73 ICLR

Physics-aligned Field Reconstruction with
Diffusion Bridge

Zeyu L1, Hongkun Dou, Shen Fang, Wang Han, Yue Deng, Lijun Yang

The Thirteenth International Conference of Learning Representation (ICLR2025)



What Is field reconstruction?

Physical field =

- , . u :. Image-based
\ - »

measurements

= Intrusive
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How to reconstruct physical field?

Small data Some data Big data
Data
Physics
Lots of physics Some physics No physics
 physics-based e data-driven
« PINN  ROM-based
« Variational data assimilation « End2End (CNN, NO)

« Generative models (VAE, GAN, Diffusion)

Karniadakis et. al, 2021 Nat. Rev. Phys.
tadax V- Py 3/28



Quick introduction of diffusion models

Forward process
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Reverse process
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Diffusion models for field reconstruction

Forward process
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Reverse process
T Guidance

 Shuet. al, 2023 JCP
 Liet.al, 2024 NMI e

. .. BLE-

measurements
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Diffusion models for field reconstruction

Forward process

Po

Condition

e Shan et. al, 2024 arXiv

measurements
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Diffusion models for field reconstruction

Forward process

Reverse process

T Guidance Condition
 Shuet. al, 2023 JCP « Shan et. al, 2024 arXiv
 Liet. al, 2024 NMI m *
. . |
1
* Data fidelity v -
. Training speeo( X measurements

* sampling speed X
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Does the generated field comply with the physics?

* PINN loss in training - Shan et. al, 2024 arXiv

X0

- y— physics loss ||F(&)Il3

> Diffusion loss  |[|&, — X,

« Jacobsen et. al, 2024 arXiv

PINN loss in sampling . Gao et. al, 2024 Nat. Commun.

- of = |, mirEn )l GagaRl CeERLeGl

F - a2
[N LN " ;
. i F b i & e

/

L I

physics correction
X1 < Diffusion update(x,) — V,, || (%,)||7, where &y = fp(x,)

« The one-step prediction X, is rough! 8/28



Physics-aligned Schrodinger Bridge (PalSB)

* High data fidelity
* Fast training & sampling

* physically plausible
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Efficient training & sampling through diffusion bridge

?’,,'/: b :v f’ / .’ 6, backward SB /', // { ‘— ‘s
‘\‘/ ; " foward SB s\<‘ W
AL . 3“ \‘. <‘ -

Low-fidelity measurements ngh fidelity label

 Forward SB: dx¢ = f(t)dt + v/ B(t)th: X0 ™ ‘I’(': 0)
- Backward SB: dx; = f(t)dt 4+ +/ 18(t)thaX1 ~ (-, 1)
~92 —92 ~2 2
« Posterior distribution:  pi(x¢, t|x0,x1) =N (xt; ﬁxo + (1 — afjf = )X1, O‘?fﬁ)‘f I)

[Liu et. al, 2023 ICML]
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Dual-stage training

1. Pretraining stage

S ES

Low-fidelity
observation

backward SB

\ foward SB

\ !

[ — [IIIIIII11I11—>
embedding

U-Net f,

|~

optimize

High-fidelity label

residual

[
F—1 1|—7()
[

+ Patch-based training: 7 (0) = E;Ez/ 2, ~crop(xo.x1) Exo,x1~po.p1 [Hfﬁ'(it;ilat) — iﬂ”ﬂ

where x1 =Z(y) =7 (H(xo) +¢),

Xp ~ Po, €~ N(O, O'ezIm)
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Dual-stage training

2. Aligning physics in finetuning stage

X,(x,) X, (X, X, (X,
—> f d Y Ve < 77r_ -] 777— -
@'—boav;irprop;osgation ’ ’KGV P ’K‘V p .<
" 5\ " ~\ &
\ A

A\ gi‘op gradient

il ] [N e ANE S| [N - | e
y X, X, X, X, residual
Regularized loss:  Jf(0) = EyEx,mp, (xoly) [Vohys || F (%0) | + Yreg[|%o — %ol
Regularizer

« Better initialization achieved by pretraining

%,
- Backpropagate through the sampling path: VaJ¢(0) = %

(Truncated for all i < T, [Clark et. al, 2024 ICLR]) i=1

]~

axti ! ajf
89 3xti
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Efficient sampling process

1. Take boundary condition into consideration

y X,
y @
Low-fidelity pad 7 High-fideli
. gh-fidelity
> —> . —
observation DIQ result

without BS with BS

Reconstruction example:
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Efficient sampling process

2. Early stop strategy

5 sampling steps
BTN - SN
o —=
Conventional: E, i"'%; Y Y Y | — /,&
-T::T*&:;:!é. \ Y FlL Y F Y F Y g\ Y J A .\~/
s dt dt dt dt dt SRS

N

@A

BN BN
Early stop (ES): E;Pi?é ’ ' Z:(?zz\&
Sy EmEmEmE| oy OIh

dt’

P

Reconstruction example: |
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Experimental setups |

 Three physical systems « Two tasks

Fourier Real-space
interpolation interpolation

Kolmogorov flow Reaction-diffusion

Cylinder flow J

-c":.;.-.' e

L4
S o

« Baselines: trivial methods (interpolation), End-to-End with physics loss [1], PIDM [2], vanilla DSB [3]
« Evaluation metrics: nRMSE, MSE, MAE, Correlation, nER (normalized equation residual)

« Ablations: early stop sampling (ES), boundary-aware sampling (BS), physics-aligned finetuning

[1] Liet. al, 2021, ICLR; [2] Shu et. al, 2023, JCP; [3] Liu et. al, 2023, ICML
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Results on cylinder flow {

Fourier interpolation (8x super-resolution)

observation| Interpolation E2E+PF PIDM vanilla DSB PalSB reference

-l -l -l -l
Rt hh. . b .
S LIST IR T BNT IBST KT )

NnRMSE | 0.274 0.094 0.261 0.063 0.062
MSE | 2.29e-5 3.42e-6 2.14e-5 1.36e-6 1.42e-6
MAE | 3.06e-3 1.08e-3 3.05e-3 7.18e-4 7.04e-4

Correlation T 0.843 0.972 0.766 0.994 0.974
nER | 5.90e-2 8.32e-3 1.60e-2 1.50e-2 1.22e-3
-

Poor physical compliance for vanilla DSB!
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Results on cylinder flow {

Real-space interpolation (1% observable points)

E2E+PF PIDM vanilla DSB PalSB

N N a N ol
LLL‘ !Q L‘ L‘

- S R T AN IT BRT

observation| Interpolation

reference
N
-

P o

NRMSE | 0.301 0.100 0.121 0.092 0.090
MSE | 2.80e-5 3.81e-6 4.97e-5 2.92e-6 2.715e-6
MAE | 3.10e-3 1.17e-3 1.45e-3 1.04e-4 1.02e-4

Correlation T 0.898 0.906 0.894 0.972 0.955
nER | 1.70 9.48e-3 4.50e-2 2.10e-2 8.74e-4
-

Poor physical compliance for vanilla DSB!
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Results on Kolmogorov flow

Fourier interpolation (8x super-resolution)

Interpolation

observation
N

E2E+PF PIDM vanilla DSB
W VN LN
va #. N Ve N (ﬁ

\

E2E+PF PIDM vanilla DSB reference

nER | 0.391 0.345 0.080
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Results on Kolmogorov flow

Real-space interpolation (1% observable points)

vanilla DSB PalSB

PIDM

observation

E2E+PF vanilla DSB reference

nER | 2.68 217.3 1.95
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Results on Reaction-diffusion system

Fourier interpolation (8x super-resolution)

observation E2E+PF PIDM
"Jl!l- o "9 \:J'w.’l

D ’{f}}hﬁ R
L =Vvles
=1 e 5
4 o o =
3 { =V D an ! [ = VR

ehis diloe S M

- .'~ o—
Jol
-
E2E+PF PIDM vanilla DSB PalSB reference
nER | 8.17e-5 1.23e-3 1.58e-6 8.91e-8
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Results on Reaction-diffusion system

Real-space interpolation (1% observable points)

observation | Interpolation E2E+PF

’ " “1"' ';

»»»»

E2E+PF PIDM vanilla DSB
nER | 5.37e-5 3.83e-3 1.86e-6

reference
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Results on 3D turbulence @

Fourier interpolation (4x super-resolution)
4 v V. density pressure

X y z
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Results on 3D turbulence

Real-space interpolation (1% observable points)
V. V V. density pressure

X y z

. g )2(
g -"= s
o

o
K
X‘a)(/s X‘a'\’ls &
-
o . N N .
%) < : { a <
2 . 2/ G
© r VS
o Sy
f ( 4..\‘
’ S
&
’\(a)(is
Y E
()} N
o

23/28



Ablation studies

An instance on Kolmogorov flow

Relative error Equation residual
¢ -Hl- PalSB () -M- PalSB
\ -@- wioPF -@®- wio PF
4x1071 ¢ —V— w/o OTODE -¥— w/o OTODE
H‘\\\\ -4- WOES ~4- WOES
L/ w/o BS w/o BS
3x 107 \\“*x\\’
\’
L
2 2x10™
' 10°
= (7

1071

v Wir— -
/e — N7 A/ ‘v[_——f_'u m ¥.
10° 10t 10° 10t
steps steps

* PF: physics-aligned finetune

« OTODE: deterministic sampling
« ES: early stop sampling

« BS: boundary-aware sampling
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Ablation studies

Padding size in boundary-aware sampling

0.090

0.088

0.086

nRMSE

0.084

0.082

0.080

Relative error Equation residual

—1— padding size: 1 045 1

—2— padding size: 2
—3- padding size: 3

'4- padding size: 4 0.40

—1— padding size: 1
-2— padding size: 2
—3- padding size: 3
-4- padding size: 4

1 1\
0.35 1
2 LlCJ 0.30 \ ‘1
D
4 3 )
i 0.25 4\ \‘
\?1\2\2
28 0.20 \2 5 >
: —i= i
0.15
20 30 40 50 0 10 20 30 40 50
steps steps

Larger padding size leads to better performance
Larger padding size leads to higher computational demand
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Ablation studies

Number of truncated steps in finetuning stage

Relative error Equation residual

X

—1— Truncated step(s): 1
—2- Truncated step(s): 2

o l 1 0.40 -5- Truncated step(s): 5
X\1 1 / =)= Not truncatedp
=]
0.080 \ X 0.35 X
: 5 3

nER

NnRMSE

0075 9 D= S

2 2
0.070 \2\) / 0.25 \5 \
. . =]= Truncated step(s): 1 4\ X

=)= Truncated step(s): 2 2) “—
p(s) .

-5- Truncated step(s): 5
== Not truncated 0.20 \é
0.065
0 10 20 30 40 50 0 10 20 30 40 50
steps steps

 More truncated steps leads to worse physical compliance
 More truncated steps do not necessarily reduce prediction error
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Conclusion w

« We explore the application of DSB in physical field reconstruction from
Sparse measurements.

« We develop a physics-aligned fine-tuning approach for generative models
to address optimization challenges associated with physics-informed loss
functions.

« We introduce an innovative sampling technigue that effectively
incorporates boundary conditions into the generative process.

27128



Thanks!

Contact us:
Email: lizeyu123478 @buaa.edu.cn
Github: https://github.com/lzy12301/PalSB



mailto:lizeyu123478@buaa.edu.cn
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