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Background
Standard RL v.s. Maximum Entropy RL
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MaxEnt Policy Optimization Strategies
e Soft Actor Critic HalfCheetah
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[1] Haarnoja et al. Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor, ICML 2018



Is entropy always superior?
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Why Failures?

Policy optimization can be misled by entropy

low-entropy policy is required on
critical states to ensure success
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Toy Example

Standard RL
n(a € Ay |sy) > n*(a € A, | sp)

MaxEnt RL
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Entropic Bifurcation Extension
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How Entropy Misleads?

e Method: Investigating Q-value Landscapes

Train soft-Q (used for optimization) and plain-Q networks with SAC
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Benefits of Misleading Landscapes

e Entropy smooths the Q landscapes
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Can Adaptive Entropy improve?

« SAC-AdaEnt: Adaptively using ), and (), ., as target

Algorithm 1 SAC with Adaptive Entropy (SAC-AdaEnt)

Initialize: Actor network mg, Q networks and their paired target networks for Q-target with/without entropy

D1, P2, Ptarg,1; Ptarg,2 (W/ entropy), @1, @, Gtarg 15 Prarg,2 (W/O entropy), replay buffer D, similarity threshold e
for each training step do

Sample action a; ~ mg(a;|s;) and observe s;, 1,7y
Store (s, as,7¢, S¢.41) in replay buffer D
for each gradient update step do
Sample minibatch of transitions (s, a,r, s) from D
Compute target value:

y=r+'r(31{11252@(8',61’)—alogWe(a'IS’)) y —r+7( in Q,

Update Q networks:
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For each s, sample actions using current policy A; = {as|as ~ mg(:|s)}
Compute similarity score:

A
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m(QQ) = (T Y A = [miQutea| L @)= [minuteen

1=1,2 :|as~7ro(a|s)

Update actor policy using reparameterization trick:

00— 1y VoEou amn, alogmg(als) — Qqe, (s,a), if sim(g, Q') > e
' alog mg(als) — Qg (s,a), otherwise
Update target networks:
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end for
end for
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e We identify a critical failure mode of MaxEnt RL (e.g., SAC) in precision-demanding
control tasks.

e We propose Entropic Bifurcation Extension, a theoretical framework explaining how
entropy can mislead policy optimization.

* We analyze the Q-value landscapes of soft and true Q-values, and visually
demonstrate how entropy causes the policy to favor suboptimal actions.

e \We propose -AdaEnt, an adaptive entropy strategy that outperforms MaxEnt RL in
tasks where it falls.




