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Introduction

When a learning algorithm requires as few data samples as possible, it is called
sample efficient. Recently, Jin et al. introduced the first provably efficient modelfree reinforcement learning (RL) algorithm [1]. Later, a few other sample-efficient
model-free algorithms were developed [4, 3]. The key factor that allows these
algorithms to achieve sample efficiency is their use of the principle of optimism
in the face of uncertainty.
The paper studies the effect of optimism on sample efficiency of RL. It
presents a generalized theory on optimistic model-free RL, unifying the existing algorithms. Using this theory, we establish sample efficiency of optimistic
Q-learning by showing that its regret grows sub-linearly with respect to the
number of samples. Moreover, we show that the regret of optimistic Q-learning
can be explained by three distinct factors.
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Generalized Optimistic Q-Learning

In learning, optimism is used in two ways: optimistic initialization and optimistic
exploration. We look at the existing optimistic model-free RL methods [1, 4, 3]
to see how they incorporate these aspects of optimism.
In initialization, large values are assigned to all state-action combinations.
This guarantees that actions never chosen before seem especially lucrative. When
such initialization is not possible (e.g., in deep RL), the Q-values of unvisited
states are augmented with a bonus term that we call a bonus for optimism.
Optimistic exploration is done by using upper confidence bounds (UCBs)
on state-action values. In each interaction, the action with the highest UCB is
chosen. This happens either if the true optimal value is high, or if there is not
enough confidence in it yet. In the former case, the agent essentially performs
?
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exploitation, as the chosen action is the best one. The latter case represents exploration, because an action with high uncertainty in its outcome is chosen. Thus,
UCBs help to automatically balance exploration and exploitation. To maintain
the UCBs, a confidence bonus is added to the Q-values during learning.
We incorporate these bonuses in an algorithm that we call generalized optimistic Q-learning and perform a theoretical analysis of its sample efficiency.
Unlike previous results, our analysis does not rely on the particular form of the
bonuses to determine whether the resulting algorithm is sample efficient or not.
The general form we use allows us to show that the total regret R of optimistic
Q-learning is asymptotically bounded by the sum of three different terms:

R = O µ(X + B + E) .
(1)
The state-action space size X represents the effect of the optimistic initialization,
as the number of initial values is equal to X. The bonus effect B depends on the
bonuses for optimism and for confidence. The last term E represents the required
number of interactions with the environment to ensure that all of the possible
outcomes are experienced with high probability. The magnitude µ depends on
the reward range and the discounting factor and represents the scale of Q-value.
The formal proof of this regret bound relies on some mild necessary conditions. They can be found in the paper along with the formal definitions of
the terms µ, X, B, and E and the proof itself. The paper also gives an example of a new algorithm designed within the generalized optimistic Q-learning
framework. This algorithm, called UCB-H+ , is similar to UCB-H [1], but uses a
different learning rate. Using the theoretical framework of the paper, we prove
that it is sample-efficient. Then we evaluate UCB-H+ in two experiments, which
demonstrate a regret reduction of 13% and 43% compared to UCB-H.
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Conclusions

Generalized optimistic Q-learning incorporates existing optimistic model-free
reinforcement learning, and our proof does not rely on a particular form of
learning rate or bonuses, allowing transfer of these results to new algorithms.
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