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Speed Up of GA by Importance Sampling
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Interdisciplinary Graduate School of Science and Eng., Tokyo Institute of Technology

Abstract:

The most difficult problem of applying GA to a policy learning is that interactions with the

environment require much time to evaluate the individuals. In this paper, we propose a new approach to estimate the

individual’s value using importance sampling. Importance sampling reuses the experiences obtained by some policy

to estimate values of the other policies. The proposed technique cuts down the interactions with the environment in

evaluating children, it can speed up optimization. In particular, it is effective in case GA is applied to a real robot’s

policy learning, because the load to the hardware accompanying trial and error can be mitigated. The proposed

technique was implemented to the crawling robot, it was applied to obtain the control rules so that the robot is to

walk. The experimental results show the strong affinity between GA and importance sampling, and also mean that

GA using importance sampling can be a powerful tool for policy learning.
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Fig.1: The framework of the policy learning by the naive
GA. Evaluating children requires interactions with an
given environment. Only the selected individuals require

interactions.
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Fig.2:

proposed technique.

The framework of the policy learning by the
Estimation by IS requires no
interactions with the environment. Evaluation by
Environment requires only two interactions with the en-

vironment.

4 0O0oooooooo
4.1 000000

O00000Fg300000oooooooDoooooo
ubooobooobogo 20000000 b0o0boboooon
goobooobooboobooooobooboboooboooboo
goboooboboooooooboooboooooooon
O0000oo PpCO TCP/IPOOO0OCOOOOOODO
gooooooopCcOoOOOOOOOOOOOOOOO
gooooo pCcOO0O0OCOOODOOOODOOOOO

gboboooooboooobobobboooobbbod
gbogoboboboboooooooboboooboban
gboooobooooooobobooboboooooo
000000000 00O0U00oO00oooO (Fig4)OODO
gbooooooobgobooboooboobobooban
00o0000o0ooo0o0oUooooOoo TCP/IPODO
oooooooooooo pcOoOoooooood

ubobOobooooobooooboobooboooboooo
gbobooobobOoooboooboooooz20000000
gbogobooboboboooooboboobooboban
gbogoboboboooobooooboobobooban
gbobooboooooboooooogoz2000000
gbobooooooobooooboooooboooobooon
gbobobooboobobobobobboboboban
gbogbboboboboobooooobobooban
gbobooooooooboooooobooooooon
gbogoboooobooboboooboooobobooban



goboooOoooobooooooobooboooon
gbobooobooboobooboooooooobooon
gboobobooooooooooobooooooooon
gbobooobboooobbooobooboobobooooDo
gobooOoooooooobooooooooooooon
gobobOooobooooooooboooooboooon
goooo

goboooobbooobbboooobbogo
gbooooopoobobobbobooboboban
gboboobobOooooboooboooooooooo
gbooooao

Fig.3: Crawling robot. The robot has an arm with two
servo motors and a touch sensor. The arm is controlled
by two servo motors that react to angular-position com-
mands. The touch sensor investigates whether the tip of

the arm is touching the ground or not.
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Fig.4: Crawling robot simulator.
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Fig.5: The perfoemance of learned policy averaged over
10 trials.

and naive-GA-2 are the naive GA for comparison.
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Fig.6: The children’s values estimated by importance
sampling and by maximum likelihood estimate method.
The error-bars show the average rewards and the
max/min rewards in 30 episodes, the boxes show the

rewards estimated by importance sampling.
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