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PDE Solver

a(x)

Input function
initial/boundary 
conditions

𝒢↦ ↦

operator
PDE solver

u(x)

Output function
solution field

initial temp 
T(x, 0)

∂T
∂t

= α∇2T
temp field 

T(x, t)

source current 
J(x, y)

electric field 
E(x, y)Maxwell’s equations



Neural Operator

a(x) 𝒢↦ ↦ u(x)

neural net learns operator 

train with paired data: 

can be evaluated at any resolution (not tied to grid used in training)

𝒢

{a(x)(i), u(x)(i)}

mathworks
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Linear Boundary Value Problems

ℒu(x) = f(x)

ℒ = a(x)
d2

dx2
+ b(x)

d
dx

+ c(x) (for example)

ℒG(x, y) = δ(x − y)

Dirac delta functionGreen’s function

u(x) = ∫ G(x, y)f(y)dy



Moving towards a neural net approach
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vt+1(x) = ∫ Kθ(x, y)vt(y)dy

neural network



Moving towards a neural net approach
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Moving towards a neural net approach

vt+1(x) = ∫ Kθ(x, y)vt(y)dy

vt+1(x) = σ (Wvt(x) + ∫D
Kθ(x, y)vt(y)dy)

activation function
pointwise linear transform



a(x)

NN: lift to 
higher dimension

v0 ↦ v1 ↦ v2 ↦ … ↦ vn

NN: project back to 
targer dimension

a(x)

NOTE: not an autoencoder

1x1 convolutions to lift in channel dimension



1x1 convolution

8 x 8 x 3 1 x 1 x 3 x 5 8 x 8 x 5

in channels out channelskernel size

nn.Conv2d(in_channels=3, out_channels=5, kernel_size=1)



Fourier Transform
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Fourier Transform

∫ Kθ(x, y)vt(y)dy

∫D
Kθ(x − y)vt(y)dy

= (Kθ * vt)

= ℱ−1 (ℱ(Kθ) ⋅ ℱ(vt))
= ℱ−1 (Rθ ⋅ ℱ(vt))

(assumption)

(convolution integral)



Summary



https://zongyi-li.github.io/blog/2020/fourier-pde/



Zero-shot Super Resolution



Many Other Variants



DeepONet



figure adapted from Shuai Guo, Operator Learning via Physics-Informed DeepONet

u(t)
a

Pointwise prediction (like PINN)



Shuai Guo, Operator Learning via Physics-Informed DeepONet
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