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Abstract: Function approximation has gained significant attention in reinforcement learning research as it
effectively addresses problems with large-scale, continuous state, and action space. Although the function
approximation algorithm based on gradient descent method is one of the most widely used methods in reinforcement
learning, it requires careful tuning of the step size parameter as an inappropriate value can lead to slow convergence,
unstable convergence, or even divergence. To address these issues, an improvement was made around the
temporal-difference (TD) algorithm based on function approximation. The weight update method was enhanced using
both the least squares method and gradient descent, resulting in the proposed weights gradient descent (WGD) method.
The least squares were used to calculate the weights, combining the ideas of TD and gradient descent to find the error
between the weights. And this error was used to directly update the weights. By this method, the weights were updated
in a new manner, effectively reducing the consumption of computing resources by the algorithm enhancing other
gradient descent-based function approximation algorithms. The WGD method is widely applicable in various gradient
descent-based reinforcement learning algorithms. The results show that WGD method can adjust parameters within a
wider space, effectively reducing the possibility of algorithm divergence. Additionally, it achieves better performance
while improving the convergence speed of the algorithm.
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Figure | Diagram of reinforcement learning
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Table 1 Statistics on the average convergence performance of each algorithm under different step size
parameter values in the Mountain Car experiment
(o\a™)
HE
0.1 0.2 0.4 0.5 0.6 0.7 0.8 0.9
Sarsa 133.9 140.7 X X X X X X
WGD-Sarsa 165.3 151.6 115.6 118.7 1123 11.7 116.8 109.4 120.7
Sarsa( A ), 4=0.1 136.2 145.5 X X X X X X
Sarsa( A ), 1=0.3 124.0 X X X X X X X
WGD-Sarsal( 4 ), 4=0.1 160.7 138.4 107.1 115.9 1149 115.1 1352 110.4 128.9
WGD-Sarsal( 4 ), 4=0.6 163.2 125.0 110.6 112.0 1252 113.0 1482 X X
WGD-Sarsa2( 4 ), 4=0.1 173.3 158.2 112.7 133.1 124.9 110.9 115.6 115.9 122.1
WGD-Sarsa2( 4 ), 4=0.6 137.2 139.7 119.8 126.4 114.4 107.9 128.7 106.7 X
AC, a=0.01 174.0 X X X X X X X X
WGD-AC, a°=0.01 170.7 1355 133.1 128.0 125.1 127.8 129.9 130.0 130.4
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Table 2 Statistics on the average convergence performance of various algorithms under
asynchronous long parameter values in the Cartpole experiment
_— (o\a™)
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Sarsa 793.5 124.1 X X X X X X X
WGD-Sarsa 3727 585.7 744.5 681.0 747.2 804.4  743.6 802.0 686.6
Sarsa( 4 ), 1=0.1 810.6 156.0 X X X X X X X
Sarsa( 4 ), 1=0.9 57.51 24.59 X X X X X X X
WGD-Sarsal( 4 ), 4=0.1 4112 600.0 730.6 7343 790.6 7225 812.7 844.9 590.4
WGD-Sarsal( 4 ), 2=0.9 776.9 796.2 773.6 629.1 88.96 13.56 10.60 12.38 X
WGD-Sarsa2( 4 ), 4=0.1 418.2 614.9 7773 654.7 744.5 893.9 7172 769.7 773.1
WGD-Sarsa2( 4 ), 2=0.9 888.7 978.8 992.4 989.8 986.6  940.5 368.9 32.58 25.06
AC, a’=0.1 739.2 23.82 21.78 X X X X X X
AC, a’=0.9 744.6 21.60 21.98 X X X X X X
WGD-AC, a?=0.1 2412 621.2 673.9 582.4 709.9 7522 777.8 7473 711.7
WGD-AC, «®=0.9 220.4 618.4 680.3 562.3 709.8 766.4 826.7 751.2 704.1
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