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Introduction
The main motivation of this study is to employ state-of-the-art Monte Carlo methods to construct a
sample-ecient online reinforcement learning (RL) algorithm. In this paper, we introduce a policy
iteration method where policy is evaluated with sequentially interacting Markov chain Monte Carlo
(SIMCMC) [1] for discrete time model-based RL with continuous state space. In the scope of this
paper, we assume that the transition model and the reward function are known.

Problem and Approach
Toussaint and Storkey [2] proposed an equivalent probabilistic inference problem to RL and derive
the corresponding EM algorithm. Hence, it generates a probabilistic policy iteration scheme as
the following update equation,

π (k+1) ← arg max hlog P (r = 1, x0:T , a0:T ; π)iP (x0:T ,a0:T |r=1;π(k) )
π

(1)

with assuming reward r ∈ {0, 1} without loss of generality where x0:T ,a0:T are xed-length state,
action trajectories respectively and π denotes the policy.
However, calculating the expectation in (1) at the E-step is intractable. Hence, we derived a
SIMCMC method that samples from the posterior P (x0:T , a0:T |r = 1; π (k) ) in order to estimate it.
For this purpose, we utilized bridge functions φn annealed with an increasing η(n) in the form of,

φn (x0:T , a0:T ) ∝ P (x0:T , a0:T ; π (k) )P (r = 1|x0:T , a0:T ; π (k) )η(n) n ∈ [0, N ]

(2)

where φ0 and φN are selected as prior and target posterior densities by explicitly choosing η(0) = 0
and η(N ) = 1. This E-step actually corresponds to the policy evaluation step in a policy iteration
scheme.
Fortunately, the maximization in (1) has a closed form solution due to Markov properties
[2]. Yet, policies have to be somehow characterized among the continuous state space. We use
a Gaussian process (GP) to approximate the policies [3] as shown in Figure 1. At the M-step, a
GP with the support of samples from target posterior is one of the maximizers. Hence, instead
discretizing the state space, we directly use the samples from the bridge function φN in order to
approximate the policy of the next iteration.

Results and Remarks
We evaluated our method on the well-known mountain-car problem and it has converged to an
suboptimal solution as shown in Figure 3 as expected.
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Figure 2: SIMCMC estimate at any time of
the policy evaluation compared with SMCS
nal estimate

Figure 1: Policy approximation with GP by
using the sampled trajectories

Figure 3: An example of the convergence of our method for N = 3 towards the optimal policy of
the mountain-car problem at the very rst iteration starting with a uniform policy.
Finally, we are also aware that SIMCMC methods are not the best choice with respect to
sample eciency compared to sequential Monte Carlo samplers (SMCS) [5] as shown in Figure 2.
However, they are more appropriate for the online settings due to their estimation at any time
property. Thus, we are planning to develop an online RL algoritm based on SIMCMC policy
evaluation by approximating the dynamics of the model with GP [6].
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