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My research: Al for Science

Forward:
Simulate the system, predicting its evolution

Inverse:

Inverse problem: Infer its state/parameters given observation
Inverse design: Optimize the system’s parameters to optimize
design objectives




Forward c— Inverse

CMS DETECTOR STEEL RETURN YOKE

Total weight : 14,000 tonnes 12,500 tonnes SILICON TRACKERS

Overall diameter :15.0 m Pixel (100x150 pm?) ~1 m? ~66M channels
Overall length :28.7m Microstrips (80-180 um) ~200 m* ~9.6M channels
Magnetic field  :3.8T

SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000 A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: 540 Cathode Strip, 576 Resistive Plate Chambers

PRESHOWER
, Silicon strips ~16 m* ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

CRYSTAL
ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PWO, crystals

HADRON CALORIMETER (HCAL)
Brass + Plastic scintillator ~7,000 channels

[Image from University of Vienna]

« Simulation « Detector design (inverse design)
« Reconstruction (inverse problem)



Al for scientific simulation

Develop machine learning (ML) methods for scientific simulation, improving its
speed and/or accuracy
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Al for scientific simulation

Scientific simulation: simulate the dynamics or steady state of the system, given
initial state, boundary condition and parameters of the system

Al for scientific simulation: develop machine learning (ML) methods for scientific
simulation, improving its speed and/or accuracy



Al for scientific simulation

Tasks Architecture Learning paradigm Challenge
15 28t F33BIL Hkdk

« Learning dynamics . *negression . .
g ay GNN . Bifuslon made «  Multi-resolution

* Neural operators :

: X X | + Reinforcement X

« Learning steady « Transformer earni Functi

state * Physics-informed mappings

(N VRN AN N\l /

These parts are orthogonal, i.e., each task can choose suitable architecture and learning paradigm,
and they can face multi-resolution and/or complex boundary conditions



Al for scientific simulation: part |
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Task setup for evolving dynamics

Goal: IRIRIAZ ut USRS ultt, ut*?, .
m% a, X ml aq 0X m?, a, 0X

o wlml  lg

ut: original state (4A7%) of the system. Can be an infinite-dimensional function u(t, x)
as solution to a PDE, or a graph (e.g., mesh, particle-based systems, molecules)

f*: Evolution (FE4t;&E{t) . By a classical solver (f#28) or in the real world (EICHN)
m': external control (5p5RIZH])

a: static parameters (§2522{) of the system that does not change with time
(e.g. parameters of PDE, spatially varying diffusion coefficient)

0X: boundary condition (JB5£%{4) of the system

PDE: partial differential equation



Spectrum of methods for simulating dynamics

First principle Data driven
Classical solver Pure deep learning
Accurate;

Interpretable;
Error guarantee

Fast (10 — 10%x);

Can directly learn
from data

Slow;
Assumption may
be incorrect

Challenge in
long-term acc.

10



Classical solvers and limitations

Classical solvers:

DDOBERROOR | uf | ub | uf | ub
_ _ _ _ OOORRR X IRRRR
Based on Partial Differential Equations (PDEs) or ODEs S ORI A
ou F( ou 6211 u: state 1 di REA A
—_— = r.Uu ) X : spatial coordinate STAVASCYAVAY. . . ATAVAYA
9 ) 9 y AN
Ot ox’ 0x? t: time Lo podadeecy

mesh grid

k ____—» discrete time index k

Discretize the PDE, then use finite difference, finite
u(t,x) — u,;

element, finite volume, eftc. to evolve the system.

— discrete cell id 2

Pros and challenges:

e Pros: (1) Based on first principles and interpretable, (2) accurate, (3) have error guarantee.
o Challenges: Slow and computational expensive, due to

(1) Small time interval to ensure numerical stability, or use implicit method.

(2) For multi-resolution systems, typically need to resolve to the lowest resolution



Deep learning-based surrogate models

Recently, deep learning based surrogate modeling has emerged as attractive alternative to
replace or complement classical solvers. They:

o Offer speedup (>10-1000 fold) via:
o Larger spatial resolution
o Larger time intervals
o Use explicit forward
o Better representations

12



Task setup for learning dynamics

Goal: learn the mapping f from u‘ to ut*?

m®,a,dX miaq,0X m?a,dX mT=1, q,0X
u® L ul L u? L L
2 Jo fo fo fo 1 loss = E[MSE(f,(ub), ut*h)]

ut: original state (4A7%) of the system. Can be an infinite-dimensional function u(t, x)
as solution to a PDE, or a graph (e.g., mesh, particle-based systems, molecules)

fo: neural surrogate models (fRE2MZR(LIRFER)
m': external control (5}57¥zHl)

a: static parameters (§2522{) of the system that does not change with time
(e.g. parameters of PDE, spatially varying diffusion coefficient)

OX: boundary condition (JA5%%{4) of the system

PDE: partial differential equation

13



Spectrum of methods for simulating dynamics

First principle Data driven
‘ Deep learning incorporating ‘
Classical solver Solver-in-the-loop inductive biases (symmetry, Pure deep learning

structures, etc.)

Combine the

Accurate;
Interpretable;
Error guarantee

Fast (10 — 10%x);

Can directly learn
from data

more accurate;
advantages of

both method

faster

Slow;
Assumption may
be incorrect

+ better training objectives Challenge in
long-term acc.

14



Case study: GNN (EH&ZMZ%) -based simulation

m® a,d0X mtadX m?a,oX

u': state of the system. Represented as a graph (e.g., mesh, particles, molecules)

fo: Graph Neural Network (GNN)

Such graph-structured data is universal across disciplines:

avavs L AVAVAVAVAYAVAVAVAVAVAVAY
5 ‘ﬁ%mvmwmﬁm
¥ s VAVAVAVAVAVAVAVAY. '/
9 TAVAVAVAV.
v VAVAVAVAVAY

Mesh-based Dislocation in Proteins and small

Fluid dynamics,
molecules

computer graphics simulation for PDEs materials

15



Case study: GNN-based simulation

g GraphCast

Ao

(Lam et al., Science LA

(Wu et al., KDD 2022)

-scale

-~

multi-resolution

LAMP

MeshGraphNets

v

(Sanchez-Gonzalez et al.
ICML 2020)

(Pfaff et al., ICLR 2021,
outstanding paper)

o (Wu et al., ICLR 2023,
W spotlight)

Momentum-
conserved CConv

\ / (Prantl et al.,

NeurlPS 2022)
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Case study: Graph Network Simulator (GNS)

Graph Network Simulator (GNS) [1] introduced a GNN-based simulator that
learns to simulate particle-based systems

GNN Model predicts particle
positions and velocity

Predicted simulation after
rendering

[1] Sanchez-Gonzalez, Alvaro, et al. "Learning to simulate complex physics with graph
networks." International conference on machine learning. PMLR, 2020.

17



Preliminary: graph neural networks (GNNs)

A GNN fy takes graph-structured data G=(V, E) as input, and typically

maps to another G'=(V’, E’):

G’ = fo(G)

n-body system: G G’

1. Compute forces on each edge

2. Accumulate forces on each node / X ‘/ I
‘\ \

3. Update the node feature (position,
velocity) based on the accumulated force

and previous node feature

node feature: position, velocity

Battaglia et al. (2018)



Preliminary: graph neural networks (GNNs)

A GNN fy takes graph-structured data G=(V, E) as input, and typically
maps to another G'=(V’, E’):

G' = fo(G)

Generic GNN: G G’

1. Compute learnable messages on each edge

2. Accumulate messages on each node / X ‘/ I
‘\ \

3. Perform a learnable update on the node
feature using the accumulated messages and

previous node feature

The GNN learns by minimizing the prediction loss w.r.t. the parameter 6

loss = E[MSE (fg(u®),ut*1)]
Battaglia et al. (2018) 19



Case study: Graph Network Simulator (GNS)

(b)
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Case study: Graph Network Simulator (GNS)

Result:

F Initial

Prediction |
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Case study: GNN-based simulation
4 )

g GraphCast

(Wu et al., KDD 2022)

(Lam et al., Science ‘4

large-scale
\_

J

multi-resolution
LAMP

MeshGraphNets

(Pfaff et al., ICLR 2021,

b (Wu et al., ICLR 2023,
outstanding paper) M WERS spotlight)

(Sanchez-Gonzalez et al.,
ICML 2020)

synmmetry

Limitation:
« Small scale (up to 20k Momentum-
particles) conserved CConv

* Long-term accuracy
(Prantl et al.,
NeurlPS 2022)
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Case study: Hybrid Graph Network Simulator (HGNS)

Task: Subsurface fluid simulation (critical in energy, carbon capture, etc.)

Main contribution: Introduced HGNS [1] for fluid simulation, which use
* multi-step prediction during training to improve long-term prediction accuracy
« Sector-based training and inference

Results: Up to 18x faster than cIaSS|caI solver Apply to 10 million cells per step. Deployed in industry

(b) Ground-truth of water volume (barrel) for 20 steps SU bSU rface (CO”S'S“ ng Of Cel |S, Wel IS,

[1] Wu, Tailin, et al. "Learning large-scale subsurface simulations with a hybrid graph fractures, etc.) 24
network simulator." SIGKDD 2022.



Case study: GNN-based simulation

L A i
x
’ 33 ~ o

g GraphCast

(Lam et al., Science LA

. J

(Wu et al., KDD 2022)

large-scale

multi-resolution

LAMP

v

MeshGraphNets

(Pfaff et al., ICLR 2021,
outstanding paper)

\ (Wu et al., ICLR 2023,
wo W spotlight)

(Sanchez-Gonzalez et al.,
ICML 2020)

Momentum-
conserved CConv

(Prantl et al.,
NeurlPS 2022)
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Case study: GraphCast

Task: Weather forecasting (mid-range, 10-day)

Main contribution: Introduced GraphCast [1]:
- Multi-scale GNN (& REEHE ML)
* Annealed multi-step learning objective

Results: outperforms state-of-the-art weather forecasting method (HRES) in 10-day prediction acc.

d) Encoder e) Processor

—— —
"i

———

=
—

e
T e ———
SR~
=
N\,

5 — \\\

",

GraphCast

g) Simultaneous multi-mesh message-passing |

Mm° M

Prediction by GraphCast

[1] Lam, Remi, et al. "Learning skillful medium-range global weather
forecasting." Science (2023): eadi2336.



Case study: GNN-based simulation

g GraphCast

(Lam et al., Science LA

(Wu et al., KDD 2022)

large-scale

4 1
multiFresolution

MeshGraphNets

LAMP

A\ 4

(Pfaff et al., ICLR 2021, (Wu et al., ICLR 2023,

outstanding paper) spotlight)
s etry\

(Sanchez-Gonzalez et al.,
ICML 2020)

Momentum-
conserved CConv

(Prantl et al.,
NeurlPS 2022)
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Case study: MeshGraphNets

Task: Mesh-based simulation

Main contribution: Introduced MeshGraphNets [1]:

« Two types of edges (mesh-space and world-space edges)
« Supervised remeshing

Results: a¢curate prediction on many different systems.

L d t imitiliat Iterative

b . earned one-step simulator ) rollout
A\ w t 41
R q; qi+ N

€ 7 - @ate Ry 0 ... o

*p: \
L i t+1 t+2
D M M |

()  Cloth mesh nodes Vv

Encoder Processor Decoder Obstacle mesh nodes

\;TV : —— Mesh-space edges M

3, Q; ~——  World-space edges EW

M
Mesh-space messages € ij

0
b

/m > j == World-space messages e'W
o @ Sl >L/&’ 17
T>7>L [ > Message T>V
© ‘- passing x L C == Decoded accelerations P

Example predictions
[1] Pfaff, Tobias, et al. "Learning mesh-based simulation with graph networks." ICLR 2021



Case study: GNN-based simulation

g GraphCast

(Lam et al., Science LA

(Wu et al., KDD 2022)

large-scale

-

multi-rgsolution

LAMP

v

MeshGraphNets

(Pfaff et al., ICLR 2021,
outstanding paper)

\ (Wu et al., ICLR 2023,
wo W \_ spotlight)

(Sanchez-Gonzalez et al.,
ICML 2020)

Momentum-
conserved CConv

(Prantl et al.,

NeurlPS 2022)
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Simulating multi-resolution dynamics: significance

(less computation)
How to simulate a multi-resolution (Z43##2<) dynamical system in an accurate and
efficient way.

V4

Multi-resolution systems are prevalent across different disciplines, where a small subset of the system is
highly dynamic, and requires delicate simulation

- WMHD S ILM

Normalized toroidal flux Normalized signal (a.u.) ‘

Disruptive instabilities in Simulating cloth
controlled fusion plasmas

Weather prediction

30



Limitation of prior methods for multi-resolution challenges

However, current methods are insufficient to address the multi-resolution challenges

« Today’s deep learning-based surrogate models mostly optimize the prediction
accuracy, without optimizing the computational cost

» Classical solvers use heuristics for remeshing, which is suboptimal

31



" " Wau, Tailin, et al. "Learning Controllable Adaptive Simulation for Multi-
My Contrl bUtIO n resolution Physics." ICLR 2023 notable top-25%

We introduced the first deep learning-based surrogate model that jointly learns the
evolution and optimize computational cost.

L = (1 — B) - Error 4+ B - Computation

Key component: GNN-based RL agent, which learns to coarsen or refine the mesh, to
achieve a controllable tradeoff between prediction error and computational cost.

=0 T=10

32



Method

f6'° : GNN-based evolution model, evolving the system while keeping the mesh topology

policy

¢ . GNN-based policy, which refines/coarsens the mesh based on current state and ﬁ

e

Forward Iteration

Mt

' / policy
\B

Kre KCO

_—v

RRCASICAS:

remeshf— |
B O

Full Rollout

Forward
—_—

Mt |

—_) o000

33



Action space

*-¢

(1) Refining an edge

Such action is performed on all the cells simultaneously

. Za; Zb, Lo, Zd,
e, Lf,29,Lh

-9

(2) Coarsening an edge

34



Reinforcement learning 5&{(t,%>]

:[Agent }—
state reward action

S, | |R A

<R f ,
ISM| Environment |«

Environment: the tokamak
Goal: maximize the long-term expected reward w.r.t. to the policy mw(A4;|S;)

max [E;|R
7T (Ar|St) t[R]

!

35



policy

Method f"° : GNN-based evolution model, evolving the system while keeping the mesh topology
¢ : GNN-based policy, which refines/coarsens the mesh based on current state and ﬁ

Forward Iteration
M t
\\4?

=]

re co
fpolicy — K™ K
¢ -
{ep}ei)

Mt

Full Rollout Forwarc,

e 2imik
r' = (1 — ) - AError + 3 - AComputation

TRiRZE AR LT ERARIRFE



Method

policy

f6'° : GNN-based evolution model, evolving the system while keeping the mesh topology

¢ . GNN-based policy, which refines/coarsens the mesh based on current state and ﬁ

e

Forward Iteration

M t

re jrco
[ i
@
5 IS CASICAS

\
\
\
\
\

[ Mt Mt
Full Rollout Forward
Rollout without fevo fevo
3 0 9
Remeshing .
2[5l Reward: Mt | i7/t+1

—_) o000

—_) 000

r* = (1 — B) - AError + 3 - AComputation | <

Reward is based on the improvement of both error and computational cost.

o  Error is the multi-step prediction error

o Computational cost is measured by number of vertices in the mesh

f is also an input
to the policy

37



Experiment 2: mesh-based simulation visualization

MeshGraphNets + GT remeshing ground-truth (fine-grained)
MSE: 5.91e-4

41



Experiment 2: mesh-based simulation visualization

LAMP + no remeshing ground-truth (fine-grained)

MSE: 6.13e-4

42



Experiment 2: mesh-based simulation visualization

LAMP (ours) ground-truth (fine-grained)
MSE: 5.80e-4

43



FEARR TE:

BOC-FBRAAMEEIER (5SLACETE)
(X55: BER. BiFEIX—IdE
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N —— [1] Wu, Tailin, et al. "Learning Efficient Hybrid Particle-continuum
& 1‘@*@ % 1’E ¢ Representations of Non-equilibrium N-body Systems." (2022).
- N a— * NeurlPS 2022 Al4Science

HiE[]: FINF-HPERE. BRUFRREEFEHIIR BT RERNE, FifRrARE8 DT HERL
FHIBIT MR E I EEWAIAL - RIS S
ER: FEXOKAESRSEINE, BRI LSRRI ERERD, SSIREMITBERARIIE

NniN= : . v— /=S .
FulhiRZE (EM field): 1=1{THE]:
. B LHPC (ours) g m——————— BEm LHPC (ours)
10%Y mmm CNN-bifluid == CNN-bifluid
B CNN-fluid 0.8 B CNN-fluid
B FNO-bifluid mm FNO-bifluid
10°! wmm FNO-fluid m FNO-fluid
30-6' Bl solver
w o 8)(
£ 10! £
§ 0.4
1072
10—3.
45
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Case study: GNN-based simulation

GraphCast

(Wu et al., KDD 2022) (Lam et al., Science 2023)

-scale

multi-resolution

MeshGraphNets

\ 4

LAMP

(Pfaff et al., ICLR 2021, b
outstanding paper) WS spotlight)

(Sanchez-Gonzalez et al.,
ICML 2020)

(Wu et al., ICLR 2023,

etry
/

— Other examples where symmetry
Momentum- . ¥4 | helps:

Ol ROOl A A Eis S | < Equivariant GNNs [1] for molecular
| prediction
(Prantl et al., « Deep Potential Molecular
\ NeurlPS 2022) / Dynamics [2] "

[1] Satorras, Victor Garcia, Emiel Hoogeboom, and Max Welling. "E (n) equivariant graph neural networks." ICML, 2021.
21 Zhana. Linfena. et al. "Deep potential molecular dvnamics: a scalable model with the accuracv of auantum mechanics." Phvsical review letters 120.14 (2018): 143001 .



Al for scientific simulation: part | summary
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Al for scientific simulation: part |
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Neural operator: Mapping from functions to functions

neural operator (fREZEF)

?
e

BRER BRER
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Task setup 1: learning dynamics

Goal: learn the mapping f from u‘ to ut*?

m® a,0X mta,dX m?a, X mI=1 aq, 0X

ut: original state (}Rk7&) of the system. Can be an infinite-dimensional function u(t, x)
as solution to a PDE, or a graph (e.g., mesh, particle-based systems, molecules)

fo: neural operators (fHZ2EF)
m': external control (5p5RIZH])

a: static parameters (§2522{) of the system that does not change with time
(e.g. parameters of PDE, spatially varying diffusion coefficient)

OX: boundary condition (JA5%%{4) of the system

PDE: partial differential equation

52



Task setup 2: learning steady state FEJF25HE

neural operator (fH&EEF)

fo?
a(x),0X ) (boundary value problems)
Parameter and Solution
boundary S FEfR
SEFMAFRFM

Particle physics

N NP
N Pt

53



Elliptic PDEs (1§

b=l

BRI 7572)

There are three types of second-order PDEs, elliptic, parabolic (e.g., N-S equation), and
hyperbolic (e.g., wave equation)

Elliptic PDEs are important across different scientific fields. Examples:
Poisson's equation ;H{ABIE:

=V - (a(z)Vu(z)) = f(z), =e€X
Blu(x)] = g(x), =€ 0oX
Important in materials, plasma physics, elasticity, hydrology.

Grad-Shafranov equation:

d 1dF?2 929 19w 92y
—uorz————=——— +
dv 2 dy or2 r 0z2 0z2

Important in controlled nuclear fusion (FJ{EIZERET)



Solving vs. learning PDE

Solving for a PDE instance Learn solution operator G
Numerical solvers and PINNSs focus on Neural operators learn the solution operator for a
solving one specific instance family of equations
i i Input function space Output function space
Spatljledgmam P ot IA by o
........ -
...................................................................... )
....................................... Y
............................... i
................................................................................................... ° u
- J

Solv;u(x) g:cfl—>'u

Zongyi Li et al. (2021)
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Neural operators

» Fourier Neural Operator (FNO)
 Based on Fourier transformation

Li, Zongyi, et al. "Fourier neural operator for parametric partial differential
equations." ICLR 2021
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Fourier Neural Operators (FNO)

@—> Fourier layer 1

— Fourier layer 2

—> @ @ @ —>

Fourier layer T

-
ae
-
-
-
-
-
C L

-

.....

_____

Fourier layer

Vi11() :=/0 (th(:v) + (K(a;

B)vi) (z))

&Mt BEER  2FRD

KB IRER— B ML

Vi+1 = O-(b + WUL), (%5 € Rd,W € Rd,Xd

(K(a; )ve) () == J k(x — v ()dy = F 1 (Ry - Frp)(x)  (BIREBEM=(E)F 4HEFK)

D
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FNO compared to other neural networks

MSE

RMSE

100.
10721 I

I FNO

@ PINN

I Unet 10°

MSE

Shallow water vorticity

nmn

102

105 J

448 5600

HuHU?Jm“

Shallow water velocity

448 5600

0

Navier-Stokes velocity

iR

2080 5200

Num. Train Trajectories

mm FNO EEE Unet

PDEs

[9] Takamoto el. al. PDEBench Fig.2

. ResNet256
DilResNet128-norm

B FNO128-8,0des16
FNO96-4modes32

N UNO64

B U-Nety,se64

B U-Net,0464

B U-Net,..64
U-F1Netodesi6

m U-F2Netmodes16,8

B U-F2Net modess,s

[10] Gupta el. al. PDEarena Fig.4
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Weather forecast

23475 209.75 184.75

100 50 0

Longitude °W

FourCastNet | (D) Lead Time: 96 hours

275
23475 209.75 184.75
Truth

Fourcastnet [1]
Jaideep Pathak et. al. Feb 2022

2m Temperature, Pangu-Weather, Forecast Time: 72 hours

60°S

90°S
0° 60°E 120°E 180°  120°W  60°W

10m Wind Speed, Pangu-Weather, Forecast Time: 72 hours
60°N

30°N

0° 60°E 120°E 180°  120°W  60°W

Pangu-weather [11]
Kaifeng Bi el. al. Nov 2022

ERA5

HRES

GraphCast

GraphCast [12]
Remi Lam el. al. Dec 2022
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FNO: advantages and disadvantages

Advantages:
« Typically very good accuracy, near state-of-the-art

« Can do super-resolution (fBHHFER)

Disadvantages:

« Learns a global mapping, requires large amount
of training samples

* Requires regular grid

60



Summary for neural architectures

N

GNN BRI SIEIIZBERFREE, & EHEAPIGNNELSHIEImEE, =R
BT A EEERAEZ. IFNMNIESE. ZRERS (3L GraphCast)
EER/DRIER

Transformer  LUERESEREKIERR SHEWRZ, EERZIGEIE

U-Net BEISEIEMINIMISFZRENEINE  ReeA TR

FNO BENSSCINHE o HEER RTINS, FEEWRE)EETE
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Summary for learning paradigms

N

Regression =SSN

Diffusion model J&ERF{FdlregressionfHiNinE, &

BT RHERGHIFIN, T,

2R R
Reinforcement  FUSREEE LGB R, B
learning INETEKRS
Physics- MERRAEHLRE, JLURER
informed NEEE

"Diffusion model: See second part

FINREERERI T o hIMUEZ TR E
NSRS EHFEEH B iR
FE—EERY)IZHEE (BhsEREEM,

HEIREEEIEINZERegression|R)
AL, SESHNENAKENRE

WLUZHERINARSE AR R
ST — T
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Open questions

Al for scientific simulation:
« Multi-scale
* Improving trustworthiness:
« Uncertainty quantification AFaxEMEGLT [1]
« Error guarantees, iRZE({FIE:
* e.g., with conformal prediction [2]
« Better incorporation of data and physics equation
» Existing works:
« Solver-in-the-loop [3]
« PEDS [4]
* Physics-informed DeepONet [5]
« Physics-informed diffusion model [6]

[1] Wu, Tailin et al., Uncertainty Quantification for Forward and
Inverse Problems of PDEs via Latent Global Evolution, AAAI
2024, https://qithub.com/Al4Science-WestlakeU/le-pde-uq

[2] Stankeviciute, Kamile, Ahmed M Alaa, and Mihaela van der
Schaar. "Conformal time-series forecasting." Advances in neural
information processing systems 34 (2021): 6216-6228.

[3] Um, Kiwon, et al. "Solver-in-the-loop: Learning from
differentiable physics to interact with iterative pde-

solvers." NeurlPS 2020, 6111-6122.

[4] Pestourie, Raphaél, et al. "Physics-enhanced deep surrogates
for partial differential equations." Nature Machine

Intelligence (2023): 1-8.

[5] Wang, Sifan, Hanwen Wang, and Paris Perdikaris. "Learning
the solution operator of parametric partial differential equations
with physics-informed DeepONets." Science advances 7.40
(2021): eabi8605.

[6] Shu, Dule, Zijie Li, and Amir Barati Farimani. "A physics-
informed diffusion model for high-fidelity flow field
reconstruction." Journal of Computational Physics 478 (2023):
111972.
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https://github.com/AI4Science-WestlakeU/le-pde-uq

Useful Al4Science resources

Al for ScienceZziA: Review paper "Artificial intelligence for science in quantum, atomistic, and
continuum systems."
Scientific Discovery in the Age of Artificial Intelligence, Nature 2023
My course: Frontiers in Computer Science and Technology, introducing important topics of Al and
Al + Science.
£ Al + Scienceiz H<S

- ZE—H: Al + Science: motivation, advances and open problems [slides]

«  FE=H: FIRAEREY suRB kIRt (KRR slides] [ EfE A slides]

- F\H: ZUEIREIBYIEEBhEAI . MEEFSEHEMNE L5 Fslides][EfELE M ZEslides]
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https://arxiv.org/abs/2307.08423
https://arxiv.org/abs/2307.08423
https://www.nature.com/articles/s41586-023-06221-2
https://ai4s.lab.westlake.edu.cn/course/
https://pattern.swarma.org/study_group/24
https://pattern.swarma.org/study_group_issue/439
https://tailin.org/wp-content/uploads/2023/05/AIScience-motivation-advances-and-open-problems.pdf
https://pattern.swarma.org/study_group_issue/450
https://tailin.org/wp-content/uploads/2023/05/AI-for-scientific-design_Surrogate-models.pdf
https://tailin.org/wp-content/uploads/2024/01/AI-for-scientific-design_Surrogate-models-1.pdf
https://pattern.swarma.org/study_group_issue/478
https://tailin.org/wp-content/uploads/2024/01/Neural-Operator-zongyi-jizhi-0527-2023.pdf
https://tailin.org/wp-content/uploads/2024/01/gnn_for_simulation2.pdf

[Image from University of Vienna]

Reconstruction (inverse problem)

Inverse

CMS DETECTOR

Total weight
Overall diameter : 15.0m
Overall length
Magnetic field

CRYSTAL
ELECTROMAGNETIC
CALORIMETER (ECAL)
~76,000 scintillating PWO, crystals

STEEL RETURN YOKE
: 14,000 tonnes 12,500 tonnes SILICON TRACKERS
Pixel (100x150 pm?) ~1 m? ~66M channels
Microstrips (80-180 pm) ~200 m* ~9.6M channels

:28.7m
:3.8T
SUPERCONDUCTING SOLENOID
Niobium titanium coil carrying ~18,000 A

MUON CHAMBERS
Barrel: 250 Drift Tube, 480 Resistive Plate Chambers
Endcaps: 540 Cathode Strip, 576 Resistive Plate Chambers

PRESHOWER
, Silicon strips ~16 m* ~137,000 channels

FORWARD CALORIMETER
Steel + Quartz fibres ~2,000 Channels

HADRON CALORIMETER (HCAL)
Brass + Plastic scintillator ~7,000 channels

Detector design (inverse design)
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Task setup for Iearning control/design

Goal: learn the mapping fo from ut to utt

Optimize the control and design variables Objelctive[u[O’T] mlo.]]

u': original state of the system. Can be an infinite-dimensional function u(t, x)
as solution to a PDE, or a graph (e.g., mesh, particle-based systems, molecules)

fo: neural surrogate models

mt: external control (4p5E454) - control (354)

a: static parameters (g2755#() of the system that does not change with time
(e.g. parameters of PDE, spatially varying diffusion coefficient) _inverse design

s
OX: boundary condition (i152%f) of the system ) (R[RT)
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Types of tasks

Inverse design: boundary 0X, initial state u°, parameter a to optimize design objective:

plane design, rocket shape, underwater robot shape

Inverse problem infer initial state u°, parameter a to match prediction with data

observation
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Al for control and inverse design: significance

« Control and Inverse design is prevalent in science and engineering:

Controlled nuclear fusion Mechanical engineering Plane design

* Helps to explore continuous, high-dimensional design space, potential
to find control/designs not imagined by humans
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Al for control and inverse design: difficulty

« Complex control/design space:
« High Computational cost
« Complex composition relations

« Complex dynamics:
* How to characterize interaction between optimization of shape with
physical process

« Generalization:
 How to generalize to more complex compositional scenarios
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Limitation of prior methods

1. Traditional physical simulation methods
For control: PID is the most prevalent
* Hard to deal with nonlinear systems with high-dimensional, coupled
controls
« Tuning it requires with expertise

For design: e.g., cross-entropy method:

« High accuracy but low efficiency

* Need rich expert knowledge

« Hard to deal with high-dimensional design space
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Limitation of prior methods

2. Deep learning-based surrogate models for control or design [1][2]

m° a,oX mta,dX m?a,dX 1 a, 0X
u® L ul L U2 L L
fo fo
](U[O,T] (]/)r y)

 First, learn a surrogate forward model that autoregressively
predict the dynamics Uy, 71 from the parameters y* := (m?, a, 0X)

» Then, using the objective J(Uo11(y),v), doing backpropagation (ZEIEHE)
and optimize y
[1] Allen, Kelsey R., et al. "Physical design using differentiable learned simulators." arXiv preprint arXiv:2202.00728 (2022).

[2] Hwang, Rakhoon, et al. "Solving pde-constrained control problems using operator learning." Proceedings of the AAAI Conference on Artificial Intelligence. Vol.
36. No. 4. 2022. 72



Limitation of prior methods

2. Deep learning-based surrogate models for control or design [1][2]

Limitations:
(1) Easy to fall into adversarial modes

Example 1: vertical velocity

60

Designed boundary o
shape and fluid velocity .

30

Reasonable boundary
shape and fluid velocity

05

=
=3 o o

>
2 03

20
20

10

10 01
0
) 0 20 40 60

0
0 10 20 30 40 50 60
X

(2) Hard to design more complex parameters
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Limitation of prior methods

3. Reinforcement learning for control [1][2]

Mllm: input, R92
¥=#%la: output, R
frequency: 10 kHz

@ Our architecture

Control
policy

Targets t

Limitations:

(1) Low sample efficiency: requires large number of interactions
(2) Difficulty for high-dimensional control (action space)
(3) Generalization: not flexible to generalize to unseen objectives

\J

16 Poloidal "

field coils

Ohmic
coils

+

Fast
coil

..._ points

h Vessel cross section

- X-point /

in vacuum

Vessel =

Plasma —]

Active
X-point

-~

Strike < [

| Isoflux line

Plasma
boundary

Axis R, Z
position

— Legs

[1] Degrave, Jonas, et al. "Magnetic control of tokamak plasmas through deep reinforcement learning." Nature 602.7897 (2022): 414-419.
[2] Haarnoja, Tuomas, et al. “Soft actor-critic: Off-policy maximum entropy deep reinforcement learning with a stochastic actor.” ICML 2018.
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ﬁ 1 |\ ] Eg 7’3—; EE [ 1 ] [Z‘IAZ\I;IL;\,I';S;I?C,;; Zle. ;'/Soorr;Sphoosli;[.i(;réazlg)(.Senerative Inverse Design." NeurlPS
- BrEMIT/EFRIAR—MES, BEY SEMEE RN ERIRITFHERZE, L
NITNMAMAELZER, BRI ERREL:

A = arg min Eo(Ujo,11,7) + A~ T (Up,1157)]
Y>V1[0,T]

- HEPFIRIT: BEEZHEEINERMNRITSEZIE
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BEWFERLT: (FEEN

Given objective J(U(y),y), find design parameters y that minimize J, where
the parameters y and/or the state U are more complex than in training.

For example:
Training: we only see how the fluid interacts with
each part.of the airplane

Test: design the whole airplane shape
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Compositional inverse design (H&%EI&LT) : definition

Given objective J(U(y),y), find design parameters y that minimize J, where
the parameters y and/or the state U are more complex than in training.

For example:
Training: we only see how the fluid interacts with
each part.of the airplane

Test: design the whole airplane shape
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[1] Wu, Tailin, et al. "Compositional Generative Inverse Design." NeurlPS
Key CO m po n e ntS Of O U r m ethOd 2023 Al for Science Workshop. 2023.

ICLR: https://openreview.net/forum?id=wmX0CqgFSd7

« Simutaneously design the state U and the control/design variable y
 Joint objective with diffusion models

’3’ = ar%min [EO(U[O,T] . ’7) + A j(U[O,T] ) 7)]
Y,V 1[0,T]

« Compositional
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https://openreview.net/forum?id=5ueXRkKMMg
https://openreview.net/forum?id=wmX0CqFSd7

Diffusion models (I EiEEY)

Z&Ez é’éfﬁ%&.m{(xl; C1); (x2; Cz); (xn; Cn) }: chxﬁ_ﬁ\%—zﬁgil ?g_/l\
(15) HEZRIEE

pe(x|c)

{E15



Diffusion models (¥ &&EEY)

Images and shapes generated by diffusion models:

L T
‘\
~\
el
N |

s
'R JI
),

»l;mm!_

By DallE 2 By MeshDiffusion [1]

[1] Liu, Zhen, et al. "Meshdiffusion: Score-based generative 3d mesh modeling." ICLR 2023 80



Diffusion models (¥ &2

Text to video generation by Sora [1]:

[1] OpenAl team. “Video generation models as world simulators”, 2024
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Diffusion models (I EiEEY)

Robotic policy by diffusion models [1]
Cook Shrimp

(autonomous)

6x speed

[1] Fu, Zipeng, Tony Z. Zhao, and Chelsea Finn. "Mobile ALOHA: Learning Bimanual Mobile
Manipulation with Low-Cost Whole-Body Teleoperation." arXiv preprint arXiv:2401.02117 (2024).
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Diffusion models (¥ &i&EEY)

Insight: to construct a complex mapping from A to B, it is much easier to

compose simple mappings

3D

4 Diffusion model learns how to
. ; go from a random Gaussian

° s
& » -
. [ (1) sample to manifold
] — | in a manifold in a high-
%= | dimensional space R?
4 42
35
28 @Qg‘
21 &

<
14

[~

data (distribution

Gaussian/ distribution diffusion model

Po(Xt—1]%t)
b s e @ sk

- Each data sample is a point
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DDPM: denoising diffusion probabilistic models [1]

Xo: VI 5E5HE
xe: T e S HEERIEER

6: until converged
I RIS, FUM R

¥

IIZk: €p: BT SJHIRIRMZE HEIR (KHF)
Algorithm 1 Training Algorithm 2 Sampling
1 repeat 1: x7 ~N(0,I)
2: XONQ(,XO) 2: fort=1T,...,1do
i' tN[j{;l(l(f)OIir)Il({l""’T}) 3: z~N(0,I)ift > 1,elsez=0
. €~ : .
5: Take gradient descent step on . 4 X1 = \/%—t (xt - \}ﬁef) (xt’t)> + 012
Vo ”e — €g(vVarxo + V1 — @te,t)H 5: end for )
'\ 6: return xo —E— g

BRRME: REEXTT EIRRERINI, REEREEHE)I580ErI72 T

[1] Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic
models." Advances in neural information processing systems 33 (2020): 6840-6851.
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Our method: intuition

x: data samples (e.g., image, trajectory)

Diffusion model essentially learns
a “energy’-based model Ey to
model the probability distribution

pg(x) o e Folx)

The denoising function eg(x;) is
essentially the gradient of the
energy-based model

€g(x) = VyEg(x)

[1] Wu, Tailin, et al. “Compositional Generative Inverse Design.”

ICLR 2024 Spotlight

Y= ar%mm [EO(U[O ,7) + AT Up1,7)]
Y>V[0,T] /7

YIGRBHR R 145E HERRAHIR N L

Upo,r1: State sequence (IRZ&FE71)
y: control variable (3=#l/%1) and
boundary condition (JOFREEHE)
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BAIGEE: B1R

BRI

R AE—ES, BREEERK

)lundary condition

Upo 11: State sequence

Optimize the design variables

/

17|45 F S gEERR:
Umjj$ﬂﬁﬁﬁé%ﬂly

2. IRITHY, HEEEXR

 Eo(Upor),

Objective

v) &, R R

= PR R GEHPIRSEIL

EgifTAE00, BRIt EiR J:

M
y = argminy y, ., (2 Eo(Upory,vi) +4-J(U [o,T]»V)>
k=1



Our method: architecture

Train

Learn Eg(z) from observed data

l

V,Eq(zs)

ZS e ZS Zs_l e ZO

Y = (40, ®B) Utor)
Boundary Trajectory

Design objective

AJ (z)
+ —)
— EQ (Z)
Energy function

Compositional Design

More interacting bodies

state
g' D
€Y
Urom

Part to whole for multiple boundariesi

&
! state it ’

Uo,ry
" Shared trajectory

..........................................................................................

Fig.1 of CinDM. By composing generative models specified over subsets of inputs, we present
an approach that design materials significantly more complex than those seen at training.
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Experiment 1: n-body simulation, state composition

Train: generate the simulation on 2 bodies

@ @ 3o

0.8

Inference: simulation on more bodies (e.g., 4 or 8 bodies) 061
Objective J: design the initial position and velocity of the n bodies 0.4
such that their end position close to the center o

0.0 0.2 0.4 0.6 0.8

(b) 4-body 44 steps

treat the n-body interaction as composition of multiple 2-body interactions

1.0
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Experiment 1: n-body simulation, state composition

4-body 24 steps

4-body 44 steps

8-body 24 steps

8-body 44 steps

Method designobj MAE | designobj MAE | designobj MAE | designobj MAE

CEM, GNS (1-step) 03173 0.23293 0.3307 0.53521 0.3323 0.38632 0.3306 0.53839
CEM, GNS 0.3314 0.25325 0.3313 0.28375 0.3314 0.25325 0.3313 0.28375
Backprop, GNS (1-step) 0.2947 0.06008 0.2933 0.30416 0.3280 0.46541 0:3317 0.72814
Backprop, GNS 0.3221 0.09871 0.3195 0.15745 0.3251 0.15917 0.3299 0.21489
|CinDM (ours) 0.2034 0.03928 0.2254 0.03163 0.3062 0.09241 0.3212 0.09249

Our method (CinDM) achieves the best design objective with lowest simulation MAE
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Experiment 2: airfoil design, part-to-whole composition

Training: consider a single airfoil interacting with the air flow

lift
rag)

Inference: consider multiple airfoils, maximize life-to-drag ratio: (—

Example 1: horizontal velocity Example 1: vertical velocity

Example 1: pressure

60 60 i
06 06 6
50 50
0s 05
4 4 )
04 04
- > > =
30 e 30 03 -
02 20 02 20
1 01 1 01 01
o 0.0 5 0.0 o 0.0
0 10 20 30 40 50 60 o 1 2 3 a0 60
X
Example 2: horizontal velocity Example 2: vertical velocity Example 2: pressure
60 60
0.6 06 06
50 50
05 05 05
40 40
0.4 04 0
> > >
03 03 - 3
02 20 02 20 = 02
10 01 10 0.1
0.0
0 0 0
0 10 20 30 40 50 60 0 10 20 30 40 50 0 10 20 30 40 50 60
x X X
Example 3: horizontal velocity Example 3: vertical velocity Example 3: pressure
0.7 07 o
60 60 60 - S —
06 06
50 50
05 (X3 5
40 40
= e
04 04 0
> > >
30 o 30 i 30
20 0.2 20 02
10 01 10 01 10 01
0 g 0
4
X

o
o 10 20 30 40 50 60 o 10 20 30 0 50 60 o 10 20 30 40 50 60
X X

Example of Lily-Pad simulation Compositional design results of our method in 2D airfoil generation.
Each row represents an example. We show the heatmap of velocity in
horizontal and vertical direction and pressure in the initial time step, g1
inside which we plot the generated airfoil boundaries.



Experiment 2: airfoil design, part-to-whole composition

ERERTIE: WSHIS7RENR SRR A RIS

horizontal velocity boundary mask

Denoise step:
1000

MREE MEBFILLT
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Experiment 2: airfoil design, part-to-whole composition

(a) Formation flying of airfoils A and B

........ — ¥ o’ vortcity R i o’
(b) Single flying of airfoil A (c) Single flying of airfoil B

Our model discovers formation flying
* Reducing the drag by 53.6%
* increasing the lift-to-drag ratio by 66.1%



Experiment 2: airfoil design, part-to-whole composition

& PRI B Rt

horizontal velocity boundary mask
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Experiment 2: airfoil design, part-to-whole composition

1 airfoil 2 airfoils
Method design obj | |lift-to-drag ratio T | design obj | |lift-to-drag ratio 1
CEM, FNO 0.0932 1.4005 0.3890 1.0914
CEM, LE-PDE 0.0794 1.4340 0.1691 1.0568
Backprop, FNO 0.0281 1.3300 0.1837 0.9722
Backprop, LE-PDE 0.1072 1.3203 0.0891 0.9866
CinDM (ours) 0.0797 2.1770 0.1986 1.4216
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Experiment 2: airfol

CinDM
generated:

Ux

Example 1: horizontal velocity

Example 2: horizontal velocity

0 10 20 30 40 50 60
X

Example 3: horizontal velocity

0 10 20 30 40 50 60
X

esign, part-to-whole composition

Vy

Example 1: vertical velocity

0 10 20 30 40 50 60
X

Example 2: vertical velocity

0 10 20 30 40 50 60
X

Example 3: vertical velocity

Example 1: pressure

pressure

Example 3: pressure

T L LR T

0.6

0.5

04

03

0.2

0.1

0.0

0.6

05

04

0.3

0.2

0.1

0.0

0.7

0.6

05

04

03

0.2

0.1

0.0
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Experiment 2: inverse design by baseline neural models

Uy Uy, pressure

Adversarial modes by
baseline neural model
(FNO with CEM):
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Experiment 3: Controlling a jellyfish

LilyPad
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Experiment 3: Controlling a jellyfish

Trajectory controlled by our model:

t=0 t=5 t=10 t=15 t=20
mclish ngé;th ¥ ﬂs-:)f;: %goigh 7 vomcnih g ﬂ vomc-i?h {
. -
-
® “ - B
. :
- s - C . Q
“- b A
@
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Experiment 3: Controlling a jellyfish

Discovered 6(t) by our diffusion model

Opening angle 6(t)

70

60

50 A

40 A

30 -

20 4

10 ~

Testing sample 1

quick close

slow opening

0.0

2.5

5.0 7.5

10'.0
time

12.5

15.0

17.5
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Paper and code

Paper: Compositional Generative Inverse Design
ICLR 2024 spotlight: https://openreview.net/forum?id=wmX0CqFSd7

Code: https://github.com/Al4Science-WestlakeU/cindm
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https://openreview.net/forum?id=wmX0CqFSd7
https://github.com/AI4Science-WestlakeU/cindm

Other important application of Diffusion Models

For simulation ({5E)

Learn P(UTHUO):

Gaussian

Diffusion ST(%FL SN-D) SO
3 1 e
:;4“‘ ;
§ - ‘4
8 — S i :
s|e
E 77777 “ {
ikl = e ’
& A,
Ty v
| ‘ (3
__________ ]
- I I
DYffusion ! Xitiy = P
(ours) 1 :
1

[1] Cachay, Salva Ruhling, et al. "DYffusion: A Dynamics-informed Diffusion Model for
Spatiotemporal Forecasting." NeurlPS 2023, arXiv preprint arXiv:2306.01984 (2023). 102



Other important application of Diffusion Models

Physics-informed diffusion models (YJIB(EE+i ESERY) : ¥ = argroin [Eo(Upo,y,7) + A+ T Ugo,11,7))]

Key idea: using the PDE residual as additional term for the objective J.

| ])H(Xt—llxt) po (x1]x7) po (xolx1)

=P forward diffusion process
=P backward diffusion process

[1] Shu, Dule, Zijie Li, and Amir Barati Farimani. "A physics-informed diffusion model for
high-fidelity flow field reconstruction." Journal of Computational Physics 478 (2023):
111972.
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Other important application of Diffusion Models

For inverse problems (i¥[a)@) :

Holzschuh, Benjamin, Simona Vegetti, and Nils Thuerey. "Solving Inverse
Physics Problems with Score Matching." NeurlPS 2023
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HiSME, HEFREZRINR!
BXZ 7T\ wutailin@westlake.edu.cn, ZFEIQ: http://tailin.org

s, FEMAREATIERS
%, s RIFPERITNE

\

it
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~/

T o N ..
=S8 R g8
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P4 4

TON=E]
(£55:
- PR
« FEIRITRFESE
ni&:
1. EEMBSAT RSN 0FEL [1]
L = (1 — ) - Error + 8 - Computation

2. R HE T RE=S E)BREY
3. ¥ 8RBT Mmigit [2]
Y= afyr%min [Eo(Ujo,1,7) + X - T Ujo,1157))]
yU[0,T]
» YIEBIFEIREEREL Eo(Upory, v) fE, TEIRTTIEHIRT A R RIRT Aok,
ARFHVNSENILE U ATV v
- BEEHINATAESIRT

Welcome collaborations and tackle important problems together!
Contact: wutailin@westlake.edu.cn. Homepage: http://tailin.org

Paper [1]:
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