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Background

•  SMR은 기존 대형 PWR의 base-load 운전과 달리 daily load-following, 산업용 열병합, 마이크로그리드 등 유연운전 요구

•  Plant gain이 출력 범위에 따라 ~10× 변화, Xe-135 slow drift (τ≈9h)로 고전 PID 한계

Goal

•  24-state digital twin → RL 학습 환경 및 PINN 학습 데이터 생성

•  PINN surrogate → 해석적 미분 ∂f/∂u, MBPG (10× 수렴 가속)

•  SAC-CMDP + CBF → 안전 제약의 통계적 + 결정론적 보장

•  Ensemble → PID + SAC + PINN feedforward + CBF 4-layer 계층 통합
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Data Generation

24-State

Digital Twin
→ 500 Transient

Trajectories
→ PINN Training

(DeepXDE)
→ PINN Surrogate

NRMSE≤2.8%
→ ∂f/∂u

Jacobian

RL Training (Curriculum)

BC

Warm-Start
→ Relaxed

CMDP
→ Zero-Viol.

CMDP+CBF
→ CMA-ES

Distillation
→ 18-param

Deployable

Deployment (Ensemble)

Ensemble Controller

Layer 1: PID

(Rod Control)
+

Layer 2: SAC

(BOP Schedule)
+

Layer 3: PINN

(Feedforward)
→ Layer 4: CBF-QP (Safety Filter)

→ u_ens (safe output)
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ẋ = f(x, u; θ),   x ∈ ℝ²⁴,   u = [ρ_rod, W_feed, T_feed]ᵀ   — NuScale-class 160 MWt

Neutronics

•  Prompt-jump: n=βC/(β−ρ), delayed precursor ODE

•  Feedback: αD=−2.5 pcm/K, αM=−20 pcm/K

Thermal-Hydraulics

•  3-node lumped model: Tf, Tm, Th/Tc

•  Natural circulation, Pressurizer P & level

BOP

•  SG pressure/level, governor valve + turbine

•  Condenser dynamics

Fission Products

•  I-135 → Xe-135 chain (τ_Xe ≈ 9 h)

•  Post-transient reactivity drift

RK4 @ 1 Hz | 500 trajectories (15 power × 6 ramps × 8 steps × 10 Xe) | 400 train / 100 val
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[t, x(t₀), u(t)] → x(̂t)  |  8-layer ResNet, 256/layer, tanh  |  DeepXDE (DD-PINN)

Composite Loss

ℒ = λ₁ℒ_data + λ₂ℒ_PDE + λ₃ℒ_BC + λ₄ℒ_IC

•  ℒ_data: trajectory matching

•  ℒ_PDE: ODE residuals via AD

•  ℒ_BC/IC: boundary & initial cond.

•  λ₁–λ₄: GradNorm balancing

State Variable NRMSE(%)

Neutron power 1.2

Coolant T 0.9

Xe-135 (12h) 2.8

Pressurizer P 1.5

SG sec. T 1.8

Overall 2.1

핵심: Model-Based Policy Gradient

∇_θ J(θ) = E[ ∇_θ log π_θ(a|s) · ∇_a Q(s,a) · ∂f_PINN/∂a ]

•  Exact gradients via AD → ~50k episodes vs ~500k (10× improvement)
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max_π E[Σγᵗr(sₜ,aₜ)]    s.t.  E[Σγᵗcᵢ(sₜ)] ≤ 0

State (s ∈ ℝ³⁰)

24 plant + P_ref, dP/dt, ∫e dt, d[Xe]/dt, time, u_{t−1}

Action (a ∈ ℝ³)

ρ_rod (±0.5 pcm/s), W_feed (0.5–1.5×), T_feed (±5 K)

Reward

−0.6|e_P| − 0.25(η_max−η) − 0.10‖Δa‖² − 0.05·DNBR pen.

Hard Safety Constraints

c₁: DNBR ≥ 1.3

Thermal margin

c₂: T_clad ≤ 344°C

Cladding

c₃: |dP/dt| ≤ 5%/min

Ramp rate
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Control Barrier Function

h(x) = min{ DNBR−1.3, 344−T_clad, 0.05−|dP/dt| }

u* = argmin ‖u−u_nom‖²  s.t. ḣ(x,u)+α·h(x)≥0

✓ Convex QP <1 ms (OSQP)

✓ <2% intervention steady / ~15% transients

✓ PINN Jacobian for ḣ

Curriculum Learning

Stage 1: BC Warm-Start

PID demos, Violation: 45%→3%

Stage 2: Relaxed CMDP

dᵢ>0→0 annealing, α: 0.2→0.05

Stage 3: Zero-Viol.+CBF

Hard constraints, deterministic

3-Layer Safety: ① Reward shaping → ② CMDP Lagrangian → ③ CBF-QP (deterministic)
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u_ens = CBF-QP( u_PID^rod + u_SAC^BOP + u_PINN^ff )

Layer 1

Rod Control (PID)

Kp=−5×10⁻³, Ki=−1×10⁻³

2.5× gains (CBF bounded)

Fast tracking

Layer 2

BOP Schedule (SAC)

SAC-CMDP learned policy

Neural gain-schedule

Adaptive scheduling

Layer 3

PINN Feedforward

30-step horizon predict

Xe drift, SG lag comp.

Anticipatory comp.

Layer 4

CBF Safety (QP)

Certifies composite cmd

Math safety guarantee

Certified safety
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Controllers

•  PID (Baseline): Kp=−2×10⁻³, Ki=−3.5×10⁻⁴

•  SAC-CMDP: 18-param CMA-ES policy

•  Ensemble: Aggressive PID + SAC-BOP + PINN-ff + CBF

Test Scenarios

•  Scenario 1: ±20% step (100%→80%→100%, 700 s)

•  Scenario 2: 5%/min ramp (100%→50%→100%)

•  3000 s, noise σ_n=0.1%, σ_T=0.5 K

Model–Plant Mismatch (10%)

Param Mismatch

UA_fm ×0.90

α_D ×1.15

ṁ_nom ×0.95

UA_sg ×0.92
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Results — Power Tracking (±20% Step)
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Results — Power Tracking (5%/min Ramp)
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Results — Quantitative Comparison
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Scenario Controller IAE RMSE(%) e_max(%) DNBR_min

±20% Step PID 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
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PID 한계

•  ~200 s settling, persistent offset

•  GM 6→3.5 dB at 80% power

•  Single tuning for full range ✗

SAC-CMDP 특성

•  Rod gains 2× at high power

•  FW band ±15%→±5% adaptive

•  Implicit integral via ∫e dt

Ensemble 시너지

•  2.5× PID gains (CBF bounded)

•  PINN FF: Xe pre-comp, RMSE 0.40%

•  DNBR_min=2.153 ≫ 1.3

Sample Efficiency: MBPG → ~50k ep. (10×)  |  BC warm-start: violation 45%→3%
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1
Reward Shaping

Training-time soft penalty: −w₄·max(0, 5%−DNBR margin)

2
CMDP Lagrangian

Statistical: dual multipliers λᵢ enforce E[Σγᵗcᵢ] ≤ 0

3
CBF-QP Filter

Deterministic: mathematical certification at every timestep

✓ All controllers: DNBR ≥ 2.15–2.58 — Zero safety violations
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주요 기여

•  24-state digital twin → RL 학습 환경 및 PINN 데이터 생성

•  PINN surrogate → 10× sample-efficient MBPG

•  Ensemble: PID 대비 75.6% / 73.5% IAE 감소 (step/ramp)

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

•  RL + classical control = 상호보완적 시너지

향후 연구

•  Turbine trip & LOFW 시나리오 확장

•  PINN epistemic uncertainty (MC-Dropout)

•  Multi-module SMR coordination

•  Sim-to-real transfer learning
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