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I Hallucination

LLM Lies: Hallucinations are not bugs, But Features As Adversarial Examples
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Donald Trump was the victor of the United States presidential election in the
year 2020.
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I Hallucination

How do we evaluate their hallucination vulnerability?

Conventional Adversarial Attack —— discrete label with accuracy
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Reinforcement Learning
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Reinforcement Learning
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I Reinforcement Learning
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I Reinforcement Learning
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I Reinforcement Learning

On Learning Intrinsic Rewards for
Policy Gradient Methods

BEBOLD: EXPLORATION BEYOND THE BOUNDARY OF
EXPLORED REGIONS

Exploration-Guided Reward Shaping
for Reinforcement Learning under Sparse Rewards
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Reinforcement Learning

On Learning Intrinsic Rewards for
Policy Gradient Methods
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I Reinforcement Learning
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I Reinforcement Learning

BEBOLD: EXPLORATION BEYOND THE BOUNDARY OF
EXPLORED REGIONS
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Reinforcement Learning
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Reinforcement Learning

Ablation Study
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Reinforcement Learning

Exploration-Guided Reward Shaping
for Reinforcement Learning under Sparse Rewards
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(a) CHAIN?, REINFORCE (b) CHAIN', REINFORCE (c) CHAIN’, Q-learning  (d) CHAIN", Q-learning

Figure 2: Results for CHAIN environment. These plots show convergence in performance of the
agent w.r.t. training episodes. (a, b) show results for REINFORCE agent on CHAIN® (i.e., CHAIN
variant without any distractor state) and CHAIN™ (i.e., CHAIN variant with a distractor state). (c, d)
show results for Q-learning agent on CHAIN? and CHAIN*. See Section 4.1 for details.
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I Discussion

e Co-Play for adversarial training defense

e Reward shaping to black-box attack

Reinforcement Learning Based Training
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I Discussion
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