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Figure 3: Regrets of PSRL, f-Rmax and DORL on circle and three-leg MDP with a size 4, 7. For
PSRL, ¢ = 0:75. For f-Rmax, m = 300; 500, 500, 500and for DORL, ¢ = 0:03in Circle 4, Circle 7,
Three-leg 4, Three-leg 7, respectively.

Regret

the set f 0:05; 0:1; 0:3; 0:75; 1; 5; 20g. The choice of hyper-parameters is based on the fact that our
regret analysis bounds the worst-case scenario, which lead to over-exploration, while in practice the
level of exploration should be lower. For f-Rmax, m, the number of visits needed to be known are
chosen from 100, 300, 500, 700 and the best choice is selected for each experiment.

For the approximate planner used by our algorithm, we implement approximate linear programming
(Guestrin et al., 2003) with the basis h;j (S) = s; fori 2 [m]. For regret evaluation, we use an accurate
planner to find the true optimal average reward.

We compare three algorithms on computer network administrator domain with a circle and a three-leg
structure (Guestrin et al., 2001; Schuurmans and Patrascu, 2002). To avoid the extreme case in our
lower bound, both the MDPs are set to have limited diameters. The details on the environment are in
Appendix E.

Figure 3 shows the regret of the two algorithms on circle and three-leg structure with a size 4, 7,
respectively. Each experiment is run 20 times, with which median, 75% and 25% quantiles are
computed. Our DORL and PSRL have very similar performance in all the environment except
for Three-leg with a size 4. Optimal hyper-parameter for PSRL and DORL is stable in the way
that c around 0.75 and 0.03 are the optimal parameter for PSRL and DORL respectively for all the
experiments. Note that we use the exact, not approximate, optimal reward in regret evaluation. So we
see that DORL and PSRL was always able to find a near-optimal optimal policy despite the use of an
approximate planner.

7 Discussion

FSRL relies on a harder computational oracle that is not efficiently solvable yet. Fruit et al. (2018)
achieved a regret bound depending on span using an implementable Bias-Span-Constrained value
iteration on non-factored MDP. It remains unknown whether FSRL could be approximately solved
using an efficient implementation.

In non-factored MDP, Zhang and Ji (2019) achieved the lower bound of P DSAT . On the lodver
bound of FMDBP, it remains an open problem to close the remaining gap involving W and = Q.
Recently, Sadegh Talebi et al. (2020) improyed the exploration using a Berstein-style confidence
set and was able to reduce the extra term on W . However, their algorithm depends on the harder
planning oracle on bounded FMDP. UCRL3 (Bourel et al., 2020) improves the dependence on actions
and states by restricting the set of successor states of the state-action pair on non-factored MDP. We
believe this construction is quite independent from the FMDP construction and the similar adaptation
can easily be applied. Our algorithms require the full knowledge of the graph structure of the FMDP,
which can be impractical. The structural learning scenario has been studied by Strehl et al. (2007);
Chakraborty and Stone (2011); Hallak et al. (2015). Their algorithms either rely on an admissible
structure learner or do not have a regret or sample complexity guarantee. Recently, Rosenberg and
Mansour (2020) proposed an oracle-efficient structure learner with regret guarantee.



8 Broader Impacts

As a theoretical paper, we can not foresee any direct societal consequences in the near future. Factored
MDP, the main problem we study in this paper, may be used in multi-agent Reinforcement Learning
scenario.
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