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2. Pre-training
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3. Reinforcement Learning
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3. Reinforcement Learning
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3. Reinforcement Learning
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3. Implementation

ASI Reward
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3. Implementation

RL training: reward rises 51.1 - 83.3 (+63%) and mean |ASI| stays bounded — actor unfreezes after iter 5
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4. Results

2

4-layer stacked time-series — ITER 1 (frozen) vs ITER 50 (trained), 8 episodes per iter (mean + band)
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Layer 3 — ASI (axial shape index, |AS1|<0.2 = safe)
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Thank You

Questions & Discussion

Junhyeong Bang | bjun201gosegulv@kaist.ac.kr

NICA Lab - Dept. of Nuclear and Quantum Engineering - KAIST
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