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Improved Speedy Q-learning Algorithm Based on Double Estimator
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Abstract Q-learning algorithm is a classical reinforcement learning algorithm. However.due to overestimation and the conserva-
tive updating strategy.there exists a problem of slow convergence. Speedy Q-learning algorithm and Double Q-learning algorithm
are two variants of the Q-learning algorithm which are used to solve the problems of slow convergence and over-estimation in
Q-learning algorithm respectively. Based on the updating rule of Q value in Speedy Q-learning algorithm and the updating strate-
gy of Monte Carlo reinforcement learning,the equivalent form of the updating rule of Q value is proposed through theoretical a-
nalysis and mathematical proof. According to the equivalent form, Speedy Q-learning algorithm takes the estimation function of
current Q value as the estimation of the historical Q value. Although the overall convergence speed of the agent is improved,
Speedy Q-learning also has the problem of overestimation, which leads to a slow convergence at the beginning of iterations. In or-
der to solve the problem of slow convergence at the initial stage of iterations in the Speedy Q-learning algorithm,an improved al-
gorithm named Double Speedy Q-learning is proposed based on the fact that the double estimator in the Double Q-learning algo-
rithm can improve the convergence speed of agents. By using double estimator, the selection of optimal action and maximum Q
value is separated,so that the learning strategy of Speedy Q-learning algorithm in the initial iteration period can be improved and
the overall convergence speed of Speedy Q-learning algorithm can be improved. Through grid world experiments of different
scales, linear learning rate and polynomial learning rate are used to compare the convergence speed of Q-learning algorithm and its
improved algorithm in the initial iteration stage and the overall convergence speed. The results show that the convergence speed of
the Double Speedy Q-learning algorithm is faster than that of Speedy Q-learning algorithm in the initial iteration stage and its
overall convergence speed is significantly faster than that of comparison algorithms. Its difference between the actual average
reward value and the expected reward value is also the smallest.
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Fig. 1

Average reward values of results of 10000 experiments of Q,DQ,WDQ(k=1),WQD(c=10),SQ and DSQ at each step in grid

world under linear learning rate
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Table 1 Difference between actual reward value and expected

reward value under linear learning rate

A=E (ryye) —Tave 3X3 4X4 5X5 6 X6
Q 0.8169 0.7832 0.6523 0.5420
DQ 0.4603 0.6166 0.6056 0.5273
WDQ(c=10) 0.6124 0.7012 0.6297 0.5341
WDQ(k=1) 0.5716 0.6822 0.6246 0.5327
SQL 0.1021 0.1388 0.1787 0.2179
DSQ 0.0848 0.1191 0.1498 0.1965
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Table 2 Difference between actual reward value and expected

reward value under polynomial learning rate

A=E (rv) —rave | 3%3 44 5% 5 66

Q 0.3126  0.4804  0.5486  0.5159

DQ 0.1280  0.2239  0.3346  0.4125

WDQ(c=10)  0.1553  0.2642  0.3881  0.4472

WDQ(E=1)  0.1593  0.2701  0.3932  0.4479

sQL 0.1000  0.1342  0.1728  0.2120

DSQ 0.0821 0.1094 0.1483 0.1983
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