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Fig.1 Perceptual aliasing in grid space.
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0 7 Key and door 000
Fig. 7 Key and door task.
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Table 2 Ratio of each step - Key and door task.
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Fig. 8 Histogram of the number of steps to the goal.
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Fig.9 30x25 maze.
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Fig. 10 Histogram of the number of steps to the goal.
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Table 3 Ratio of each step - DRGA.
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Fig. 11 Histogram of the number of steps to the goal.
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Table 4 Ratio of each step - HQ-learning.
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No.3 3.00%(153step)
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