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Problem & Context

p
% Solving parametric PDEs

N u;e, f] (z,t) =0, for (z,t) € Q x (0,7,
B [u;b] (z,t) =0, for (z,t) € 99 x [0, T,
u(z,0) = u’(z), for z € (Q,

c: PDE coefficients

f. forcing terms

b: boundary conditions
. u®: initial condition
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% Deterministic neural surrogate

— Modeling complex/chaotic physical behavior
— Modeling uncertainty
— Partially observed systems
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— Modeling uncertainty

— Modeling complex/chaotic physical behavior

— Partially observed systems

% Deterministic neural surrogate
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%  Generative neural surrogate

Diffusion

+ Continuous at pixel level
+ Uncertainty quantification

— Expensive training stage
— Requires a high number of denoising steps

Auto-regressive

+ In-context learning
+ Causality aligned generation

— Requires quantization
— Uncalibrated uncertainty quantification

How to create a generative model for PDE solving that
keeps the advantages and consistency of
autoregressive modeling while being continuous in
space?
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% Deterministic neural surrogate

— Partially observed systems
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%  Generative neural surrogate
Diffusion

+ Continuous at pixel level
+ Uncertainty quantification

— Expensive training stage
— Requires a high number of denoising steps

Auto-regressive

+ In-context learning
+ Causality aligned generation

— Requires quantization
— Uncalibrated uncertainty quantification

We propose:

— Modeling complex/chaotic physical behavior -
— Modeling uncertainty
ENMA




ENMA'’s framework
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Generative Model
+ Uncertainty quantification
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ENMA Ground Truth

RMSE Error

Some results on the Advection PDE

ENMA vs Ground Truth for 1D PDEs

Sample 1: a = -1.01
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More results in the paper!

Sample 2: a = -0.409
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Experiment on the encoder/decoder

1 X Dataset — Advection
Model | Reconstruction  Time-stepping  Compression rate
OFormer 1.70e-1 1.11e+0 x0.25
GINO 3.15e-1 8.55e-1 X2
7 = 100% AROMA 5.41e-3 2.23e-1 X2
- ° CORAL 1.34e-2 9.64e-1 X2
ENMA 1.83e-3 1.64e-1 X4
OFormer 1.7%-1 1.11e+0 -
GINO 321e-1 8.64-1 -
= 50% AROMA 2.34e-2 2.2%-1 -
- °  CORAL 7.57e-2 9.74e-1 -
ENMA 4.60e-3 1.72e-1 -
OFormer 2.50e-1 1.13e+0 -
GINO 3.54e-1 9.11e-1 -
= 20% AROMA 1.67e-1 3.21e-1 -
% CORAL 4.77e-1 1.06e+0 .
ENMA 3.05e-2 3.13e-1 -
%  Experiment on the generative process
Setting | Dataset — Advection
Model | In-D Out-D
FNO 2.47e-1 7.95e-1
BCAT 5.55e-1 9.23e-1
S AVIT 1.64e-1 5.02e-1
Teopordl Conditioning o 1y 236e-1 8.56¢-1
Zebra 2.04e-1 1.39e+0
ENMA 3.95e-2  5.30e-1
In-Context ViT 1.15e+0 1.20e+0
i [CLS] ViT 1.15e+0 1.36e+0
Initial Value Probl
e 3.16e-1 1.47e+0
ENMA 2.02e-1 8.07e-1




More about ENMA !
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ENMA’s generative training and inference

Training

Flow Matching MLP

T

ZN

Denoise unmasked
tokens

{

L
ZDYH

Zipsx = Z"[M]

Teacher forcing

D Ground truth tokens

Inference

noisy z —— Flow Matching MLP | ZN
Zn = ZL[N s] Zn
7 L
|Ns| = 3 tokens =T Z
selected from the M Z
spatial tokens
Spatial Transformer @

f

f

L
ZDYN

[MASK]

|:| Selected tokens for generation

autoregressive
generation



