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ENMA: Tokenwise Autoregression for

Generative Neural PDE Operators
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TLDR; We propose to solve parametric PDEs using a continuous autoregressive generative model

operating in a compressed latent space.

1.Problem formulation

e Solve parametric PDEs

Nlu;c, fl(x, t)
Blu; b](x, t)
u(x,0)

Where V' and B denote differential operators, Q is the spatial domain and Tis
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the time horizon. c refers to the PDE parameters, f is the forcing term, b

represents the boundary conditions and u° is the initial condition.

t=14

)

vJ,
| Y
A "\

t=14

Viscosity 5% (top) Vs

e 3 properties

Robust to changes in

the initial conditions

4.Experiments

2.Encoding strategy

1. Interpolation 2. Compression
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ENMA can handle irregular grids and proposes an efficient encoding
strategy.
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1. Encoder-Decoder quality

Dataset — Vorticity
~L Xte

Model |  Reconstruction Time-stepping Compression rate
OFormer 9.99¢-1 1.00 x0.125
GINO 5.63e-1 9.83e-1 X8

x = 100% AROMA 1.45e-1 1.13 X8
CORAL 4.50e-1 9.85e-1 X2
ENMA 9.20e-2 2.62e-1 X15
OFormer 9.99%¢-1 1.00 -
GINO 5.6%¢-1 9.91e-1 -

= 50% AROMA 1.64e-1 1.14 -
CORAL 4.93e-1 9.85e-1 -
ENMA 9.90e-2 2.68e-1 -
OFormer 9.99¢-1 1.00 -
GINO 5.90e-1 1.04 -

= 20% AROMA 2.29%-1 1.14 -
CORAL 7.59%e-1 9.87e-1 -
ENMA 1.37e-1 3.11e-1 -

Table 1: Comparison of ENMA and encoder-decoder baselines.

ENMA can encode and decode at any resolution.
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1. Extract spatio-temporal
representation

We extract the spatio-temporal
representation of a trajectory by using a
causal attention mechanism Z5,\ =
CausalTransformer(Zgos,Z%L™1) , where
Zpos is a learned begin-of-sequence
token. Z5,y can be seen as a latent
context capturing the dynamics, from the
observed time-steps [0,L-1], to predict the
next step L.
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3.Generative process

2. Auto-regressive spatial
generation

To perform tokenwise continuous
autoregression, ENMA employs a masked
decoding scheme conditioned on the context
Zkyn. This is implemented using a spatial
transformer, combined with a lightweight MLP
that models the per-token ouput distribution.
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ENMA is a generative autoregressive model that operates continuously in the latent space.

5 Uncertainty quantification with ENMA
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Figure 2: Uncertainty quantification using ENMA. Multiple
trajectories are sampled, and the final time step is used to
compute the pointwise mean (blue), standard deviation
(shaded), and ground truth (red).



