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Abstract Imitation learning provides a framework to make agent learn an efficient policy from expert demonstrations. During the
learning process,the agent does not need to interact with the expert or get access to an explicit reward signal, but only needs a
large number of expert demonstrations. Classical imitation learning methods usually need to imitate from first-person expert
demonstrations,a sequence of states and actions that expert should have taken. However,most expert demonstrations exist in the
form of third-person videos in reality. Different from the first-person expert demonstrations, there is a difference between the
viewpoint of the third-person demonstrations and samples generated by the agent,resulting in a lack of one-to-one correspondence
between them. Therefore, the third-person demonstrations cannot be directly used in imitation learning. To alleviate this problem,
this paper presents a data efficient third-person imitation learning method. Firstly, this method introduces the image difference
based on Generative Adversarial Imitation Learning(GAIL) to eliminate the domain features including the background of environ-
ment and colors by taking advantage of the Markov property of Markov decision process and the time continuity of states. And
the most relevant part of policy can be achieved for imitation learning. Secondly, this paper introduces a variational discriminator
bottleneck to limit the discriminator to alleviate the influence of domain features on the process of learning policy. In order to veri-
fy the performance of the proposed algorithm, this paper makes experiments on three MuJoCo tasks,and compares it with the

existing algorithms. Experimental results indicate that the proposed method can achieve significant performance improvements

FIFG HT:2019-11-14  RE AW 2020-04-16  ASCE A IFRCRLF TR COSID) | 35 345 107 — e RO 765 8

HETH ERE KRB 4 LTH (61876119); T34 M AR % 3 4 1/ L T H (BK20181432) 5 v e 15 15 3 A B8 i 55 %% & Wi ¢ 4
(14380005)

This work was supported by the National Natural Science Foundation of China (61876119) , Natural Science Foundation of Jiangsu(BK20181432)
and Fundamental Research Funds for the Central Universities(14380005).

WG 5 55 K (zzzhang@nju. edu. cn)



F A — PR R BB = N BB AT 22 ) T ik

239

over existing methods and does not require additional demonstrations, when dealing with imitation learning from third-person ex-

pert demonstrations.
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Table 1 Results of policy evaluation
Reacher Inverted Point
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TPIL —4.5 683.1 —23.1
TPIL w. o. additional expert —6.3 532.7 —34.9
TPIL-1D-VDB —4.4 775.5 —=19.7
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