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Modeling Physical Dynamics with Neural Networks

Weather forecasting Heart electrical
activities

Modeling Dynamics with DL: Domain on the Rise

Ü Goal: take advantage of DL to extract dynamics from data to predict the future.
Ü Predict a phenomenon in space and time.
Ü Effective models proposed with different properties.

DINO – Dynamics-aware Implicit Neural Representations 1/13



Modeling Physical Dynamics with Neural Networks

Weather forecasting Heart electrical
activities

Modeling Dynamics with DL: Domain on the Rise

Ü Goal: take advantage of DL to extract dynamics from data to predict the future.

Ü Predict a phenomenon in space and time.
Ü Effective models proposed with different properties.

DINO – Dynamics-aware Implicit Neural Representations 1/13



Modeling Physical Dynamics with Neural Networks

Weather forecasting Heart electrical
activities

Modeling Dynamics with DL: Domain on the Rise

Ü Goal: take advantage of DL to extract dynamics from data to predict the future.
Ü Predict a phenomenon in space and time.
Ü Effective models proposed with different properties.

DINO – Dynamics-aware Implicit Neural Representations 1/13



Model Capabilities in Recent Advances

Convolution (NODE)

Chen et al., Neural Ordinary Differential Equations. NeurIPS 2018

GNN (MP-PDE)

Brandstetter et al., Message Passing Neural PDE Solvers. ICLR 2022

Coordinate-based (DeepONet)

Lu et al., Learning nonlinear operators via DeepONet. Nature
Machine Intelligence 2021

FFT (FNO)

Li et al., Fourier Neural Operator for Parametric Partial Differential Equations. ICLR 2021

INR (SIREN)

Sitzmann et al., Implicit Neural Representations with Periodic Activation Functions. NeurIPS 2020.

Forecast at any time in the future
Temporally continuous dynamics
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No format requirements for the input
Point-cloud acceptable
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Spatial discretization invariant mapping
Transform in another space
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Model Capabilities in Recent Advances

Convolution (NODE)

Chen et al.,Neural Ordinary Di�erential Equations. NeurIPS 2018

GNN (MP-PDE)

Brandstetter et al.,Message Passing Neural PDE Solvers. ICLR 2022

Coordinate-based (DeepONet)

Lu et al.,Learning nonlinear operators via DeepONet. Nature
Machine Intelligence 2021
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Sitzmann et al.,Implicit Neural Representations with Periodic Activation Functions. NeurIPS 2020.

Function query by coordinates
Continuous representation in space and time
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Summary of Desirable Properties

Ü Spatial �exibility:

å Handlingfree-form input and
domainswith the same general
architecture.

å Generalize tonew input grids by
removing architectural constraints.

å Arbitrarycoordinate query for spatial
interpolation.

Ü Temporal �exibility:

å Given time-discrete training data,
producetime-continuous solutions
with new initial conditions .

å Extrapolation beyond train horizon
through dynamics modeling.
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We introduce DINo



Dynamics-Aware Implicit Neural Representations (DINo)

Space and time-continuous neural PDE forecaster.

Ü (enc)Encode free-form observations into a latent vector.

Ü (dyn)Unroll dynamics with time-continuous Neural ODE.

Ü (dec)Decode with space-continuous emission function.

Ü (enc)(dec)with implicit neural representations.
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Implicit Neural Representations (INRs)

Ü Represent continuous data.

Ü With coordinate-based NNI � : 
 ! Rdc with
periodic activations.

Ü Learn� by gradient descent over MSE:

min
�

X

x2X




 v(x) � I � (x)




 2

2:
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INRs for Encoding and Decoding

Ü Decoding latent vector� via a hypernetworkh� :

I h� (� ) = ~v:

Ü Auto-decoding to infer� givenvjX :

� = auto-dec
�
vjX ; h�

�
:

Ü Encodes multiple samples using the same decoder.
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DINoInference � Summary

(enc)� 0 = auto-dec( v0jX ; h� );

(dyn)
d� t

dt
= f (� t ); (dec)8t; ~vt = I h� (� t ) :
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DINoTwo-Stage Training Procedure
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Implementation of INRs

Multiplicative Filter Nets (MFN, Fathony et al., 2021)

Ü Combination of spatial basis functions.

Ü MFN have interpretable parameters:
å parameters forbasis functions and coe�icients.

Fitting Samples with Latent Shi� Modulation

Ü Modulate INR with latent vector (Dupont et al., 2022).

Ü Add shi� modulation to coe�icients via a hypernet.

Space-Time Variable Separation

~vt (x) =
X

m

time-dependent coe�icient
z }| {
c(m) (� t ) � s
 (m) (x)

| {z }
spatial basis element

:
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Experimental Setting

Ü Diverse set of evaluation scenarios.

Ü Various time-dependent PDEs.

Ü Comparison to recent neural PDE forecasters.

å New initial condition
å Temporal extrapolation
å Time continuity

å Changing observation grid

å Spatial interpolation å Data on manifold
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å 3D spherical PDE
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Ü Diverse set of evaluation scenarios.

Ü Various time-dependent PDEs.

Ü Comparison to recent neural PDE forecasters.

å Discretized
(NODE, MP-PDE)

å Neural Operator
(Markov FNO, DeepONet)

å Temporal INRs
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