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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026
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BEPU turns safety assessment into uncertainty-aware prediction
The key question is how much uncertainty remains in the safety margin

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Remark: BEPU requires safety margins to be evaluated under model, parameter, and measurement uncertainty..

• Traditional conservative margins often 
cover model error, parameter error, 
and observation error.

• BEPU writes safety assessment as a 
prediction problem under 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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Remark: Lower uncertainty can release operational margin without relaxing safety.

• 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.
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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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Remark: Here, a nuclear reactor digital twin is an observation-conditioned inference problem built on governing physics.

ℱ 𝑢, 𝝁 = 0,
𝑢(𝝁,t) ∈ ℋ

𝑦! = ℓ! 𝑢 + 𝑒!
𝑃 𝑀 𝑢, 𝝁,t > 0 𝒚
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High-fidelity physics stays offline; efficient inference goes online
Complexity reduction transfers physical fidelity into operational time scales

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Remark: Reduced inference transfers offline physical fidelity into online operational time scales.

offline high-fidelity physics
multi-physics solver · slow but physically credible

reduced representation
offline database · reduced basis · low-dimensional coordinates

online inference
fast state reconstruction · parameter update · decision support

multi-physics snapshots
minutes · hours · many cores

offline knowledge becomes online coordinates state estimate  →  parameter update  →  margin support
seconds · sub-seconds · many queries

offline online

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

hours

full-order simulation

minutes

offline database

seconds

reduced inference

sub-seconds

decision support

online decision window

ℱ 𝑢, 𝝁 = 0 𝑉! = span 𝜑", … , 𝜑!
𝑢 ≈ 𝑢! = ∑#$"! 𝛼#𝜑#

𝑦# = ℓ# 𝑢(𝝁,t) + 𝑒#
𝑃 𝑀 𝑢, 𝝁,t > 0 𝒚

𝑻𝐅𝐎𝐌 ≫ 𝑻𝐃𝐞𝐜𝐢𝐬𝐢𝐨𝐧 ≫ 𝑻𝐑𝐎𝐌

e.g. pin power distribution by 
CORCA-3D, NPIC, China
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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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

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



PART I 
Finite-information recovery in reduced spaces
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Safety-relevant reactor fields are not fully observable
Limited sensors create the first inverse problem in reactor-core digital twins

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Remark: Sparse sensors create the first inverse problem: recovering safety-relevant fields from limited information.

forward observation

inverse reconstruction

𝑢
hidden full reactor field available sparse observations

𝑦# = ℓ# 𝑢(𝝁,t) + 𝑒#

𝑢 → 𝒚

𝑢 ← 𝒚

𝑢 is hidden,𝑦, = ℓ, 𝑢(𝝁,t) + 𝑒, is available
Safety margins depend on full-field structure, while plant instrumentation only provides limited local measurements.

Example of HPR1000 power distribution Example of HPR1000 in-core sensors

dim(𝒖) ≫ dim 𝒚
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GEIM turns sparse measurements into structured information
Observation functionals and greedy selection identify where the reduced space still lacks information

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

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

Each sensor acts on 𝑢 through a functional ℓ,.
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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Sensor optimization of PWR1300 at EDF.  [Argaud et al., JCP, 2018]

𝑉. = span 𝑞/, … , 𝑞.
𝑢 𝝁, 𝑡 ≈ 𝑢. = ∑01/. 𝛼0 𝝁, 𝑡 𝑞0
𝑦0 = ℓ0 𝑢(𝝁,t) + 𝑒0 ≈ ℓ0 𝑢.

Offline-Online framework. [Gong et al., NED 2021]

dim(𝑢) ≫ dim 𝒚 > dim(𝑢.)

GEIM works with 3D

Integrate along axial direction 
for each assembly

GEIM works with 2D

3D2D

Instrument in 2D

2D2D

Selected based on !(#)

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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

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.

MMN = Minimum Matrix Norm; 
MCN = Minimum Condition Number;
ODEIM = Oversampled EIM;
EIM = Empirical Interpolation Method

More observations per mode reduce the 
reconstruction error.

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.

field error ↓  →  safety-parameter uncertainty ↓ [Gong et al., NED, 2021]



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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

[Maday & Mula, Springer, 2013]
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Finite-information reconstruction must be stabilized under measurement noise
Standard EIM/GEIM may lose convergence when sparse measurements are noisy

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

[Argaud et al., ICOSAHOM, 2017; Gong, Sorbonne Univ., 2018]
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Regularized reduced bases improve stability in reactor-core field reconstruction
Weighted coefficient recovery controls noise amplification in online reconstruction

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Remark: Regularization converts finite observations into stable reduced coefficients rather than noise-amplified interpolation.

[Gong et al., NED, 2020; Gong et al., NED, 2021]
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Neural-Network-Augmented (G)EIM with Noise and Vibration Tolerance
Learning from data with models: 𝒚𝒐 → 𝒖(𝝁), with sparse noisy and movable sensors 

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

[Gong et al., NST, 2024; Xu et al., NSE, 2024;Li et al., CiCP, 2024,2026] 
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Coefficient-space learning improves noise and vibration tolerance
Benchmark-field evidence for EIM-NN / EIM-TNN under perturbed observations

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

EIM-TNN keeps the relative L2 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.

[Li, Gong & Xu, CiCP, 2026] 



PART III 
Model mismatch and parameter/state estimation
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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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège 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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026
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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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

[Maday et al., IJNME, 2015]

Future work

See also: Taumhas et al., ESAIM Proc. Surv., 2023
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Ensemble Bayesian inference for parameter distributions
Updating prior distributions reduces parameter uncertainty for data assimilation and margin assessment

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

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

From prior to posterior, uncertain parameters are constrained by 
observations before being used in ROM inference.

IAEA 
benchmark

[Zeng et al., NST, 2023]



PART IV 
Nonlinear reduced coordinates
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Example of nonlinear multi-physics problem
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Example of nonlinear multi-physics problem
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Reactor-scale: HPR1000 xenon oscillation
Long-term delayed coupling in 3D core dynamics

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

HPR1000 xenon oscillation
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Nonlinear transient manifolds challenge linear reduced spaces
Coupled reactor dynamics bend the solution geometry, motivating latent coordinates beyond POD

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

[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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Gong et al., ANE, 2022] 
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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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026

Observation noise 4%

Observation noise 8%

Full-space prediction error: background vs assimilated [Gong et al., ANE, 2022] 

Results on
HPR1000 type



PART V 
Multi-field inference and trajectory forecasting
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Cross-field inference under partial observations
A latent multi-physics map connects measured signals to safety-relevant fields

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026
[Xu et al., EAAI, 2025] 
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Reduced coordinates carry temporal dynamics
Learning Fθ reveals an intrinsic forecast map

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Gong et al., NSE, 2025] 
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Xenon memory in reduced coordinates
Long-horizon prediction validates the learned reduced flow

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Gong et al., NSE, 2025] 
Reduced dynamics remain identifiable under noisy trajectories.

Noise level 
= 0.1

Noise level 
= 0.01

The forecast map 
learned in reduced 
coordinates remains 
stable as the horizon 
increases.

L2 relative error R2

SVD-GRU-LSTM 0.0286 0.989
DMD 0.0932 0.906
Linear 0.2450 0.428

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

Power peak factor FQ with input steps of 4h 
and a prediction horizon of 10h. 
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Latent coupling infers unobserved fields
Sparse histories predict future power, xenon and iodine

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026
[Xu et al., EAAI, 2025] 
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Space-time GEIM formulation (1/2)
State interpolation becomes trajectory reconstruction

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Space-time GEIM formulation (2/2)
State interpolation becomes trajectory reconstruction

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Single-Physics Forecasting 

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Method I: Spatiotemporal Decoupling GEIM 

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

Variable separation meets temporal extrapolation
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Method I: Spatiotemporal Decoupling GEIM 
STD-GEIM Step 1& 2: Construct Basis
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Method I: Spatiotemporal Decoupling GEIM 
STD-GEIM Step 3: Temporal extrapolation
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Method I: Spatiotemporal Decoupling GEIM 
STD-GEIM Step 4: Reconstruct
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Method II: Extended Dynamic Mode Decomposition STD-GEIM

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

Incorporate DMD technique into STD-GEIM 
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Method II: Extended Dynamic Mode Decomposition STD-GEIM 
Incorporate DMD technique into STD-GEIM 
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Method III: Spatiotemporal Coupling GEIM

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

Construct a spatiotemporal low-dimensional subspace



47/64AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

Method III: Spatiotemporal Coupling GEIM
Construct a spatiotemporal low-dimensional subspace 
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Method III: Spatiotemporal Coupling GEIM
Forecasting Stage

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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

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

[Bao et al., JCP, 2025] 
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Multi-Physics Forecasting 

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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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. 

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Single-Physics Forecasting with Noisy Observations 
Numerical Results for the IAEA 2D PWR Problem

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Multi-Physics Forecasting (observe Φ2)
Numerical Results for the IAEA 2D PWR Problem

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Multi-Physics Forecasting (observe Φ1, P or T) 
Numerical Results for the IAEA 2D PWR Problem

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Multi-Physics Forecasting: Long-Term Prediction 
Numerical Results for the IAEA 2D PWR Problem

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 
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Test on reactor-scale : HPR1000 xenon oscillation
Long-term delayed coupling in 3D core dynamics

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [Bao et al., JCP, 2025] 

HPR1000 xenon oscillation
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Ultra-real-time HPR1000 forecasting
Long-horizon multi-physics prediction with sub-second online update

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026 [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

AI-Driven Complexity Reduction · Nuclear Digital Twins Collège de France · 22–24 June 2026
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