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Motivation
• Motivation: abrupt changes & multi-resolution

• Generation in the wavelet domain. 
• Wavelet transform is both space and frequency localized and 

excels at approximating functions with abrupt changes.
• Due to the linearity and locality of the wavelet transform, it can 

integrate seamlessly with the multi-resolution training. 

• Multi-resolution training. 
• Generalization to higher-resolution simulations.
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Preliminary
• Diffusion model:
• Forward process: add noise

�(��+1|��) = �(��+1; ����, (1 − ��)I)
• Reverse process: denoise

��(��−1|��) = �(��−1; ��(��, k),��I)
• Train the denoising model ��:
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Method
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Method - Generation in the Wavelet Domain

• Wavelet basis: we use wavelet analysis to represent signals with 
basis functions localized in both space-time and frequency domains, 
taking values only within finite intervals.

• WDNO for simulation:

• WDNO for control:
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Method - Multi-resolution Training



Results

• Our method tested in 5 different simulation tasks and 2 control tasks:

Simulation:

• 1D Burgers’ equation state control

• 1D Advection equation

• 1D compressible Navier-Stokes equation 

• 2D incompressible fluid

• ERA5 dataset for weather forecasting

• WDNO demonstrates superior simulation and control performance

• Significant improvements in long-term and detail prediction accuracy.

• WDNO reduces the smoke leakage by 33.2% compared to the second-best baseline in indirect control task.
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Control:

• 1D Burgers’ equation state control

• 2D incompressible fluid control



Simulation Results
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WDNO achieves the best Performance



Simulation Results - abrupt changes

1D Burgers’ equation        1D Compressible Navier-Stokes
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Control Results - 1D Burgers’ equation
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Control objective: (�∗(�) is target state)

 � =  �  �(�, �) − ��(�) 2 �� + �  0,� ×�  �(�, �) 
2 d���

�(0, �) = u0(�)                                                                          at  � = 0 

�(�, �) = 0                                                                                   on  0, � × ��

��(�, �)
��

=− �(�, �) ⋅
��(�, �)
��

+ �
�2�(�, �)
��2

+ �(�, �)    in  0, � × �



Control Results - 2D incompressible fluid
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Results - zero-shot super-resolution
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WDNO outperforms the mesh-invariant FNO and WNO

1D Burgers’ equation 2D incompressible fluid



Results - Ablation studies
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Long-term dependencies.

WDNO exhibits the slowest error growth.



Results - Ablation studies
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Number of training samples. 

0.4 times：WDNO ’s error remains within 
a relatively small range.



Results - Ablation studies
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1D compressible Navier-Stokes equation

Comparison with Fourier transform:
Wavelet transforms is more effective for 
learning complex system dynamics.

Measurement noise：
WDNO ’s results exhibit minimal variation 
with changes in scale, demonstrating its 
robustness to noise.



Limitation and Future Work
• Real-World Application

• WDNO is not limited to specific environments.
• Potential real-world applications: turbulence, structural materials, plasma.

• Applicability to Irregular Data
• WDNO (Wavelet transform& denoising model U-Net): only applicable to static, uniform grid data. 
• Future improvements: 

Geometric wavelets for irregular data; 
Diffusion models for graph structures; 
Projecting irregular grids onto regular uniform grids

• Incorporating Physical Information
• Current: not incorporate equation-based information
• Add physics-informed loss based on the PDEs --> enhance the model’s accuracy, robustness, 

and generalizability.
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Thank you!

If you have any questions, please feel free to contact 
us at:

hupeiyan18@mails.ucas.ac.cn

ruiwang18@fudan.edu.cn

wutailin@westlake.edu.cn
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