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Model based learning can reevaluate the utility of every state, according to a measure of urgency. Prioritized sweeping is a typical
algorithm for efficient state updating. In a stochastic environment, a probability distribution can be used to represent the
uncertainty of the Q-value caused by probabilistic state transitions or probabilistic rewards. If the expected value of a reward is
assumed to be normally distributed, the distribution of the value function at the initial learning stage is approximated by a t—
distribution because of equivalence to random sampling from a normal distribution. Confidence intervals calculated from this
distribution for each state—action pair represent insufficiently explored states.

In this paper, the product of the confidence interval and the Bellman error is used to provide a measure for prioritizing, which
takes account of the level of confidence and also yields a measure of urgency. The performance of this approach in the trap domain
is examined and compared with that of the ordinary sweeping method. Experimental results indicate that the proposed approach
results in a more effective exploration of the state than does the use of conventional sweeping methods.
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Initialize V(s),Q(s,a),Model(s,a)
Initialize s
Repeat(for each episode)
Repeat for each step of episode
Q(s,a) — ZPR+vy V(' ),
V < max Q
Choose a from s using policy from Q
Next state s’ ,
Model(s,a)<—s’ , r
Update V(s1) - V(Sn)
Planning
Calculation of Confidence Interval
Decision of Prioritized sequence
Repeat Ns times
Q,V update

until s is terminal

Fig. 1 Proposed Algorithm
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Fig.2 Domain used in the experiment
S predicates the start space, G is the goal state, T is the trap
state and F is the flag.
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Table 1 Comparison of sweeping methods
Sweeping Steps to Convergence
DYNA 14.66
Prioritized 10.58
Confidence Interval 10.76
Proposed 10.12
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Fig.3 Plots of average reward as a function of number of
iterations
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Fig.4 Enlarged plots from 4 to 20 iterations
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