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Motivation
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• Approximate value functions are key to the success of deep RL

• Optimism vs. pessimism: both have drawbacks + advantages

• How can we figure out which is best?



Summary + Contributions
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• Demonstrate that the e�cacy of optimism varies both across
environments and over the course of training

• Introduce a novel framework for value estimation, Tactical Optimism
and Pessimism (TOP)

• Adaptively updates its degree of optimism by modeling the choice as a
multi-armed bandit problem

• Augmenting popular algorithms with TOP leads to state-of-the-art
results



RL Background
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• Assume an agent is acting in an MDP (S,A, r,p, γ)

• Running the policy in an episodic/finite horizon task of length T
produces trajectories τ = (s1,a1, r1, . . . , sT ,aT , rT)

• Maximize J(θ) = Eπ [Z(τ)] = Eπ
[∑

t γ
trt
]

* figure adapted from http://rail.eecs.berkeley.edu/deeprlcourse/



The Actor-Critic Framework

• Actor, πθ: a deterministic policy
• Critic, Qπθ

φ : evaluate actor,

Qπθ

φ (s,a) := Eπ [Zt|st = s,at = s] (0.1)

• How to train?
• Actor: ∆θ ∝ ∇θJ(θ) = Eπ

[
∇aQπθ

φ (s,a)|a=π(s)∇θπθ(s)
]

• Critic: given a transition (st,at, rt, st+1),

∆φ ∝ ∇φ
1
2‖ yt − Q

πθ

φ (st,at)︸ ︷︷ ︸
:=δt

‖2
2 (0.2)

where yt = rt + γQπθ

φ−(st+1, πθ(st+1))

• Distributional RL: represent distribution of Zπ , not just mean [1]
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Optimism vs. Pessimism
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• Problem: Function approx. biases critic towards overestimation [5]
• Solution: build a pessimistic target using 2 critics [3]:

yt = rt + γ min
i∈{1,2}

Qπθ

φi
(st+1, πθ(s) + ε), ε ∼ clip(N (0, s2),−c, c) (0.3)

• Problem: pessimistic critics can result in underexploration [2]
• Solution: use an optimistic upper-bound on the value [2]
• Confusing...
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TOP: Tactical Optimism and Pessimism
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• Distinguish between and represent two types of uncertainty:
• Aleatoric uncertainty: noise inherent to the world/task
• ⇒ represent using distributional value estimation Z ∼ Zπ(s,a)

• Epistemic uncertainty: noise due to lack of knowledge about the world
• ⇒ represent using an ensemble of k = 1, . . . ,K critics
• We use these estimates to construct a belief distribution Z̃π(s,a):

q(k)

Z̃π(s,a)
= q(k)

Z̄π(s,a)
+ βq(k)

σ̂(s,a) (0.4)

• β ∈ R then determines the degree of optimism



TOP: Tactical Optimism and Pessimism
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• Q: How to choose β?
• A: Evaluate β by its e�ect on performance!
• Model choice as a bandit problem:

• Choose from {βd}Dd=1 by sampling a decision dm ∈ {1, . . . ,D} for episode m
• dm ∼ pm(·), where pm(d) ∝ exp(wm(d))

• Update arm weightings:

wm+1(d) =

wm(d) + η fm
pm(d) if d = dm

wm(d) otherwise,
(0.5)

• Feedback fm is change in performance:

fm = Rm − Rm−1 (0.6)



Experiments: State-based Control
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TOP + TD3 [3]:
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Experiments: State-based Control
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TOP + TD3 [3]:
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Experiments: Pixel-based Control
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TOP + RAD [4]:
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Experiments: Pixel-based Control
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TOP + RAD [4]:
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Experiments: The Impact of Adaptive Optimism
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Summary
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• It’s di�cult to know set the correct degree of optimism

• TOP is an adaptive, uncertainty-based method which does it for you

• TOP boosts SOTA performance on state- and pixel-based control

• Adding TOP requires only ∼ 10 lines of Python code



Thank you!
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