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. The Issue of Noisy Rewards

o We formulate internally rewarded RL (IRRL), where the reward for policy . Oracle reward: rf‘og = log p(y \ 7-) — log p(y) . We conduct experiments on three tasks:
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Internally Rewarded RL S st ¥ » To demonstrate the impact of reward :
: Pretrained and fixed E noise on the learning process. . We compare the proposed clipped linear reward with alternative reward
External Z ——— v - functions, including the clipped logarithmic reward and accuracy-based
=nvironment >| Discriminator ¢ |—»q5(y|7) ~— . reward. On the unsupervised skill discovery task, we additionally compare
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The agent-environment interaction loop of IRRL. Different from conventional RL - . . : RAM on hard attention for digit recognition DT-RAM on hard attention for digit recognition
settings, where rewards depend exclusively on the external environment, in IRRL : Reward Noise Moderation o Lo
rewards are determined by a reward model, which resides in the internal Z : — “libpediogarithmic + P15 | 100 T T T
environments. - Since the noisy reward is a transformation of 44 (¥ 1 7), itis reasonable to study ;1097 N Y - N \ o o O N v =v v=/ o A
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Observations Rewards _ . _ _ . C . 5 — A 5 5 5 5 i 5 A0 4 fffi PP :
; / rewards, and in turn, an immature policy yields - Discriminator noise: i= qqs(y \ T) — p(y | 7’) : 204/ T - o — — I Clipped logarithmic
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In IRRL, the policy and the discriminator are optimized simultaneously with variance than the : Unsupervised skill discovery Robotic obiect counting
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different optimization objectives: ; +9'(p(y [ 7))g" (p(y | 7))Cov 4, 5°] logarithmic reward - The proposed clipped linear reward function consistently stabilizes the

. B0 learning process and achieves faster convergence and higher performance
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