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Pessimism seems key in achieving 
robustness.

🤔 Can we get it without solving a constrained optimization problem?



“optimism in the face of uncertainty (OFU)”



What if, instead of adding the UCB 
bonus, we subtract it?
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â := argmaxaµ̂(a)�
p
ln(KN/�)/N(a)

The Lower-Confidence Bound Algorithm?

What can we achieve?
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What can we achieve?

Against any comparator arm 𝑎, the arm "𝑎 we pick 
will have a reward at least

𝜇 𝑎 − 𝜇 "𝑎 ≤ ln
𝐾𝑁
𝛿

/𝑁(𝑎)

“pessimism in the face of uncertainty (OFU)”

The Lower-Confidence Bound Algorithm?
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In the bandit setting: C†
⇡⇤ = sups,a

d⇡(s,a)
d⇡b (s,a) = 1/d⇡b(a)



LCB achieves the same effect as 
Constrained Policy Optimization! 





LCBVI: Pessimistic Model-based Learning

𝒓𝒉 − 𝒃𝒉 𝒉"𝟏
𝑯%𝟏

LCBVI achieves the same type of guarantee as CPPO!



One of the most important observations in RL:

The symmetry between
online (optimism) and offline (pessimism)

learning



• Any reward bonus-type exploration mechanism can be 
immediately turned to a robust-learning mechanism in offline RL.

• Psuedo-based bonus
• Hashmap-based bonus
• Uncertainty-estimation
• Random Network Distillation (RND)
• …

• All you need to do in your code: change the “+” sign to “-”



Some other approaches from the Empirical Community:

1. KL regularization: !𝝅 = 𝐚𝐫𝐠𝐦𝐚𝐱 𝑱𝑫 𝝅 + 𝜶 ∗ 𝐊𝐋 𝝅 𝝅𝒃

(Requires the knowledge of the data collecting policy)

Equivalent to running TRPO/PPO on the offline data and use 𝜋#
as the reference policy to calculate the regularizer.

This is how ChatGPT is trained!



Some other approaches from the Empirical Community:

1. KL regularization: !𝝅 = 𝐚𝐫𝐠𝐦𝐚𝐱 𝑱𝑫 𝝅 + 𝜶 ∗ 𝐊𝐋 𝝅 𝝅𝒃

ü Pro: able to regularize the learned policy.
ü Pro: Extremely easy to implement

Con: Can’t realize the full potential of the offline data.

Recall the “stitching” effect:



Some other approaches from the Empirical Community:

1. KL regularization: !𝝅 = 𝐚𝐫𝐠𝐦𝐚𝐱 𝑱𝑫 𝝅 + 𝜶 ∗ 𝐊𝐋 𝝅 𝝅𝒃

• This is also called advantageous imitation learning:

• The KL term alone would be imitation learning
• The first term tries to improve upon the behavior policy in a KL-

restricted neighborhood.



Some other approaches from the Empirical Community:

2. Conservative Q-learning (CQL)
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Some other approaches from the Empirical Community:

3. There are many more…



Is that all?

• Given a dataset of transition 𝐷 = 𝑠!, 𝑎!, 𝑠!", 𝑟! !#$:&.

• Find the “best possible” policy 𝜋'.

( , )!:#

🤔 Is this really the right objective?


