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Abstract In allusion to the problems of reinforcement learning with Dyna-framework, such as slow
convergence and inappropriate representation of the environment model, delayed learning of the
changed environment and so on, this paper proposes a novel heuristic Dyna optimization algorithm
based on approximate model——HDyna-AMR, which approximates Q value function via linear function,
and solves the optimal value function by using gradient descent method. HDyna-AMR can be divided
into two phases, such as the learning phase and the planning phase. In the former one, the algorithm
approximately models the environment by interacting with the environment and records the feature
appearing frequency, while in the latter one, the approximated environment model can be used to do
the planning with some extra rewards according to the feature appearing frequency. Additionally, the
paper proves the convergence of the proposed algorithm theoretically. Experimentally, we apply
HDyna-AMR to the extended Boyan Chain problem and Mountain Car problem, and the results show
that HDyna-AMR can get the approximately optimal policy in both discrete and continuous state
space. Furthermore, compared with Dyna-LAPS (Dyna-style planning with linear approximation and
prioritized sweeping) and Sarsa(l), HDyna-AMR outperforms Dyna-ILAPS and Sarsa()) in terms of

convergence rate, and the robustness to the changed environment.
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Fig. 2 Mountain car.
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Table 1 Parameters Setting in Different Algorithms
x1 HEBSHELE
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7 0.4 0.4
pri —0.5 —0.5
To 200
K 50 50
3 0.1 0.1
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Fig. 3 Comparison of convergence performance for
different priority thresholds in Boyan chain.
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Fig. 4 Comparison of convergence performance for
different initial temperatures in Boyan chain.
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Fig. 5 Comparison of convergence performance in

Boyan chain.
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Fig. 6 Comparison of time step and accumulated
reward in Boyan chain.
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Fig. 7 Effect of K value to the convergence performance.
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Fig. 8 Comparison of convergence performance in

Mountain car.
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