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Information, uncertainty, and margin
Better reactor-state information reduces uncertainty and supports safer operational margin release

Engineering motivation Mathematical structure Operational consequence
Best-estimate plus Governing Sparse Reduced Multi-field ~~ Uncertainty Margin
uncertainty equations observations inference estimation ‘ reduction support

~
>

Sources of complexity in nuclear digital twins

Finite Noisy-measurement Model discrepancy and
information stability parameter uncertainty

1y * e % model, B,R

obs noise model s 125
Nonlinear solution Multi-field inference and Engineering robustness
geometry trajectory forecasting and lifecycle

04 05 06

M ROM 0tu multi Asafe

How can finite, noisy, and partial information be converted into credible online safety-margin knowledge?
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BEPU turns safety assessment into uncertainty-aware prediction
The key question is how much uncertainty remains in the safety margin

° Tradltlonal Conservatlve marglns Often Control Chart of Reactor with Operational Data

Safety zone

cover model error, parameter error, o] 1 Hakame:
and observation error.

« BEPU writes safety assessment as a
prediction problem under uncertainty.

80

60 -

H
Piop(t) = [ o zf Qxy(Z)P(x, y,z, t)dxdydz

Relative Power (%FP)

40 4

H/2
Poot(t) = [ [, ,PIX.y, 2 t)dxdydz

20 -

Ptop(t) - Pbot(t)

Allt) = 100Ptop(t) + Ppot(t)

-30 —l20 —I10 6 1|0 20
Axial Offset Al (%)

Remark: BEPU requires safety margins to be evaluated under model, parameter, and measurement uncertainty..
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Lower uncertainty can release operational margin without relaxing safety
More accurate multi-physics state and safety-parameter estimation reduces unnecessary conservatism

« Reactor operation must remain safe while avoiding unnecessary loss of operating room.

* More accurate state and safety-parameter estimation reduces uncertainty and supports finer
operating decisions.

Large Fp Uncertainty —» Large Reserved Margin Small Fp Uncertainty —» Larger Operating Margin
2.8 1 2.8
W e e e e T i e e N | | [ e e e e e e AN LY B e
PO Werpeaklng f'aCtOIA § large reserved _§ appropriate
0 241 margin 0 247 reserved margin
o o
e g
max u(r) g | % 201
o TEQ 0 < o v /
F o— 1 t ?_' small uncertainty
Q (]
V f Q U(T) dr S 5
o 1.6 o 1.6
large uncertainty
1.2 - small operating margin 1.2 - larger operating margin
operating progression operating progression

Remark: Lower uncertainty can release operational margin without relaxing safety.
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The digital twin begins with a high-fidelity multi-physics control equation

Governing physics, sparse observations, and margin probability define the inference problem

U operating / physical parameters

Governing equation F(u, ﬂ) = (),
State in function space u( W, Z') =
Sparse observation YV = {i(u) + e; 0.
Margin probability P(M(u, u,t) > 0| y) .

M  safety-margin functional

u multi-physics reactor state

fl- observation functionals

measurement noise

L9 R ED ) +8. vp(F,E 8.6+ 5,G.E O E 6
AL r,L,lil, * r, L, rL, r, L, — N
v(E) 9t : ) oT (7, t)
jdE’de’ [(X[ ]>vzf(F,E’, t) +25(7Q > QE - Et)[Y(7 E,Q,¢) Pep Lot )
Ker V-k(T)VT(#t) + q(7, t)

Core Damage
/
OK?

0v(7, t)
P\ ™ ot

+v(7,t) - VU (7, t)) = —Vp(# t) + uv?v(#,t) + f(F, t)

Remark: Here, a nuclear reactor digital twin is an observation-conditioned inference problem built on governing physics.
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High-fidelity physics stays offline; efficient inference goes online
Complexity reduction transfers physical fidelity into operational time scales

offline high-fidelity physics reduced representation online inference
multi-physics solver - slow but physically credible offline database - reduced basis - low-dimensional coordinates fast state reconstruction - parameter update - decision support

eV = SpaAN{@q, ., P} wee  y; = £;(u(, b)) + e;
Flu,u) =0 " " Lot ’ :
() u s, =YL, @, P(M(u, 1,0 > 0ly)

.multi-physics snapshots offline knowledge becomes online coordinates state estimate — parameter update — margin support
minutes - hours - many cores seconds - sub-seconds - many queries

High-fidelity physics is learned offline and used online through reduced coordinates.

Fine-Model Fj Full-Cycle Evolution and Safety Margin Analysis

2.8
Trom >> Tpecision >> Trom & el ey __
‘3 24 margin M“‘ :Es'::l‘:ar;a:argin
hours minutes seconds sub-seconds 320 predicton'bond I
a all us
| | | | E 16 ::(v:ir;a;;‘:rediction
full-order simulation offline database reduced inference decision support
larger operating margin
1.2
z,{ Ry e operating progression
e.g. pin power distribution by online decision window

CORCA-3D, NPIC, China

Remark: Reduced inference transfers offline physical fidelity into online operational time scales.
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Sources of reactor-core complexity in reduced inference
Each bottleneck enlarges uncertainty in safety margins; each following method reduces one part of it

Model deviation fROl\’I (’u,’ M) + 5m0del — 0

Observation noise y; =4 (u( L, t)) + &5, [~ 71-( ,u) — 7'('( L | y) Parameter posterior
RM(u, p,t) >0]y)

Core reduced-inference relations

m < dim(H) u ¢V, for small n

Finite information Nonlinear solution geometry

GEIM / RB SVD-AE / latent assimilation

Argaud et al., JCP, 2018; Gong et al., NED, 2021 Gong et al., ANE, 2022

yZ:&(U)—FE? L u:<§b7Ta){a-")a ’UJ(t)<—’LL(tQt) .
Noisy-measurement stability Multi-field inference and trajectory forecasting
CS-GEIM / regularized RB SHPNet / ST-GEIM / xenon dynamics

Argaud et al., ICOSAHOM, 2017; Gong et al., NED, 2021 Xu et al., EAAI 2025; Bao et al., JCP, 2025; Gong et al., NSE, 2026
Oriodely b ~m( ) ei(t), missing data, drift

Model discrepancy and parameter uncertainty Engineering robustness and lifecycle
PBDW-inspired correction / Ensemble Bayesian inference NN-EIM / online basis update

Maday et al., [INME, 2015; Zeng et al. (Gong), NST, 2023 Liet al., CiCP, 2026; Zhang et al., NMTMA, 2025

Remark: The following methods form an uncertainty-control pipeline from finite observations to margin-informed operation.
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PART |

Finite-information recovery in reduced spaces



Safety-relevant reactor fields are not fully observable
Limited sensors create the first inverse problem in reactor-core digital twins

hidden full reactor field avallable sparse observations
u

forward observation

u-—-y

dim(w) > dim(y)

/nverse reconstruction

u<y

Example of HPR1000 power distribution Example of HPR1000 in-core sensors
u is hidden,y; = ¢;(u(u,?)) + e; is available
Safety margins depend on full-field structure, while plant instrumentation only provides limited local measurements.

Remark: Sparse sensors create the first inverse problem: recovering safety-relevant fields from limited information.
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GEIM turns sparse measurements into structured information
Observation functionals and greedy selection identify where the reduced space still lacks information

Algorithm 1: Generalized Empirical Interpolation Method (GEIM)

Input : Snapshot manifold F C V, Sensor dictionary ¥, Tolerance €
Output : Reduced basis {ql, ,q;\:}, Selected sensors {El, ,éN}
1 : Initialization (n = 1):

o1 =argma|lely

{1 = argmax|£(p )|
(ex.

L

a=¢1/ller) n—1
Tn-1lel: = ) g
2 form=2.3; . Nmpcdo A j=1

// Step 2.1: Greedy selection of the worst-approximated snapshot

©Yn = arg II]_a-X”Qp_\ZI -1 [\}9] ||V
;,5{-.7:

if | — Tn—1[en]|lv < € then break 0.20 -
§ error decreases
5 > : : 2y @ ; o - with information
// Step 2.2: Greedy selection of the sensor maximizing the residual $ e
' 2
P e worrnase] ; ® o
b, = argmax|€(pn — Tn - 1[pn))l 3 %
h 0.05
// Step 2.3: Construct and normalize the new basis function , . . : .
5 10 15 20 25
_ ¥Yn— In=1 |’~,'9u| number of sensors m
ql'l = P (s — X
5 n( n t7n—ll“r9n|)
3: end for

Observation Functional in V

= Physical field w(r)

= == QObservation functional £;(r)

[N Observation £;(u) = /ufr)l.(r)dr
Jo

[}
I
[ ]
I
I
I 1
! 1
I \

I \
! |
I \
! \
I \
! \
! \
U \

! \
Z ~

17/

Spatial domain r € €2

Greedy Sensor Selection

——Next basis g, ; | = arg max||u—u, |
u

.1 — max residual === Cunyent recon. w, (r) = Zu,-q,(r)

i=1
Residl g, 1 1 () =t (7)]

Maday & Mula, Springer, 2013; Argaud et al., JCP, 2018

Each sensor acts on u through a functional 4;.

Spatial domain r € €2

The next sensor is chosen where the current reduced space still lacks information.
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Reduced coordinates connect sparse sensing with reactor-field reconstruction
Sensor observations estimate a few basis coefficients in a physics-informed reduced space

V;’L — Span{chl e qn}
dim(u) >» dim(y) > dim(u,) u(p,t) = u, = = a;(pu, t)g;

yi = £i(u(w0) +e; = £;(uy,)

(a) Solution manifold building (offline)

Measurement Sensor optimization
Ho(n) u GEIM works with 3D GEIM works with 2D
p T _ N
$(r,10) x
| R
: / T >
i) R
[ Tl 4
& RIS
E Lk 5
. . ] Integrate along axial directio ﬁ
(b) Reduced order model presentation (offline) : for each assembly 6
m R 4
Ya = 7
b4 m Y=HYa+e 8
[
o
| ;
L

=
(=]

1 Selected based on w(i)

-
=

lpn
wlll’z

(c) Neutronic field estimation (online) ﬁ Instrument in 2D ﬁ

]
HOW N

Reconstruct ) 15
b = va cosfficients 3D2D 2D2D
& R P NMUL1LK J HGFEDTCIB A
Offline-Online framework. [Gong et al., NED 2021] Sensor optimization of PWR1300 at EDF. [Argaud et al., JCP, 2018]
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Error

Accurate field reconstruction improves safety-parameter estimation
Reduced dimension, observation redundancy, and sensor placement jointly determine reconstruction accuracy

100: ‘ ]
[ —-=POD |

- EIM
—-—RB |
10_1 —‘V—MCN ]
1072}
0 5 10 15 20 25

Order of reduced model n

POD = Proper Orthogonal Decomposition;
EIM = Empirical Interpolation Method;

RB = Reduced Basis ;

MCN = Minimum Condition Number;

QR = QR with column pivoting

Error decreases and stabilizes as the
reduced dimension n increases.

field error | — safety-parameter uncertainty |

Al-Driven Complexity Reduction - Nuclear Digital Twins

Error

More observations per mode reduce the
reconstruction error.

MMN = Minimum Matrix Norm;
MCN = Minimum Condition Number;
ODEIM = Oversampled EIM,;

EIM = Empirical Interpolation Method
x1073
—=—MMN
---MCN
—- ODEIME -
- EIM
0 2 4 6 8 10

Number of observations m/n

Collége de France - 22-24 June 2026

Error

0.1

0.08 ¢

H G F E D C B A
oo | |0
I
0006 2
o | b
1

—=—whole region
—--SPND region
——non-control region

(TR TFHTHATEHTE]

0 0.05

0.1 0.15

Noise level o

SPND = Self-Powered Neutron Detector
whole region: all candidate locations

SPND region: detector-accessible locations
non-control region: control-rod area excluded

Placement restrictions increase the
reconstruction error under noise.

0.2

[Gong et al., NED, 2021]

12/64



PART I

Stabilized finite-information reconstruction



Finite-information reconstruction must be stabilized under measurement noise
Standard EIM/GEIM may lose convergence when sparse measurements are noisy

Algorithm 1: GEIM (Highlighting Error & Coefficient Links)

Input : Snapshot manifold F C V, Sensor dictionary X, Tolerance

Output : Reduced basis {ql, ,qN}, Selected sensors {El,

1: Initialization (n = 1):
p1 = argmax||¢
o1 = argmax|lly

{1 = argmax|{(p1 )|
tex
a =1/ ti(e1)
23 form=2.3; «vo5 Ny A0
// Step 2.1: Greedy selection of the worst-approximated snapshot
En—1: ZmaXHip—jn 1 [99]”1/ = ©n
peF
if £,, | < € then break
// Step 2.2: Greedy selection of the sensor maximizing the residual

l, :a‘rgl}'laglﬁ(% — Ju-1len))|

// Step 2.3: Construct and normalize the new basis function

©n — \.7:1 - l|§9ui

(*Pw == ~7n ][‘FHD

q, = T
3: end for

3 KN}

[Maday & Mula, Springer, 2013]

[

Link to: CS — GEIM Constraint
Bounded by: |¢;| < a(l+A; 1)&;

n—1

Tu-1lel: = D _ciq;

g=1

st £i(Tn-1(]) =4i(p)

Link to: Error Decay Curve
Drives the decreasing error £

Al-Driven Complexity Reduction - Nuclear Digital Twins

College de France - 22—-24 June 2026

Approximation Error

an

0 20 40 60 80 100
Number of basis functions N

Constraint Set /C,, in Subspace V,
lei| <a(l+A;—1)ei—1

Manifold M
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Finite-information reconstruction must be stabilized under measurement noise
Standard EIM/GEIM may lose convergence when sparse measurements are noisy

Constrained Stabilized GEIM (CS — GEIM) Formulation

Given: Noisy measurement vector y°, where y? = £, () +n;
n
Find : The stabilized reduced-order reconstruction u’ = Zc}sqj
j=1

where the coefficient vector ¢’ = (c}, ..., c2)T solves the inverse problem:

: 2
6= arg IIllIlHLnC - yéHfz
ceEA,
with observation matrix (L, ); ;= li(q;)

Subject to: The manifold-informed constraint set KC,,:

Constraint Set C,, in Subspace V,,
el <a(1+A; 1)1

Gn
Manifold M

[Kn ={ceR"||c| <1+ A;_1)g;_1, Vi=1, ... 7n}]

[Argaud et al., ICOSAHOM, 2017; Gong, Sorbonne Univ., 2018]
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Relative error

Relative error

1071

10

101

10

Reconstruction Error under /.. norm (Noise = 0.01)

-©-- GEIM &, =& (CS-GEIM ¢,
-©-- GEIM®, =—@= CS-GEIM @,
-#-- GEIM P == CS-GEIM P
BN
jo
-o--0

e
o~
/, ’

2 4 6 8 10 12 14
Dimension n

Reconstruction Error under ¢, norm (Noise = 0.01)

-o-- GEIM &,
-o-- GEIM @,
-#A-- GEIM P

—#— CS-GEIM &,
—#— CS-GEIM @,
—k— CS-GEIM P
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Regularized reduced bases improve stability in reactor-core field reconstruction
Weighted coefficient recovery controls noise amplification in online reconstruction

General Regularized RB Online Reconstruction

Finite Observations — Weighted Coefficient Recovery — Stable Field

10 avoid noise amplification, solve the regularized inverse problem:

¢’ = arg min { |L,e—y°||2 + X ||[Wel2 }

CERI?

Error

where L,, is the observation matrix, and A is the penalty parameter.

Basis Regularization Weights : R

W =diag(w;, ws, ..., w where w; penalizes instability.
) 1 2 y Wn i )

e For POD: w, x~ (Inverse of SVD singular values) O 1 O 20 30 40

e For (G)EIM: w; x —— (Inverse of max EIM coefficients) n

max|¢; |

- J [Gong et al., NED, 2020; Gong et al., NED, 2021]

Remark: Regularization converts finite observations into stable reduced coefficients rather than noise-amplified interpolation.
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Neural-Network-Augmented (G)EIM with Noise and Vibration Tolerance
Learning from data with models: y° - u(u), with sparse noisy and movable sensors

EIM — based coefficient learning under perturbed observations

Sensor Vibration

Noisy /movable sensors —> NN coefficient map ——  Stable reduced reconstruction

[e]

Bounds: *+0
Observation model : y5 =S ArU+E Full Order Field EIM Reduction
u(u) € RN Basis: d € gN*n
Coefficient recovery : (35 — N 0 (y5)
B . 3 — @ 6 Recg::lzgl!t?cted
Reduced reconstruction: u=®Pec Field
. . pom=mm-mm--mmog G = ON(y0)
The EIM basis reconstructs the field; the network maps perturbed measurements to coefficients. E Parturbation: 5 | ’
~ B ¢
Training with noise and vibration augmentation Measurements " . ' NNMap
L y6€Rm . ¢ . J\re(yG)
0= 5noise e 5vibration

Loirsin = Lad + AL T
NO : Rm — Rn, yc) — C()

Physics-Informed Loss

[Gong et al., NST, 2024; Xu et al., NSE, 2024;Li et al., CiCP, 2024,2026]
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— N
(@) (@)
1

Relative L? Error (%)
o

o

Coefficient-space learning improves noise and vibration tolerance
Benchmark-field evidence for EIM-NN / EIM-TNN under perturbed observations

ol
1

A. Vibration robustness B. Noise robustness
...... . 157 - :
i___1 EIM-Tikhonov NS i1 EIM-Tikhonov
BB EIM-NN - BB EIM-NN
{ B EIM-TNN g
0 10
~
o
2 97
=]
©
—
)
4 0. !
5% 10% 15%
Vibration range Noise ratio

EIM-Tikhonov: linear EIM coefficient recovery with Tikhonov regularization.
EIM-NN: neural mapping from perturbed observations to EIM coefficients; [Li, Gong & Xu, CiCP, 2026]
EIM-TNN: EIM-NN trained with Tikhonov-guided loss.

EIM-TNN keeps the relative L? error nearly unchanged under increasing observation noise and sensor vibration,
while the linear EIM-Tikhonov reconstruction degrades rapidly. The improvement comes from learning the EIM
coefficients under perturbed observations, with the EIM basis still used for field reconstruction.
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PART Il

Model mismatch and parameter/state estimation



PBDW provides a rigorous geometric foundation for reduced model-data fusion
An open question in reactor physics is how to extend this framework under physical model error

Neutron Transport Equation
(High-Fidelity Physical Truth = u"™¢)

Q ) V'(,b(?, Qv E) + Zt(ﬁ EW(F, Qv E)

= Qscatter = sz'ssion
Angular Flux : Space(3D) + Angle(2D) + Energy(1D) = 6D

Approximations:
Angle: Fick's Law
Energy:Condensation

Induces Model
Discrepancy ¢

Al-Driven Complexity Reduction - Nuclear Digital Twins

Two-Group Diffusion Equation
(Reduced Background Model = Vy)

~V-(D1Vé1) +Brds = (8 nd +vEpd)

—V - (DaV¢) +Ta2¢ = X1 5201
Scalar Flux ¢: Space(3D) = 3D

College de France - 22—-24 June 2026
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Two sources of inaccuracy: model discrepancy and parameter uncertainty
Model bias changes the solution manifold, while parameter uncertainty changes the distribution of reactor states

Model discrepancy Parameter uncertainty
Sources: Sources:
» transport truth vs diffusion background * cross sections / material constants
* missing physics / approximation / closure error * operating parameters / boundary conditions
true __ , model
ut = + Osngdl o~ ()
or: Firue(t, 1) =0, From(u,p)=0 () — m(w | y) (after observations)
Method path: Method path:
PBDWe-inspired fusion + learned discrepancy correction Ensemble Bayesian parameter distribution inference
background reduced space + observations — corrected state + learned ¢ prior distribution + sensor observations — posterior frequency distribution
. — updated parameter uncertainty
Key point:
Not a parameter estimation error, but a systematic bias Key point:
due to model simplification. Not a point estimate i, but a full distribution
— suitable for BEPU uncertainty propagation.
5model i/ ﬂ-(:u | y) updated if

= P(M(u, u,t) > 0|y) more credible

Both routes reduce uncertainty in the final safety-margin probability,but they act on different parts of the inference chain.
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PBDW provides a rigorous geometric foundation for reduced model-data fusion
An open question in reactor physics is how to extend this framework under physical model error

Observation Space W, Parametrized-Background Data-Weak (PBDW) Formulation
. - Given:  Reduced background space Viy C U and observation space Wy, C U
w* =zn+my, Discrepancyd | true
N T TM U
H“V”ulme w . N g . .
Background Space Vy Find : Background component 2 € Vyy and update n;; € W), satisfying:
II\’\,U“—”P * * ' . )
(771‘1 , w)u + (ZN ,w)u = <y, w> Yw € Wy, + Data Matching in Wy,
My, zn . : :
(771\[ . v)u — ) Yv e Vy + Orthogonality to Vy
Inf-sup constant:
4 . = cOS(H)
. K o * *
. Qutput: [“ =2y T 77.\1]
v € Wy
/ Stability : Well-posedness is governed by the inf-sup constant 3y y:
‘(31\/5 N = il’lfl,Ey\, sup (@, Wu

weWay, ‘I‘:IUHUVHM

[Maday et al., IINME, 2015]

See also: Taumhas et al., ESAIM Proc. Surv., 2023

Future work
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Ensemble Bayesian inference for parameter distributions
Updating prior distributions reduces parameter uncertainty for data assimilation and margin assessment

1.01 Era=11.0 ; Variea=0.25 —— Preal 1.01 Erar=18.0 ; Vare,=0.25 —— Preai 0.40| Ees=20.0 ; Varey=1.0 =
° ° EDI‘i0f=]‘2'0; Varp,,-(,,=0.16 —— Pprior Ep,,o,=19.0;Var,,,,~o,=O.16 —— Pprior 0.35 Epricr=22-0;v Fori =1.44 —— Pprior
Ensemble Bayesian inference og| Em1L387; Vare=02 bt | gg| Eex=18254;Var=02 b | O] Eexm1078 ara1277 e
. . . 0.30
for parameter distributions
0.6 0.6 0.25
0.20
- . . - 0.4 0‘4
prior distribution 015
T ILL) 0.10
0.2 0.2
0.05
sensor observations 085 100 105 11.0 11.5 12.0 125 13.0 135 965 17.0 175 18.0 185 19.0 195 20.0 205 °>°° 18 20 22 24
uil) u(Z) u(S)
y’l/ .—chionl [j—Regi0n2 .—RegionS 2.5
B Regiond  []—Regions Ereai=2.0 ; Varyes=0.04 —— Preal
Ep,,'g,=2.2 ¥ Varp,,-o,=0.05 — Pprior
reactor model IAEA 2.0 Eox=2.035 ; Vares=0.0465

benchmark

f(r, 1)

v

MCMC / Ensemble Bayesian sampling

15

1.05
posterior frequency distribution o
7T</.L ‘ y) m W, W W 00737 16 18 20 22 24 26 28
From prior to posterior, uncertain parameters are constrained b
(s | Y1,y e os Y, 5) < () | Ip(wi s | 115) P P p y

e observations before being used in ROM inference.

Remark: Parameter distributions, rather than single best estimates, allow the digital twin to carry uncertainty into BEPU-style margin assessment.
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PART IV

Nonlinear reduced coordinates



Example of nonlinear multi-physics problem

y axis(cm)

10

.—Regionl [:}—Region2 .—Region3

.—Region4 I:‘—RegionS

T T
70 90

x axis(cm)

I
130 150

170

700 A

600 -

500 4

400 -+

300 +

200 -

100

P1()

[T

nnnuun
o}
o

a=0.914
a=0.916

160 -

140 +H

100 -

Power density as heat source:

P(x) = ¢ E§=1 KX f,g(X)Pg(x)
Neutronic - Thermal
Module Coupling Module

\/

Temperature feedback on diffusion coefficients
and macroscopic absorption cross sections:

D, = fpo(T; T*,Dg',v), & = 1,2
Za,g = f (T, Tref, Z;f{;)’)la) ;, & = 1,2

P2(t)

P(t)

()

[T
T

T

a=0.916
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Example of nonlinear multi-physics problem

 Two-Group Neutron Kinetics (with Precursor Feedback):
0
2L =V - Di(T)V1 — T (T)p1 + 1 Zyzfg¢g +AE
32022_V°D2(T)v¢2_ ( )¢2+Es 1—>2¢1
* Power Generatlon & Thermal-Hydraulics Heat Equation:
P(r,t) = ’%szg(/bg

e =V 'KVt (7, t) — geool (T)

Cross-Field Parameter Feedback (Doppler & Moderator Effects):

T(?at) = Ea,g(T)Zzg,gjL’Yaﬁv Dg(T):D;)+7DT
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Reactor-scale: HPR1000 xenon oscillation
Long-term delayed coupling in 3D core dynamics

o | o b > HPR1000 xenon oscillation
02 'L’ g
B ° R > Governing Multiphysics System & Sparse Observation
04 a =

B h Neutronics: %% =V - (DV¢)+ [(1 = BwE;—Zu(T) — 0 XX (¢)| 6+ AC
05 D D D D
06 = Thermal-Hydraulics:  pC,% + pC,ii - VI'=V - (kVT) + KX ;¢
Lo ’ ’ ’ - Isotope Poisoning : 3—{ =X ¢ — A, aatﬁ =yx3;0+ Al — (Ax +029)X,
08 D

Sparse Observation: V,,(t) = Cyparse * @(Tsensors t) + €

3 ) #
.""."‘:'." 3 /
2 N ,‘ T
5 [ R .
P W S g
1 N oy
"4
0l
300" 900
é onr
eight (cm ) ™
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Nonlinear transient manifolds challenge linear reduced spaces
Coupled reactor dynamics bend the solution geometry, motivating latent coordinates beyond POD

P(t)

i

TAEA 2D N-TH Benchmark Equation System

[ Regiont | | Region2 [Jl]-Region3
[ Regiond  []—Regions
70.

M

1. Spatiotemporal Full-Order State Vector

The high-fidelity coupled system is defined by grouping the neutronics
and thermal-hydraulics fields into a monolithic snapshot matrix:

UTt)=[d1(F, 1), ¢o(F 1), PFt), T(7 t)] T € R** Nopuee

2. Nonlinearly Coupled Governing Operators

a=0.9
a=0.902
a=0.904
a=0.906
a=0.908
a=0.91
a=0.912
a=0.914
a=0.916

* Two-Group Neutron Kinetics (with Precursor Feedback): o ; .
2 o 1 2 3 a 5
0 ll= im
L% — V. Di(T)Vé1 — Zn (D +szlyz:fg¢g+xc —
g:
1}1_2"% =% Dj (T)V¢2 — Yo (T)¢2 + 351520 Il:*gojected transient manifold colored by time

* Power GeneQration & Thermal-Hydraulics Heat Equation:
P )=k Spd, %
pe =N "KVT+ P, ) — geoa(D)

Cross-Field Parameter Feedback (Doppler & Moderator Effects):

TF,t) = Bo (D) =20, +7%VT, Dy(T)=D?+~pT

o
L

POD coefficient ¢
&

3. Nonlinear Geometry & Subspace Decay Bottleneck

Transient snapshots form a state manifold S,.;,, = {Lll, U, }

Strong multi-physics feedback warps the solution into a curved manifold M.
Linear methods (POD) suffer spectral dilution; nonlinear reduction is required.

-10 B

O start, x end

2.00

1:23

1.50

0.50

0.25

0.00

-100 -50 0
POD coefficient ¢;

-150
[Bao et al., JCP, 2025]
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Two nonlinear coordinates capture the transient manifold more efficiently than POD
A 2D latent state reaches the accuracy of several linear POD modes in a coupled benchmark

Nonlinear Latent Coordinates & Assimilation Flow Linear POD versus nonlinear 2D coordinate decoder

—a— POD linear subspace

101 ) :
] == 2D nonlinear coordinate z= (a, t)

Latent coordinates describe the transient manifold;
assimilation corrects the state in this reduced geometry.

Transient Field: U(7,t)

l

z=EU) & (Nonlinear Encoder)

|

2D nonlinear coordinate
latent error = 2.83e-04
closest POD dimension: 5
first POD below threshold: 6
comparable to POD-5--6

102 -

Relative reconstruction error

_ 10734
&= (CL, t) ] latent error lies between POD-5 and POD-6
Generalized Latent :_ s g i g
Assimilation (GLA) e
2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Z i Online dimension

Same online dimension: 2D nonlinear coordinate << POD-2 error
Comparable global accuracy: 2D coordinate = POD-5-6
Meaning: nonlinear state geometry reduces online dimension

l

U* =D(z*) D (Nonlinear Decoder)

o
U (7, 1)
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Latent coordinates turn sparse observations into field corrections
SVD-AE builds the nonlinear reduced state; GLA updates it online before decoding back to the field

1. Two-Stage Nonlinear Compression (Forward Kinematics) 2. Generalized Latent Assimilation (Inverse Flow)
High—Fidelity Field : (7, t) € RN Background Parameters/States: 1, (or z)
‘l/ SVD/POD Projection \L
POD Coefficients: =V, 1/c R Background Prediction: U, = D(z)
T Sparse Observations (y)
wo-Stage
Reduction: l £: Nonlinear Encoder from Core Sensors \ l
500 Coeffs
30 Latent GLA Online Correction

Learned Latent State: »=E&(«) € R?0

min|jy—H(V, D(2))llr 1+ + |2 — 2|5+

l D: Nonlinear Decoder

Recovered Coefficients: & = D(z) € R°Y l,
l V. : Basis Expansion Assimilated Latent/ P:rameters: 2" (or pg)
Reconstructed Field: U(7, ) = V,a Assimilated Field: U, (7,t) = V,D(z*)
Manifold Reduction: z=E&(a), a=D(z), U=V,a
o GLA + H(y) § Decoder Expansion
Assimilation Flow: 2z (or u) — z* (or pg,) — U,
[Gong et al., ANE, 2022] 30/64
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Latent assimilation reduces full-space error at online cost
HPR1000-type tests show robust correction under observation noise with sub-second update time

O

0.200 A

0.175 - o~ s

Results on
HPR1000 type

0.150 - g
0.125 ~ ,.\ ' o

0.100 /

0.075 1 o

, -—-- background$
0.050 A - ——- analysis

reconstruction error
\
.\

O.IOO 0.|02 0.|04 0.|06 0.|08 0.|10 0.|12 0.|14
Observation noise

Nonlinear Manifold Reduction
SVD-AE learns optimal nonlinear coordinates:

e Compresses 500 POD coefficients — 30 latent variables
¢ 20 latent variables are sufficient to reach best accuracy
e Standard linear POD needs > 30 bases for comparable performance

Observation noise 4%

— hackground
— assimilated

“Jh uuld.lﬂh.l.m h.|lmku.lmi.\.xlm..dhhhuhm\LL,mu.h.h.mm.uLLJ 00 1T O AL P [ P | Y i

Variational Latent Assimilation

GLA utilizes sparse observations to correct states:
e Background parameter / field error drops significantly
e Assimilated state ensures full-space physical field correction

Y, + observations > [bg U,

0 500 1000 1500 2000 2500 3000

— background
— assimilated

Obpservation noise 8%

Jliﬂlumﬂu uL.LnLi““iL\.A.‘LALI_M soalldsid J.AML SOOI OO0 1 PO RN VPN Y O PO oL B o It | l\

0 500 1000 1500 2000 2500 3000

Full-space prediction error: background vs assimilated

Al-Driven Complexity Reduction - Nuclear Digital Twins

Ultra-Real-Time Online Usability

Computational efficiency remains well below operational scale:

e Forward Prediction (SVD — AE) : ~0.08 s
e Inverse Update (GLA): ~09s
e Traditional CORCA — 3D Ref: ~40s

[Gong et al., ANE, 2022]
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PART V

Multi-field inference and trajectory forecasting



Cross-field inference under partial observations
A latent multi-physics map connects measured signals to safety-relevant fields

Neutronics:

Isotope Poisoning :

Sparse Observation :

Governing Multiphysics System & Sparse Observation

ot

Thermal-Hydraulics:  pC,2- + pCti - VT'=V - (kVT) + k3 ;¢

Pot

ot o

1% _ . (DV$)+ [(1 - BS s — Su(T) — 06X X ()| ¢+ AC

o = — A, . =7x2s6+ AT — (Ax + 07 4) X,

yobs(t) = Csparse : (b(r'_:seusora t) 4= €

-
-
-

e
~
~—
~

-~
~
-~
~
~—

~——

Observed Field
y()l)s (t) = R™

e Ex-core / In-core Flux
e Loop Temperatures

Latent Manifold Space

Ola.tellt ‘Y= amulti — M
e Non-linear Spatiotemporal SVD-AE
e Cross-Field Coupling Propagation

Safety Fields

Usate(t) € Vian
e Peaking Factor (/g — Ttye1)

e Safety Margin (M, X,)

Cross-Field Mapping :

Al-Driven Complexity Reduction - Nuclear Digital Twins

& obs Dfull

yobs (t) — Z(t) — 7

Collége de France - 22-24 June 2026

A

multi (Fa t) — -A;l (t)

[Xu et al., EAAI, 2025]
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Reduced coordinates carry temporal dynamics
Learning F, reveals an intrinsic forecast map

SVD GEIM / ST-GEIM
Ny, - ~
x() <R X(t) ~Uial) o
HPR1000 xenon trajectory a(t) _ UkT X(t), a(t) c RF Gz, t) = Z,ijj(x’ t)
learned reduced flow |
a(t+1T)=Fya(t),a(t — At),...,a(t — LAt)) GRU--LSTM
j(\(t + 1) =U,a(t+1T) future-field reconstruction
M C RN, a(t), Fo —> reduced coordinates retain temporal dynamics
[Gong et al., NSE, 2025] 34/64
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Xenon memory in reduced coordinates
Long-horizon prediction validates the learned reduced flow

1071

Average NRMSE

1072

50

Frequency (%)
w >
o o

N
o

10

0_
1072 107! 10°

L2 Relative Error

10!

Frequency (%)

0_
1072 107! 10° 10!

-- DMD | [ ®
~@ Linear Extrapolation o _m
| --A- GRU+LSTM . T
e — The forecast map
T il @ learned in reduced
7 [ A . .
o i coordinates remains
stable as the horizon
| | increases.
a
3 4 5 6 7 9 10
Hour (h)
Noise level - | 1 Noise level oS
- 01 m Linear Extrapolation = 001 W Linear Extrapolation

L2 Relative Error

Reduced dynamics remain identifiable under noisy trajectories.

Al-Driven Complexity Reduction - Nuclear Digital Twins

Power peak factor F5 with input steps of 4h

and a prediction horizon of 10h.

Power Peak Factor (FQ)
[ - = N N
¥ @ e e &

%
o

T T
Actual Data

GRU+LSTM Predicted
Linear Extrapolation
DMD Predicted

20 25 30 35 40 45
Time (in hours)

Comparison of model performance metrics for
30%FP with prediction horizon = 10 h

L, relative error R?2
SVD-GRU-LSTM 0.0286 0.989
DMD 0.0932 0.906
Linear 0.2450 0.428

College de France - 22-24 June 2026

[Gong et al., NSE, 2025]
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Latent coupling infers unobserved fields
Sparse histories predict future power, xenon and iodine

Past input = ¢ . —— SHPNet latent neural operator ¢
Observation settings
Power-only input (4)
sparse power obs. Ti—1:1 __J Branch Network
observation input z;
Xenon-only input (X,) £cRb
Sparse Xenon ObS. xt — tl ot future ti’nle grld
Trunk Network

All-field input T (¢, X, 1) temporal-location encoder
multi-field obs. t—t;:1

S

Relative L’ Error (%)
o N

—  Future output

@

Predicted latent
f' e R?

latent space and decoders { ,W.}
7 — Y t+1:t+1
Power
Pre-trained rec
z
—_— — t+1:t+1y
Decoders Xenon
q)civ(‘mim‘(")
rec
. {(1 }i +1:t+1y
Iodine

) 74 £ rec rec
{?/ Y| }t—ll:H—t._)

Reconstructed outputs

Offline pretraining [, ® .00

T —t, 5t =7 {yrec: i qrec}{.—pl:t + o with t; =38h, t=1bh in the result paDEI.

A. Direct comparison at the 10th forecasted hour

v_4 End-to-End baseline Il SHPNet

1.71%

Power §(7, t) Xenon X, (#,1) Todine I(7,t)

N
1

Relative L2 Error (%)
o —

[ Power-only input Bl Xenon-only input Bl All-field input

0.65%

B. Input-observation sensitivity: 30-step mean

1.68% 1.67%

Tt 1.52%

1.35%
1.07%

0.60% 0.52%

Xenon X, (7,t)

Power ¢(7, t)

TIodine I(7.,1)

Temporal setting from the manuscript: 8 h historical observations — 15 h forecast (30 steps, At=0.5 h).

Al-Driven Complexity Reduction - Nuclear Digital Twins

College de France - 22—-24 June 2026

[Xu et al., EAAI, 2025] 36/64



Space-time GEIM formulation (1/2)

State interpolation becomes trajectory reconstruction

From states to trajectories
M ={u(, te; p) : p€ D} C X(Q)

M
— space-time generalization
Tulul(x, te) = Yot 1) 5(2)
M = {U(a '3#)3MED} C X

— operator shift
yr =i (u) = op(u(-, o, 1)), o €Y, o €0, ;]

I]\/[[u('a tk)]state — I]Wst [u(, ) )]trajectory

Mst
A(x, b p0) 2 Y () (), ;€ Xy
j=1

spatiotemporal basis v;(z, t) and coefficients ~; drive future-trajectory reconstruction
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Space-time GEIM formulation (2/2)

State interpolation becomes trajectory reconstruction

Predictive mechanisms

(1) STD-GEIM (2) EDMD-STD-GEIM

M,
t t - '
u(z, bt 55 1 me) E :am(tk+j7/‘1' ) o () Nk + j _K]\Ij(ztk)
m=1
__ _ predict predict __
Ba =Zy,,

pledlct
Zy.; =Clpyj = Ba=z,

fixed spatial basis and fixed sensor locations Koopman evolution acts on the observation vector
future sensor values are extrapolated first STD-GEIM then reconstructs the field

fully coupled space-time extension

(3) STC-GEIM (4) STC-LS-GEIM

A[sf
} : ]2
IJ\[ 7@ wz L t) 7 arg mlr[l Hy C’YH 2
M, i=1 VER M
L - M? x M,
E :%Ck,z'—Uk:(U(',Ok,M)) CeR™ ™M
1=1
space and time are encoded together in v;(x,t) overdetermined least-squares update with redundant observations
and in Ckf-l'. = (Tk_('(/}.lj(', Ok))

regularization can be added for noisy data
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Single-Physics Forecasting

Goal

Consider a time interval Z = [0, t¢] with discretization
D=t <tH <--- <t <--- <tk = tr. Given the current time t = t;, we
aim to predict the true field u(t, u*™"¢) at a future time t = t);.

Al-Driven Complexity Reduction - Nuclear Digital Twins Collége de France - 22-24 June 2026 [Bao et al., JCP, 2023] 39/64



Method I: Spatiotemporal Decoupling GEIM

Variable separation meets temporal extrapolation

Temporal basis (Sensorl)

(Sensor1)
Basis 1 Basis 2 Basis 3 Basis 4
— M
ﬂ — M2
T M3
T Ha
Hs
EIM
/ \ 0 ty tf \
. ’ ro—@o—e—+ Fommm-- >t
Sensor locations \ pyr——— ) _ ) Extrapolate future values at each sensor,
Temporal interpolation points (sensorl) and form the predicted observation vector
GEIM Temporal snapshots
Basisl Basis2 Basis3 Basis4 i observation
Spatial snapshots \ Data assimilation — -------------- Sensorl
______________ Sensor2
; t t F—————— > t
0 tk tk+ . t
Predicted state ’ !
Spatial basis atty,
[Bao et al., JCP, 2025] 40/64

Al-Driven Complexity Reduction - Nuclear Digital Twins College de France - 22-24 June 2026



Method I: Spatiotemporal Decoupling GEIM
STD-GEIM Step 1& 2: Construct Basis

1. Construct Spatial Basis: Apply GEIM to spatial snapshots

Sm={u(t,p):te{t,...,tk}, 4 € Ztrain}

to get spatial basis {¢,}™_. and spatial linear functionals {o,,}M_..

2. Construct Temporal Basis: For each spatial linear functional o;:

e Collect its time-series data:
C(I) — {(U[(U(tl, ,u))? AR O'i(U(tK, ,U,))) ‘:u S —:-train} .

o Apply EIM to ¢) to get the local temporal basis {qfi)(t)},"i]L and
temporal interpolation points {T/(l)}/AilC [0, 5].

Al-Driven Complexity Reduction - Nuclear Digital Twins Collége de France - 22-24 June 2026 [Bao etal., JCP, 2029]
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Method I: Spatiotemporal Decoupling GEIM
STD-GEIM Step 3: Temporal extrapolation

3. Forecast Future Sensor Values (for each sensor o;):

o For u(t,u'™¢), collect past observations y((,Qs at times {T,(i)},"il.

o Reconstruct the local time series by finding coefficients 3() in:

M
oi(u(t, 1)) ~ > B gl (1)
/=1

M
O_i(u(,]}(l)’utrue)) — Zﬁl(l)ql(l)(’]}(l)% J — 17 R M.
N———— — —1

vl

e Obtain measurements at t;;.

Al-Driven Complexity Reduction - Nuclear Digital Twins Collége de France - 22-24 June 2026 [Bao etal., JCP, 2029]
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Method I: Spatiotemporal Decoupling GEIM
STD-GEIM Step 4: Reconstruct

4. Reconstruct field at t; ;:

d
o Form predicted observation vector z, .

e Reconstruct field at tx4; by finding coefficients m(tkj) in:

U( Lty p rue) Zam(tk—h/a 1) pm(x)

red rue .
( ti)ﬂ ) Zam(tkﬂ’ t Joi(em), i=1,---, M.
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Method ll: Extended Dynamic Mode Decomposition STD-GEIM

Incorporate DMD technique into STD-GEIM

Extract a

observatiog i
vector

Sensor locations Rt N 2ty N4l
I 7 DMD prediction
GEIM }47 |€ — Pttt p
Basis1 Basis2 Basis3 Basis4 Data aSSlml\atl on
Spatial snapshots
Predicted state
at tk+j
Spatial basis
[Bao et al., JCP, 2025] 44/64
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Method Il: Extended Dynamic Mode Decomposition STD-GEIM
Incorporate DMD technique into STD-GEIM

Workflow:

1. Build Basis: Apply GEIM to spatial snapshots to get spatial basis
{om}IM_. and functionals {o,}M_

2. Collect History: Gather observatlon vector sequence {Zx_pn, ..., 2k}

3. Forecast: Employ EDMD on the sequence {z;} to learn a linear

. . d
operator and predict future observation vector ztIZf, .

4. Reconstruct: Solve the linear system and reconstruct the field

red .
( tI:‘l’J ) Z Ofm(tk_H)O',(gOm) r=1,---, M.
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Method lll: Spatiotemporal Coupling GEIM

Construct a spatiotemporal low-dimensional subspace
Temporal interpolation points
and sensor locations

______ » t
GEIM Ly f _
Form the observation Vector

Spatio-temporal evolution trajectories Data assimilation

____/ Predicted state

at tk+]

Spatio-temporal basis
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Method lll: Spatiotemporal Coupling GEIM

Construct a spatiotemporal low-dimensional subspace

Core ldea
o Let Q:=R x[0,t] CRY x R and Xs; be a Banach space on Q.

e Assume the solution manifold Mg = {u(-,-, ) € Xst |p € D} is
compact in Xg;.

e Goal: Construct a spatiotemporal low-dimensional subspace
X,f}st C Xst with M < dim(Mg;) such that for any u € Mg

M
U(X, L, :u) - Z ai(ﬂ)¢i(xa t))
i=1

where {;(x, t)};’\i , are spatiotemporal basis extracted by a greedy

procedure very similar to GEIM.

Al-Driven Complexity Reduction - Nuclear Digital Twins Collége de France - 22-24 June 2026 [Bao etal., JCP, 2025]
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GEIM STC-GEIM

Input: {u(p)}ue=,.,. + X Etol Input: {u(t,p)}ue=,.. + X, Etol

Output: {¢;}, {1} Output: {t:}, {07}, {07}

First iteration: First iteration:

p1 = argmaxy, [|u(p)||x (p1,01) = argmax,, tco,¢,] llul-, t, 1)l

o1 = argmaxy [o(u(u1))| o1 = arg maxq |o(u(, o1, 1))

p1 = u(p1)/o1(u(p1)) Y1 = u(:, - p1)/o1(u(:, o1, p1))

while M < M,,ax do while M < Mpax do
Interpolant: Z,[u](un) = Z,Ai1 Bi(w)pi Interp: Zy[u](t, ) = Z,Ai1 ~vi(p)i(x, t)
oj(u(p)) = oi(Zmlu]), i=1,...,.M oj(u(-, 05, 1)) = 0j(Zmlul(o)). j=1,--- M
Residual: ey () = u(p) — Zy[u](p) Residual: ey (t, 1) = u(t, u) — Zy[u](t, n)
pm41 = argmax, |[ep (1|l x (BM41, 0Mm41) = arg max,, icio.¢,] llem(t, )|
if |lem(ems1)ll < €tor then if [lev(oms1, um+1)|| < €0l then

break break

end if end if
om+1 = arg maxe |o(epm(1m41)) om41 = arg maxg |o(em(opm41, km1))l
em+1 = em(Bm+1)/om+1(em(pm+1)) Ym+1 = em(t, pvr1)/omri(em(om+1, pm+1))
M+~ M+1 M+— M+1

end while end while 48/64



Method lll: Spatiotemporal Coupling GEIM

Forecasting Stage

o Xy =span{y;}}1,, any u € Mg can be approximated by
M
U(X, t, M) = Z’y,(u) ¢;(X, t)'
i=1

e To determine the coefficients {7;(1)},, we collect observations from
sensor ¢; at time point o;, form an observation vector and then solve the
linear system:

Z%(M J,—aj(u( oj,,u)) j=1,...,M,

where CJ = Oy (%( OJ))

e The prediction of u(x,t,u*™"°) at time t,; can be approximated by
true) ~

u(x, tiyj, Y ~ Im1[u](x, tetj, 1

Al-Driven Complexity Reduction - Nuclear Digital Twins Collége de France - 22-24 June 2026

true) .

[Bao et al., JCP, 2025]
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Method IV: Spatiotemporal Coupling Least-Squares GEIM

Combine STC-GEIM with least squares methods

Temporal interpolation points
and sensor locations
\Form the observation Vector

GEIM .~ 0 &t " (Least Squares Method
|—.
. 0

ty Ly

Spatio-temporal evolution trajectories

I Predicted state

at tk—i—j

Spatio-temporal basis

Al-Driven Complexity Reduction - Nuclear Digital Twins College de France - 22-24 June 2026 [Bao etal., JCP, 2029] 50/64



Method IV: Spatiotemporal Coupling Least-Squares GEIM
Combine STC-GEIM with least squares methods

e In STC-GEIM, each sensor o is associated with a unique time point o.

e In STC-LS-GEIM, at each sensor location ¢;, we collect measurements at
all M time points {oj} " 1, forming a larger observation set:

{ys = oi(u(, 0, ™)) }jma

e We then solve the following least-squares problem to obtain the
coefficients:

4 = arg min LL ‘yu 27k0:(¢k( OJ))

M
7R J]-l—

Approx.
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Multi-Physics Forecasting

The Challenge

To simultaneously predict the future states of four coupled physical fields
(¢1, P2, P, T) using observations of ¢o only.
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The Challenge

To simultaneously predict the future states of four coupled physical fields

(¢1, @2, P, T) using observations of ¢o only.

f

Single-Physics Forecasting

STD-GEIM
STC-GEIM
STC-LS-GEIM
EDMD-STD-GEIM

\

Vectorial
Extension

Al-Driven Complexity Reduction - Nuclear Digital Twins

Collége de France - 22-24 June 2026

(

Multi-Physics Forecasting

e MP STD-GEIM
MP STC-GEIM

e MP STC-LS-GEIM
MP EDMD-STD-GEIM

N

J

[Bao et al., JCP, 2025]
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The Challenge

To simultaneously predict the future states of four coupled physical fields
(¢1, @2, P, T) using observations of ¢o only.

Solution: Vectorial Extension of GEIM

. Treat (¢1,¢2, P, T) as a vector field.

Build basis functions for all four fields but share the coefficients.

Select sensor locations based on the observable field ¢s.

i -

Use ¢» measurements to determine the coefficients.

U(x, t; ) = [¢1, 62, P, T]' (x, t; 1)
M
U(x, t; ) = > am(t, 1) [y Do Oos O

m=1

]T
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Numerical Results for the IAEA 2D PWR Problem

The temperature field differs significantly in spatial distribution and evolves with a temporal lag compared to the other physical fields.

Bl Regiont [ |~ Region2 |- Region3 * Two-Group Neutron Kinetics (with Precursor Feedback):
.—Region4 D—RegionS ” 5 2
i =V IOV = Ty (D +77 > 1Ty +AC

ket
%% =V - Dy(T)Vo — X (T) b2 + Zs,lg—:);Cbl
* Power Gene;‘ation & Thermal-Hydraulics Heat Equation:
PR 1) =k Zpd,
pcp% = f]}(}VT+ Plet)— e (L)
Cross-Field Parameter Feedback (Doppler & Moderator Effects):

7, t) (N=x%, v (1) =D,
- 130 150 T, t) = Za,g = Za,g = Ya T, Dg = Dg == ’YDT
799 9 @1(8) —— a=o0.9 160 d2(t) —— a=0.9 P(t) —— a=0.9 T() —— a=0.9
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Evolution of four fields at spatial point (30, 30) over time.
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Single-Physics Forecasting: Long-Term Prediction
Numerical Results for the IAEA 2D PWR Problem
L* relerr
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Predict ¢» from t, = 1.0s and show the evolution of error over time.

Goal:

Conclusion:
e EDMD-STD-GEIM (operator-based) is effective for short-term

prediction.
e The spatiotemporal coupled methods (STC-GEIM, STC-LS-GEIM)
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consistently outperform the decoupled approach (STD-GEIM).
[Bao et al., JCP, 2025]
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Single-Physics Forecasting with Noisy Observations
Numerical Results for the IAEA 2D PWR Problem
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Goal: Assess the impact of observation noise on prediction accuracy and
the effectiveness of Tikhonov regularization in reducing error growth.

Conclusion:
e Regularization is crucial for stability.

e STC-LS-GEIM is exceptionally robust, maintaining low error and

stable convergence even with significant noise.
Collége de France - 22-24 June 2026
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Multi-Physics Forecasting (observe @,)

Numerical Results for the IAEA 2D PWR Problem

MP STD-GEIM . MP STC-GEIM
] 10% 47
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8 107" $2 ;
9 ; - p 10734
~ 10724 ]
= T | 104
10-3 ;
\ 1072 3 -
0 10 20 30 0 10 20 30
Number of basis Number of basis
Conclusion:

e Due to the decoupled nature, MP STD-GEIM fails to

temporal lag in the temperature dynamics.

e [he spatiotemporal coupled methods demonstrate strong
performance even for fields with distinct evolutionary trajectories or

spatial distributions.

Al-Driven Complexity Reduction - Nuclear Digital Twins
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Multi-Physics Forecasting (observe ®@,, P or T)
Numerical Results for the IAEA 2D PWR Problem

. observe ¢, . observe P observe T
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Conclusion: The spatiotemporal coupled methods consistently achieve
high prediction accuracy across different observation scenarios.

[Bao et al., JCP, 2025]
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Multi-Physics Forecasting: Long-Term Prediction
Numerical Results for the IAEA 2D PWR Problem
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Conclusion: The long-term
prediction capability of the
spatiotemporal coupled
methods supports
ultra-real-time
forecasting, providing
operators with sufficient
time to respond.
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Test on reactor-scale : HPR1000 xenon oscillation
Long-term delayed coupling in 3D core dynamics

o | o b > HPR1000 xenon oscillation
02 'L’ g
B ° R > Governing Multiphysics System & Sparse Observation
04 a =

B h Neutronics: %% =V - (DV¢)+ [(1 = BwE;—Zu(T) — 0 XX (¢)| 6+ AC
05 D D D D
06 = Thermal-Hydraulics:  pC,% + pC,ii - VI'=V - (kVT) + KX ;¢
Lo ’ ’ ’ - Isotope Poisoning : 3—{ =X ¢ — A, aatﬁ =yx3;0+ Al — (Ax +029)X,
08 D

Sparse Observation: V,,(t) = Cyparse * @(Tsensors t) + €

Power

100 oo
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L? relerr

L? relerr

Ultra-real-time HPR1000 forecasting

Long-horizon multi-physics prediction with sub-second online update
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Offline: high-fidelity trajectories and bases. Online: reduced evaluation.

Online cost for multi-physics forecasting
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Offline / online split

one space-time snapshot

online forecast

B 05

~3991s

High-fidelity cost is offline; online prediction is sub-second.

[Bao et al., JCP, 2025]
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From finite information to margin-informed operation
Complexity reduction turns sparse observations into credible reactor-state knowledge

Sparse Stable reduced Parameter / state Nonlinear reduced  Multi-field trajectory  Credible margin
observations reconstruction inference representation forecasting support
y0b87 M(ll) u, © Xn 7-‘-(:“ ‘ y) AS Zlatent u(ac, t~ k) Asafe
Sparse observations are progressively converted into future state knowledge and safety-margin support.
1. Finite information 2. Uncertainty reduction
Sparse measurements can still identify Reduced inference decreases state,
reactor states in reduced spaces. parameter, and multi-field uncertainty step by step.
3. Reduced dynamics 4. Operational value
Low-dimensional coordinates retain nonlinear Better online estimation supports margin assessment
structure and temporal dynamics. with less unnecessary conservatism.

For nuclear engineeril}g, complexitty reduction is valuable
when it turns finite and imperfect information into credible safety-margin knowledge.

Thank you.
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