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Introduction

Background

« SMR2 7|Z& ¥ PWRS| base-load 2 1} = 2| daily load-following, A28 Q&% 00|32 2122 § {9
+ Plant gainO| =& HH 2|0 2} ~10x B3}, Xe-135 slow drift (1=9h)Z 117 PID oHA|

Mo

>
to
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Goal

+ 24-state digital twin — RL &

>
riot

14 SLPINN &5 H|O[E 48

+ PINN surrogate — Sii A& O| 2 of/ou, MBPG (10

X
o
o
N
£L>

- SAC-CMDP + CBF — Q7 H|O0| X + AYEXN &

+ Ensemble — PID + SAC + PINN feedforward + CBF 4-layer A% £¢%t

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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System Architecture Overview

Data Generation

24-State 500 Transient PINN Training PINN Surrogate oflou
Digital Twin Trajectories (DeepXDE) NRMSE=2.8% Jacobian

RL Training (Curriculum)
BC N Relaxed N Zero-Viol. N CMA-ES N 18-param
Warm-Start CMDP CMDP+CBF Distillation Deployable

Deployment (Ensemble)

Ensemble Controller

(';::fgfzw':'a':; N Layer 4: CBF-QP (Safety Filter)

Layer 1: PID + Layer 2: SAC +
(Rod Control) (BOP Schedule)

> u_ens (safe output)

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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24-State Digital Twin

x = f(x, u; 9), X € R24, u=[p_rod, W feed, T feed]™ — NuScale-class 160 MWt
Neutronics Thermal-Hydraulics
* Prompt-jump: n=BC/(B—p), delayed precursor ODE * 3-node lumped model: Tf, Tm, Th/Tc
* Feedback: aD=-2.5 pcm/K, aM=-20 pcm/K » Natural circulation, Pressurizer P & level
BOP Fission Products
» SG pressure/level, governor valve + turbine * 1-135 — Xe-135 chain (1_Xe =9 h)
» Condenser dynamics » Post-transient reactivity drift

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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PINN Surrogate Model

[t, x(to), u(t)] » x(t) | 8-layer ResNet, 256/layer, tanh | DeepXDE (DD-PINN)

Composite Loss State Variable NRMSE(%)

L = A L_data + A,L_PDE + A3L_BC + AsL_IC Neutron power

Coolant T

« [_data: trajectory matching Xe-135 (12h)
e_

* L PDE: ODE residuals via AD
» L BC/IC: boundary & initial cond.

Pressurizer P
* A—A4: GradNorm balancing SGsec. T
Overall

g &: Model-Based Policy Gradient
V.6 J(8) = E[ V.O log m 6(als) - V_a Q(s,a) - of PINN/da ]

» Exact gradients via AD — ~50k episodes vs ~500k (10x improvement)

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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SAC-CMDP Formulation

max_mn E[Zy*r(s¢,ay)] s.t. E[Zy*ci(sy)] < ©

State (s € R*) Hard Safety Constraints

24 plant + P_ref, dP/dt, e dt, d[Xe]/dt, time, u_{t-1}
Cci: DNBR 2 1.3

Action (a € R?) Thermal margin

p_rod (£0.5 pcm/s), W_feed (0.5-1.5x), T_feed (5 K) c2: T_clad < 344°C
Cladding

Reward cs: |dP/dt| < 5%/min

-0.6le_P| - 0.25(n_max-n) — 0.10llAall> - 0.05-DNBR pen. Ramp rate

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control



KNS 2026 Spring

CBF Safety Filter & Curriculum Learning
Control Barrier Function Curriculum Learning

h(x) = min{ DNBR-1.3, 344-T clad, 0.05-|dP/dt]| } Stage 1: BC Warm-Start
u* = argmin |lu-u_nom||2 s.t. R(x,u)+a-h(x)20 D alamee, VIRlEenE S5Y—
v Convex QP <1 ms (OSQP) Stage 2: Relaxed CMDP
v/ <2% intervention steady / ~15% transients di>0-0 annealing, a: 0.2—0.05

v PINN Jacobian for h
Stage 3: Zero-Viol.+CBF

Hard constraints, deterministic

3-Layer Safety: (1) Reward shaping — (2) CMDP Lagrangian — (3) CBF-QP (deterministic)

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Ensemble Controller Architecture

u_ens = CBF-QP( u_PID”rod + u_SAC”BOP + u_PINN~ff )

Rod Control (PID) BOP Schedule (SAC) PINN Feedforward CBF Safety (QP)
Kp=-5x1073, Ki=—1x1073 SAC-CMDP learned policy 30-step horizon predict Certifies composite cmd
2.5x gains (CBF bounded) Neural gain-schedule Xe drift, SG lag comp. Math safety guarantee
Fast tracking Adaptive scheduling Anticipatory comp. Certified safety

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Experimental Setup

Controllers Model-Plant Mismatch (10%)
+ PID (Baseline): Kp=-2x10", Ki=-3.6x10™ | Paam | Mismach |
UA f .
- SAC-CMDP: 18-param CMA-ES policy = x0.90
a_D x1.15
* Ensemble: Aggressive PID + SAC-BOP + PINN-ff + CBF f_nom %0.95
UA_sg x(0.92

Test Scenarios

» Scenario 1: £20% step (100%—80%—100%, 700 s)
* Scenario 2: 5%/min ramp (100%—50%—100%)
* 3000 s, noise 0_n=0.1%, c_T=0.5K

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Results — Power Tracking (¥20% Step)

Load-Following Power Tracking — step 20

Normalised power n/ng

== = Load demand — PID SAC —— Ensemble

(o] 500 1000 1500 2000 2500 3000

40 -

Tracking error [%]
®
(=] o

o 500 1000 1500 2000 2500 3000
Time [s]

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Results — Power Tracking (5%/min Ramp)

Load-Following Power Tracking — ramp 5
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CBF Safety Filter Intervention Frequency

Fig. 4. CBF safety filter intervention frequency — +£20% step scenario
(Ensemble controller, 10% model-plant mismatch, 30-step sliding window)
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Results — Quantitative Comparison

IAE RMSE (%)
40 - 34 31 2.4
27
30 2 - 15 1.6
20 - ' 1.0 09
9 1 - :
o B Pl | R
0 - T 0 = !
+20% Step 5%/min Ramp +20% Step 5%/min Ramp
PID mSAC-CMDP mEnsemble PID mSAC-CMDP ™ Ensemble
+20% Step 27.27 2.44 16.2 2.577
SAC-CMDP 16.66 1.00 15.4 2.430
Ensemble 6.65 1.54 40.4 2.153
5%/min PID 34.47 1.59 5.0 2.577
SAC-CMDP 17.68 0.89 10.7 2.560
Ensemble 9.14 0.40 5.0 2.579

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Results — Control Inputs Comparison

Control Inputs — step_20

—  PID SAC ~— Ensemble

Lt LaLiniaintt. L A f it - Y T r-rt ™ | i
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PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Results — Control-Theoretic Analysis

PID THA| SAC-CMDP £ Ensemble A|L{X]|

» ~200 s settling, persistent offset * Rod gains 2x at high power » 2.5x PID gains (CBF bounded)

* GM 6—3.5 dB at 80% power * FW band +15%—+5% adaptive * PINN FF: Xe pre-comp, RMSE 0.40%
« Single tuning for full range X « Implicit integral via [e dt * DNBR_min=2.153 » 1.3

Sample Efficiency: MBPG — ~50k ep. (10x) | BC warm-start: violation 45%—3%

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Three-Layer Safety Guarantee

Reward Shaping

Training-time soft penalty: —-w,-max(0, 5%—-DNBR margin)
CMDP Lagrangian

Statistical: dual multipliers Ai enforce E[Zytci] < 0
CBF-QP Filter

Deterministic: mathematical certification at every timestep

v All controllers: DNBR 2 2.15-2.58 — Zero safety violations

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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Conclusion

=279

* 24-state digital twin — RL 2}& 24 3 PINN Gi|O|H 44

PINN surrogate — 10x sample-efficient MBPG
Ensemble: PID CHH| 75.6% / 73.5% IAE Zf 2~ (step/ramp)

3-layer safety: zero violations, DNBR = 2.15 under 10% mismatch

RL + classical control = A3 H 2™ A| L X|

$3 oln

o
+ Turbine trip & LOFW A|L}2| <2 =H&
* PINN epistemic uncertainty (MC-Dropout)
* Multi-module SMR coordination

* Sim-to-real transfer learning

PINN-Based Digital Twin and Safe Reinforcement Learning for Autonomous SMR Load-Following Control
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