
Do AI models truly learn 
multiscale physics, and how?
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Some progress and challenges
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AI weather forecast Training data (Re-analysis)

Image source: Qiang Sun & 
Pedram Hassanzadeh

Bi et al (2023) Nature

• Spectral bias of  NN:



Spectral bias is bad for multiscale problems
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AI weather forecast Training data (Re-analysis)

• Spectral bias of  NN: Rahaman et al (2019), Frequency Principle: Xu et al (2020)

Bi et al (2023) Nature



Spectral bias: A Fourier analysis of NN
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Xu et al. (2022) 

For a single-hidden-layer NN with input

The mean square loss measures the distance between the NN output 𝑢𝑢(𝑥𝑥) and ground truth 𝑢𝑢𝑔𝑔(𝑥𝑥)

, where �𝑢𝑢(𝑘𝑘) denotes the Fourier transform of  𝑢𝑢(𝑥𝑥)

The loss at frequency k is

For tanh activation function, the gradient of  loss at  J(k) with respect to NN parameters 𝜃𝜃𝑗𝑗 is

This gradient decay rapidly with frequency k!!   This is a simple explanation of  the spectral bias.



Capturing high-frequency functions
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• For multiscale problems, it is important to rescale the NN weights so that it actives the learning of  high-
frequency (large k) functions  

Wang & Lai, J. Comput. Phys. (2024)

We make  𝑤𝑤𝑗𝑗
(0) ∝ 𝑘𝑘

Yongji Wang
Postdoc

Fourier Feature nets

Gaussian distribution with 
standard deviation 

Tancik et. al. (2020) Our implementation: 



Errors of neural networks
• NN’s function approximation errors → Multistage neural network 

                    Wang & Lai, J. Comput. Phys. (2024)Approximating 

high-frequency functions → Jagtap et al., JCP (2020)
Introduce a scaling variable in the activation function, which can be optimized

• Determine the weights for different terms in the cost function 
→ Wang et al. SIAM J. Sci. Comput. (2021), Wang et al., JCP (2022), McClenny & Braga-Neto, SAPINN 
arXiv:2009.04544

• Error bounds of  the PINN solutions → Mishra & Molinaro, IMA J. Numer. Anal. (2023)
In addition to saying PDE residues are small, we know that the distance between the PINN approximated 
solution itself  with the true solution, which is not available, would be small → Multistage NN

→ Regular NN
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Yongji Wang
Postdoc

NN as universal function approximators: Hornik et al (1990)
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• When NN training error is small, the learning becomes really slow. 
Inspired by the principals of  perturbation theory, MSNN includes a superposition of  
multi-stage NNs, with each stage using a new NN to fit the residue rescaled to O(1) 
from the previous NN. 

NNs of  different stages

where

Main idea Wang & Lai, J. Comput. Phys. (2024)

Related work with similar flavors: Sequential residual learning: Krishnanunni & Bui-Thanh 
arXiv:2211.06860, Multi-level neural networks: Aldirany et al. (2024), Stacked networks: Howard et 
al. arXiv:2311.06483, Precision Machine Learning: Michaud et al. arXiv:2210.13447…etc
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Multistage-NN (MSNN) Wang & Lai, J. Comput. Phys. (2024)
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Can multistage-NN be used to tackle the 
spectral bias in multiscale problems?
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𝜔𝜔: vorticity
𝜓𝜓: stream function

2D incompressible Navier-Stokes eqn:

Student
Jakin Ng
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Training data: 
Numerical solution at Re = 2000

Example: 
How precisely can a NN 
approximate a 2D fluid flow?

𝑥𝑥
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𝜔𝜔(𝑥𝑥,𝑦𝑦, 𝑡𝑡) 𝐸𝐸(𝑘𝑘)

Energy spectrum:
𝑘𝑘
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Loss convergence

Energy spectrum

E.g. 2D incompressible Navier-Stokes 

Due to 
spectral bias
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Loss convergence

Energy spectrum

Stage 1Stage 0
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E.g. 2D incompressible Navier-Stokes 
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Stage 1            ….   Stage 3
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Loss convergence

Energy spectrum
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E.g. 2D incompressible Navier-Stokes 



Multistage NN can tackle the spectral bias & 
accelerate loss convergence
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Energy spectrum Loss convergence

IterationsWavenumber k

Regular NN

Multistage NN
(no spectral bias)

Lo
ss

Wang & Lai, J. Comput. Phys. (2024)
Ng, Wang & Lai, ICML workshop (2024), arXiv:2407.17213

Regular NN
(spectral bias)

Multistage NN
(machine precision)Navier-Stokes, Re = 2000



Example: Learning viscosity model for glacial ice
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Method:
We inject only the physics that we 
believe are correct, e.g. 
conservation of momentum, into 
the loss function, and leaving the 
uncertain physics, e.g.  the 
viscosity model 𝜇𝜇 =?, to be 
determined through data 
assimilation using observations. 

Wang, Lai, Prior, Cowen-Breen, Science (2025)
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Ice effective viscosity  𝜇𝜇
NN representation: 40k parameters
Uniform discretized grid: 2300k parameters

Example: Learning viscosity model for glacial ice

Method:
We inject only the physics that we 
believe are correct, e.g. 
conservation of momentum, into 
the loss function, and leaving the 
uncertain physics, e.g.  the 
viscosity model 𝜇𝜇 =?, to be 
determined through data 
assimilation using observations. 

Wang, Lai, Prior, Cowen-Breen, Science (2025)𝑥𝑥

𝑦𝑦
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Ice effective viscosity  𝜇𝜇
NN representation: 40k parameters
Uniform discretized grid: 2300k parameters

Example: Learning viscosity model for glacial ice

Method:
We inject only the physics that we 
believe are correct, e.g. 
conservation of momentum, into 
the loss function, and leaving the 
uncertain physics, e.g.  the 
viscosity model 𝜇𝜇 =?, to be 
determined through data 
assimilation using observations. 

Wang, Lai, Prior, Cowen-Breen, Science (2025)𝑥𝑥

𝑦𝑦



Strain rate ∝ stress𝑛𝑛 with stress exponent 1<n<4

• In conventional ice sheet 
models, n=3 is assumed.

• But here we observe: 
n increases with stress, 
important for predicting 
the fate of  ice-sheet and 
sea-level rise.

Stress

St
ra

in
 ra

te

Wang, Lai, Prior, Cowen-Breen, Science (2025)



Summary
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• Neural networks can struggle to represent physics with scales 
spanning several orders of  magnitudes due to a combination of  
its optimization dynamics and the data spectrum.

• We had tackled this issue with residual-correction idea and 
applied it to multiscale geophysical inverse problems.

• Generalize to operators: How can multistage neural operators 
potentially help mitigate the error propagation of  autoregressive 
predictions?

Future work
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Discussion questions

• In the context of  weather forecast or climate predictions, when 
does “missing the small scales” matter?

• Lots of  AI emulators seem to be blurry but stable and capable 
of  predicting the trajectories/statistics. Why is that the case? 
Does it truly find the coarse-grained reduced-order model for 
the system? 
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Lai et al., invited review article in Annu. Rev. Condens. Matter Phys (2025). 
doi.org/10.1146/annurev-conmatphys-043024-114758

Accelerating 
simulations

Learning 
physics



• Imagine an extreme scenario: AI emulators/agents can make faster, 
more accurate predictions (more consistent observations) of various 
physical processes than traditional physics-based simulations.
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Better Predictions

Deeper Understandings
This is awesome! 
How did you 
figure it all out?

Yes, we figured it all 
out. But it’s too hard 
to explain to you. 

Human AI/ AI agents

Deeper Understandings

• Predictions ≠ Understandings
Isaac M. Held (2005), “The Gap between Simulation and Understanding in Climate Modeling”



Backup Slides
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Observed universal power-law:

                                    where        
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Scaling laws: Smaller errors, higher frequencies

1
6



Multistage NN vs Fourier Series
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Periodic 
function

Red: Periodic function
Blue: Non-periodic function

1

6

where



Multistage NN vs Fourier Series
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Red: Periodic function
Blue: Non-periodic function

1

6



Optimal range of 𝜅𝜅

Optimal 
range

Our implementation: 
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