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2.3 GAIL

Generative Adversarial Imitation Learning (GAIL) [6]
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B 2 Reacher-v2 Bilii. i 7 — 2000 () %7 VX LABMBIZEND Z—7y N ()

WEDTBR AT,

£ 2 BEFETOFEHIEY — RIS (n =50)

[T E S ERES YU s ERE (%)

behavioral cloning 3 -9.81 85.7

10 -8.85 88.2

32 -6.00 95.7

100 -5.24 97.7

GAIL 3 -7.84 90.9

10 -6.05 95.6

32 -5.53 97.0

100 -5.61 96.7
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