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Fluid Dynamics of Climate



Computational Challenge

• Complexity of climate model simulations at high-resolution [Schneider et al.]

• Lack of observations at small and fast scale dynamics [Bolton & Zanna]

• Current climate models have stubborn biases and huge uncertainty

Bolton, T., & Zanna, L. (2019). Applications of deep learning to ocean data inference and subgrid 
parameterization. Journal of Advances in Modeling Earth Systems, 11(1), 376-399.

https://www.climate.gov/maps-data/climate-
data-primer/predicting-climate/climate-models

Schneider, Tapio, et al. "Climate goals and computing the future of clouds." Nature Climate Change 7.1 (2017): 3-5.



Technical Challenges

Respect Physical Laws

Distribution Shift

Uncertainty Quantification 

Zelinka, Mark D., et al. "Causes of higher climate sensitivity in CMIP6 
models." Geophysical Research Letters 47.1 (2020): e2019GL085782.

Runge, Jakob, et al. "Inferring causation from time series in Earth system 
sciences." Nature communications 10.1 (2019): 1-13.

Causality 



Incorporating Symmetry for Generalization

Rui Wang
 Robin Walters


Incorporating Symmetry into Deep Dynamics Models for Improved Generalization 
Rui Wang, Robin Walters, and Rose Yu 
International Conference on Learning Representations (ICLR), 2021.



• Noether’s theorem: For every symmetry, 
there is a corresponding conservation law 

• translational  conservation of momentum 


• time invariance conservation of energy 

!
!

Conservation Laws and Symmetry

• Distribution shift but laws of physics do not!



Group Equivariance
• Group: a set  and a composition map  


•  and 


• SO(2): 2d rotation 

G " : G # G ! G
1 $ G %g $ G, &g'1 $ G

• Invariance, Equivariance: function  and group 


• G-invariant:  


• G-equivariant:  

f G

f(g(x)) = f(x)
f(gx) = gf(x)

f(x, v) = (x,2v)

!(Rot(")) = (cos(") sin('")
sin(") cos(") )



Theorem (Weiler & Cesa 2019): a convolutional layer is G-equivariant if 
and only if the kernel satisfies   for all , 
with action maps  and  .

K(gv) = !'1
out(g)K(v)!in(g) g $ G

!in !out

Weight Symmetry



Symmetry: Scaling

• Standard convolution shares weights across the input by 
translating a kernel across the input. 


• For scale-equivariant convolution, we must translate and 
scale a kernel across the input  



Physical Systems
• 2D Navier-Stokes Equations
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• A system of differential operators 



• if  is a solution of , then for all 
,  is also a solution

D = {P1, +, Pr}
% D

g $ G g(%)
Scaling Law



Symmetry: Scaling

• Scale equivariant 


T&w(x, t) = &w(&x, &2t)



Ocean Currents Forecast

Physically Consistent Predictions!



Approximately Equivariant Networks 

Rui Wang
 Robin Walters


Approximately Equivariant Networks for Imperfectly Symmetric Dynamics 
Rui Wang, Robin Walters, and Rose Yu.  
International Conference on Machine Learning (ICML) 2022.



Symmetry as Inductive Bias

• Real-world dynamics are very rarely perfectly symmetric


• Perfectly equivariant models can be overly restricted when 
data is not perfectly symmetric



• Strictly equivariant functions are  .


• Interpolates between no inductive bias and a strong 
inductive bias from equivariance

' = 0

Approximate Symmetry
Definition: Let  be a function and  be a group. Assume 
that  acts on  and  via representations  and . We say   is 
-approximately -equivariant if for any , 
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f : X ! Y G
G X Y !X !Y f

' G g $ G

,f(!X(g)(x)) ' !Y(g)f(x), - '



Equivariant Convolution
• Group Convolution (G-conv) 

 
                            


• G-conv does not need to precompute an equivariant 
kernel basis 


• But limited to discrete (compact) group, not efficient 
when the group order is large


• G-Steerable Convolution (Steer) 
                       

f *G K(g) = !
h$G

f(h)K(g'1h)

K(hx) = !out(h)K(x)!in(h'1)



Relaxed Equivariance
• Define the new kernel as a linear combination of basis with 

coefficients that vary with input  


• Introduce symmetry-breaking dependence on each 


• Relaxed G-conv (RGroup): 

                    


• Relaxed Steerable (RSteer): 

                    

h

(g, h)

˜f * GK(g) = !
h$G

f(h)
L

!
l=1

wl(h)Kl(g'1h)

K̃(hx) = !out(h)
L

!
l=1

wl(h)Kl(x)!in(h'1)



Smoke Plume

• Smoke simulations with different inflow positions and buoyant forces 

• E2CNN predicts the wrong direction, may due to the overly strong 

inductive bias of symmetry



Smoke Plume
• Varying buoyant force 

to break rotation 
symmetry


• E2CNN has overly 
restrictive symmetry 
constraint


• Ours (RSteerR) 
correctly reflects the 
level of symmetry



Supersonic Jet Flow

• Real experimental data of 2D turbulent velocity in multi-
stream jets from NASA


• Measured using time-solved partial image velocimetry 



Prediction Performance

20% better



Conclusion
• Physics-Guided Deep Learning: Integrating first-principles 

into deep neural networks for dynamics forecasting


• Equ-Net: symmetry-aware neural network for improved 
generalization under distribution shift 


• Relaxed-Equ-Net: equivariant networks that avoid 
stringent symmetry constraints to fit real-world scenarios


• Future work: symmetry discovery, generalization to graph 
neural networks, theory of universal approximation and 
generalization.
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Open Source Code and Data: roseyu.com
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