative Analysis and Implications

The results in Supplementary Table 1 indicate that DynamicGPT consistently outperforms baseline
models in physical law adherence for both force equilibrium and mass balance. This performance is attributed

to its advanced architecture, which integrates multi-scale feature extraction and temporal modeling while
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Figure S10: Comparative analysis of physical consistency in predictions made by different models. The
divergence over time steps is shown for each model, including PINN, DGM, Transformer, and the proposed
DynamicGPT. DynamicGPT demonstrates lower divergence and maintains closer adherence to the simula-
tion benchmark, indicating superior mass conservation in unsteady flow predictions.

incorporating physical constraints. Unlike conventional models that struggle with extrapolating to unseen
scenarios and maintaining physical consistency, DynamicGPT demonstrates a clear advantage.

These results highlight the potential of DynamicGPT to bridge the gap between traditional com-
putational simulations and data-driven models. Achieving near-simulation-level accuracy in long-term spa-
tiotemporal predictions, DynamicGPT showcases its capability for reliable and computationally efficient
predictions, reinforcing its role as a powerful tool in applications where physical consistency is critical.

In conclusion, these findings demonstrate that DynamicGPT has been designed and optimized to over-
come the limitations of previous models, maintaining physical consistency in real-world validation scenarios.
This capability suggests that DynamicGPT could augment or even replace traditional simulation methods

for complex physical systems, paving the way for new applications in science and engineering.

Table S1: Summary of the evaluation of physical conservation laws across different models.
The table compares the performance of various models (PINN, Transformer, DGM, DynamicGPT, and
Simulation) in terms of two key metrics: Equilibrium of force and Mass balance. The DynamicGPT model
is highlighted in blue, showing the best performance in both metrics, with the lowest values for Equilibrium
of force and Mass balance compared to the other models.

Type PINN Transformer DGM DynamicGPT Simulation
Equilibrium of force 0.0181 0.0148 0.0125 0.0083 0.0072
Mass balance 36.6 42.9 27.5 20.8 15.5

D.4 Methodology for PDE Parameter Estimation

To expand on the evaluation of physical conservation laws, we employed a method for estimating PDE

(Partial Differential Equation) parameters based on the results of deep learning predictions. This approach
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is significant because it bridges the gap between data-driven predictions and theoretical physical models by

allowing for the extraction and refinement of unknown PDE parameters, enhancing the interpretability and
reliability of the model.
Process Overview

The process for PDE parameter estimation is depicted in Figure S8(b), which illustrates the workflow

for analyzing the reaction-diffusion system as validation scenario. The detailed process with Python code is

as follow:

1. Simulation Results (Y) and Deep Learning Predictions (X): We compare simulation results
with predictions from models like DynamicGPT. These outputs approximate time derivatives and

spatial features used for parameter estimation.

% and 2¢  are calculated

2. Deriving Time Derivatives: The time derivatives of the predicted fields, % 55

using finite differences based on the simulation results:

i u_pred = np.load( )
> v_pred = np.load( )
s u_t_pred = (u_pred[:, 1:] - u_pred[:, :-1]1) / dt
+ v_t_pred = (v_pred[:, 1:] - v_pred[:, :-1]) / dt

3. Initial Parameter Setup: Initial guesses for PDE parameters are established and refined during

training:

1 inil = np.random.uniform(-1, 1)

> ini2 = np.random.uniform(-1, 1)

3 ini3 = np.random.uniform (-1, 1)

1 ini4 = np.random.uniform(-1, 1)

¢ D_.U = torch.tensor(inil, requires_grad=True)
7 D_V = torch.tensor(ini2, requires_grad=True)
s F = torch.tensor(ini3, requires_grad=True)

9 k = torch.tensor(ini4, requires_grad=True)

4. Optimization Strategy: We use an optimizer, such as LBFGS, for parameter updates:

optimizer = torch.optim.LBFGS([D_U, D_V, F, k], lr=1e-4)

5. Laplacian Calculation: The Laplacian operator for 3D spatial data is defined:
1 def laplacian_3d(U):

2 return (

3 -6 x U +

1 torch.roll(U, 1, dims=2) + torch.roll(U, -1, dims=2) +
5 torch.ro0ll1(U, 1, dims=3) + torch.roll(U, -1, dims=3) +

6 torch.roll(U, 1, dims=4) + torch.roll(U, -1, dims=4)
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6. Loss Function Definition: The loss function compares predicted time derivatives (Right side of

16

17

18

19

equation) with PDE-driven time derivatives (Left side of equation):

def gray_scott_loss_multi(U_pred, V_pred, U_t_pred, V_t_pred, D_U, D_V, F, k,

lambda_reg=1e-3):

loss_total = 0

for i in range(U_pred.shape[0]):
lap_U = laplacian_3d(U_pred[i:i+1])
lap_V = laplacian_3d(V_pred[i:i+1])

lap_U = lap_U[:, :-1]
lap_V = lap_V[:, :-1]
U_eqn = D_U #* lap_U - U_pred[i:i+1, :-1] * V_pred[i:i+1, :-1]**2 + F x*
(1 - U_pred[i:i+1, :-11)
V_eqn = D_V * lap_V + U_pred[i:i+1, :-1] * V_pred[i:i+1, :-1]*x2 - (F
+ k) * V_pred[i:i+1, :-1]

U_t_pred_sliced = U_t_pred[i:i+1, :-1]
V_t_pred_sliced = V_t_pred[i:i+1, :-1]

loss_data = torch.mean((U_t_pred_sliced - U_eqn)**2) + torch.mean ((
V_t_pred_sliced - V_eqmn) **2)
loss_total += loss_data

loss_total /= U_pred.shape[0]
return loss_total

. Training Loop: The training loop iteratively updates parameters to minimize the loss. The learning

rate are the number of update are 1e-04 and 1,200, respectively:

for epoch in range (1200):

optimizer.zero_grad()

loss = gray_scott_loss_multi(u_pred([:, :-1], v_pred[:, :-1], u_t_pred,
v_t_pred, D_U, D_V, F, k)

loss.backward ()

optimizer.step ()

if epoch ¥ == 0:
print (f )
print (£ )
print (£ )
print (f )
print (f )
print ( *50)

D.5 Detailed Results on PDE Parameter Estimation

Figure S11 illustrates the comparative results of parameter estimation for the reaction-diffusion system

across different models: PINN, DGM, and DynamicGPT. Each subplot represents the estimated values of

the diffusion coefficients D,, and D,,, feed rate F, and decay rate k over training epochs.

1. D, Estimation: DynamicGPT (blue line) demonstrates rapid convergence towards the target coef-

ficient (dashed line), achieving stability and accurate estimation earlier than both PINN and DGM.
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While DGM shows significant fluctuations and a slower approach, PINN struggles to align with the

true value, indicating less robust estimation in this parameter.

2. D, Estimation: For the diffusion coefficient D,, DynamicGPT again shows a more consistent trajec-
tory towards the target compared to other models. PINN exhibits considerable instability, and DGM,
although it approaches the target value, does so with a more erratic pattern. This highlights Dynam-

icGPT’s ability to estimate this parameter with greater precision and reliability.

3. F' Estimation: In the estimation of the feed rate F', DynamicGPT displays smooth convergence
and aligns closely with the actual target value after the initial training phase. DGM reaches a closer
estimate but with higher variance, while PINN diverges away from the target, showing its limitations

in accurately estimating this parameter.

4. k Estimation: The decay rate k further underscores DynamicGPT’s performance advantage. The
model converges effectively and stabilizes near the target coefficient. In contrast, DGM initially oscil-
lates significantly before slowly settling, and PINN demonstrates the least effective estimation, deviat-

ing throughout the training.

These comparative results underscore DynamicGPT’s strength in reliably estimating reaction-diffusion pa-
rameters, maintaining accuracy across long-term spatiotemporal dynamic. The superior performance of Dy-
namicGPT over PINN and DGM emphasizes its robustness and precision, positioning it as a powerful tool

for predictive modeling and parameter discovery in complex spatiotemporal systems.

Target coefficient
0.20
0.15 1
0.10
0.05
0.00 1

—0.05 4

T T T T T T T T
0 500 1000 0 500 1000 0 500 1000 0 500 1000

Figure S11: Comparative analysis of physical consistency in predictions made by different models. The
divergence over time steps is shown for each model, including PINN, DGM, Transformer, and the proposed
DynamicGPT. DynamicGPT demonstrates lower divergence and maintains closer adherence to the simula-
tion benchmark, indicating superior mass conservation in unsteady flow predictions.
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Table S2: Summary of the results of parameter estimation for partial differential equations
(PDEs). The table compares the estimated values of four key components (D,, D,, F, and k) obtained
using three different models: PINN, DGM, and DynamicGPT. The true values of the unknown parameters
are also included for comparison. Notably, the results obtained with DynamicGPT, highlighted in blue, show
the closest estimates to the actual unknown parameter values.

Component D, D, F k
PINN 0.237 0.137 -0.54 0.0642
DGM 0.228 0.02 0.0753 0.075
DynamicGPT 0.411 0.14 0.0243 0.071
Unknown Parameters 0.416 0.14 0.025 0.07
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