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Generating Offspring using Estimated Policy Gradient
with Importance Sampling
Chikao TSUCHIYAL Hajime KIMURAL Shigenobu KOBAYASHI
Interdisciplinary Graduate School of Science and Eng., Tokyo Institute of Technology

Abstract— The most difficult problem of applying GA to a policy search is that evaluation of offspring requires many interactions

with an environment. In this paper, we propose a new approach using importance sampling. The proposed technique decreases

the interactions in evaluating offspring, and improves offspring using estimated policy gradient. It can mitigate the load to the

hardware accompanying trial and error and as such, is particularly efficient for a real robot’s policy search. The proposed technique

was implemented to the crawling robot simulator. The experimental results showed the strong affinity between GA and importance

sampling, and confirmed that estimation of policy gradient by importance sampling accelerates a policy search.
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1. Generate N policies as an initial population, and ob-
tain the experiences under these policies.

2. Choose parents {P1,P} and additional parents
from N policies by random sampling, and gener-
ate C offspring {Cy,...,Cc|} by a crossover. Let
{Pl, P,,Cy, ~'~7C\C\} be family.

3. Estimate the values of the family by importance
sampling.

4. Choose two policies from the family: one is the best
and the other is selected by the rank-based roulette
wheel selection. Replace the two parents with those
two policies.

5. Throw away with the experiences obtained under
the parents’ policies.

6. Obtain the experiences through interactions with
the environment under the two newly added poli-
cies.

7. Repeat the above procedures from step 2.

Fig.1: The algorithm of PVIS.
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Fig.2: The framework of the direct policy search by PVIS.
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1. Generate N policies as an initial population, and ob-
tain the experiences under all these policies.

2. Choose parents {P1,P,} and additional parent from
N policies by random sampling, generate two off-
spring {C1,Cy} by a crossover.

3. Improve P; and P, by a gradient method using pol-
icy gradient estimated by importance sampling. Let
those be {C3,Cs}.

4. Improve C; and C, in the same way.
{Pl,Pz,Cl,CQ,C3,C4} be family.

5. Estimate the values of family by importance sam-
pling.

6. Choose two policies from the family: one is the best
and the other is selected by the rank-based roulette
wheel selection. Replace the two parents with those
two policies.

7. Throw away with the experiences obtained under
the parents’ policies.

8. Obtain the experiences through interactions with
the environment under the two newly added poli-
cies.

9. Repeat the above procedures from step 2.

Let

Fig.3: The algorithm of PGIS.
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Fig.4: The framework of the direct policy search by PGIS.

gboooooobobooooooooboooooo
gboboOoOoooboobobooboooooooooon
gboboooooboooooboooooooooooooon
gobooobooooooobooooooboooboooon
goobobooooobooooooooobooobooon
goboooooobooobooooooooboooon

gbobooobooboobooboooooooobooon
gboobobooobooooboooobooooooooon
goboooboboooboooboooboooooooooo
goboooooooooooooobooooobooooon
gbooooboboooobobooobooboooood

gboobooobooooboboobobobooooboo
gboooboboobooooooobobooooooooon
gogo

Fig.5: Imaginary crawling robot.
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Fig.6: Representation of Policy for N-legged crawling robot.
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Tablel: The configuration of each method.
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Fig.7: The performance of learned policy in 1-legged
crawling robot, averaged over 10 trials.
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Fig.8: The performance of learned policy in 2-legged
crawling robot, averaged over 10 trials.
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Fig.9: The performance of learned policy in 4-legged
crawling robot, averaged over 10 trials.
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