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Abstract  Imitation learning studies how to learn an expert-like decision model from expert decision
data. Same as to learn a decision model, reinforcement learning only learns from evaluative feedback
given by environment. In contrast, imitation learning is able to acquire more direct feedback from
expert data. It can be classified into two types of approaches, i. e. , behavioral cloning, imitation
learning via inverse reinforcement learning. The imitation learning methods based on inverse
reinforcement learning decompose the imitation learning process as a repeated process between
estimating a reward function by inverse reinforcement learning and learning a policy upon the
estimated reward function by reinforcement learning methods. The imitation learning methods

based on generative adversarial nets were developed from imitation learning based on inverse
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reinforcement learning. Among them, generative adversarial imitation learning (GAIL) is the
earliest and the most representative algorithm. It is inspired from generative adversarial nets
consisting of two adversarial neural nets, i. e. , a discriminator and a generator. The core of GAIL is
to use the structure of generative adversarial nets to address the imitation learning problem. In
GAIL, the step of learning a reward function can be considered as training the discriminator,
while the step of learning a policy can be viewed as training the generator. Compared to the
conventional imitation learning methods, GAIL achieves better robustness, representation
capability and computation efficiency. Therefore, GAIL is able to handle complicated, large-scale
problems and applicable in realistic tasks. However, GAIL suffers from the problems of mode
collapse and low sample efficiency in terms of environment interaction. The problem of mode
collapse is derived from GANs, and it may result in the lack of diversity in the samples generated
by GAIL. The problem of low sample efficiency in terms of environment interaction is derived
from the assumption of stochastic policy and the model-free policy learning style in GAIL.
Recently, a number of variants of GAIL have been proposed to alleviate these two problems. To
alleviate the first problem, researchers have proposed to apply variants of GANs to improve
GAIL, including technical improvements based on the multiple mode assumption, the generative
model, etc. Representative methods are conditional GAIL, GAIL with auxiliary classifier,
information maximizing GAIL (InfoGAIL), InfoGAIL from burn-in demonstrations, variational
auto-encoder GAIL, etc. To alleviate the second problem, researchers have proposed to apply
reinforcement learning techniques to improve GAIL, including technical improvements based on
dynamic model, deterministic policy, Bayesian methods, etc. Representative methods are model-
based GAIL, GAIL with deep deterministic policy gradient, Bayesian GAIL, etc. In addition to
the above GAIL variants, researchers have extended GAIL to different observation mechanisms
and multi-agent applications as well. The extensions of GAIL in observation mechanisms include
third-person imitation learning, GAIL with recurrent policies, generative adversarial imitation
from observation, etc. The extensions of GAIL in multi-agent systems include multi-agent
GAIL, parameter-sharing GAIL, multi-agent adversarial imitation learning, etc, and they have
been applied into realistic scenarios of autonomous driving and virtual e-commerce. In this
survey, we first introduce GAIL’s key ideas, advantages and disadvantages, which are followed
by classifying, analyzing and comparing GAIL’s improved algorithms, and finally we summarize

the aiticle and discuss on possible future trends.
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adversarial imitation learning; mode collapse; sample efficiency

[3-6] [9-10]

(Reinforcement Learning, RL) . )
I Atari L8]



328

2020
GAIL
(Behavioral Cloning, BC)
(Imitation Learning via Inverse ,GAIL
Reinforcement Learning, IRL-ILD. ,
Bc[ll 12]
’ GAIL
-BC IRL-IL .
’ , GAIL
,BC
[2.13-14]
’ ’ , GAIL
’ > ,GAIL R
77 [15-16]
IRLAL . GAIL
’ IRL-IL R
[17] . . N
(Inverse Reinforcement Learning, .GAIL
IRL) RL , (28] [26]
, IRL-1L
Rl ’ GAIL .
IRL-IL ] ’
IRI-IL Be 397 (Mode Collapse) . (
’ , )
IRL-IL ’ | B2 (Low Sample Efficiency in
D IRL-IL Terms of Environment Interaction)
' 0. () IRLAIL GANS, GAIL
RL (] GAIL
(Imitation (Stochastic Policy)
a
Learning Based on Generative Adversarial Nets, (Model-free) ’ GAIL
GANs-IL) IRL-IL )
[20] [} GANS GAIL
) [33-35]
' [36]
. GANs-IL IRL-IL
s RL GAIL
, i [37]
(21221 (Generative 7 >
Adversarial Nets, GANs) ( B o]
) ( ) GAIL
i [23] (GANs-IL). . (D)
’ H (2)
2 e . GANs , RL
[26] [27] R [39] .
GANs-IL ol GAIL . .
Ho 2016 SN
(Generative Adversarial Imitation Learning, RN Lz

GAIL),



2 329
s [43] [44] ; 5
1 . ;60
2 GANs-IL , 7 ,
. ;03 ¢ 6 )
GAIL «C 7 ;5 8 GAIL
;4
T i
B AERFEAFI] ETREN | [ ETRAE
R 7]
EEEE
A F o ETE=NHRNHE
b P
A [%_}Z%EWJH %Jrgfm
R =
[%%"ﬁ‘éﬁiﬂiﬁlbﬁ Uk o 21 5% ‘
1
2 RL
(Policy)
GAIL , . &
N N II.S—A. T
N T s,
2.1 a,=n(s,), s, a,
s (RLD (Agent) xla,|s,):SXA—>[0,1].
(Environment) .RL
151 (Markov Decision Process, MDP). “ 7,
MDP , t Y
MDP ' M— R,’:r,err,H+'-':Z:;7"7’r(s,~,a1). T
(S,A,P,r.y). V. ()=E.[R]|ss=s], T
(LS , s, ES s a Q. (sya)=
¢ ; E.[R!|ss=s.a,=a], q(ﬂ):En[Rg]’
(2)A , 0. () s
a, €A t ; , :
3P , 0 (D =p (o= Fyp,(si =)+ p. (s, =5)F =
s, a, S+ .
o P(s e :Z;)”[),,(s,:s) (D
(4)r(sya) :SXA—>R , s P (si=3s) { s s
s, a, yi=1,-,U,U 0. (ssa)
r.=r(s,»a,); T - (State -Action Pair)
(5)ye (0,1 , (s,a)

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.

http://www.cnki.net



330

2020

p.(ssa)=n(alH D)7 p. (s, =) =nlal$)p,(s) (2)

t=0

b

7
() :f{o,,(s)J r(als)r(s,addads
ZE\NPK_HN,r [r(ssa)] (3)
Ey o]
,RL
s [46]
[47] .
[48]
’ 7T~7Tg ’
. Schulman 2015
L9 (Trust Region Policy Optimi-
zation, TRPO),
» Schulman
, 591 (Proximal Policy
Optimization, PPO). ,
. Schulman

1 (Generalized Advantage Estimation,
GAE),
2.2
IRL ’
. IRL
TE.

TE:{Tl aTzv"'aZ’,a""?TE}a

- (S,d):

T, ={ 5050 sS1 sy " Sy 9aU|7TE} ’
U . -
(s,a)

IRL Ng 072000 .IRL

’
’ r

E Gl =E[r(a) ]

’

IRL(7) ;argmin max EWEr(s,a)]*E,{E [r(ssa)]

€D)
) re
IRL (). IRL
( IRI-1L).
IRL-IL r
RL .
RL(7) :argmax E, [7(s.,a) ] (5)
-
AERLG) JIRI-
1L :
RLOIRL(xy) :max minE,,[r(s,a)]—EnF [r(ssa)]
T ‘ (6)
IRL-IL (52] 4
: (D IRL
rar
T 3 (2)
r 73 (3)
(D2, r
r’, T w 3 (4) r
, e
IRL-IL
, BC,IRL-IL
,IRL-IL
IRL s (4)
Ng IRL
R . Ziebart
2008 IRL-IL
[53] .
IRL-IL



331

max m.inE,Tl:r(s,a)]*E,rE [r(s,a)]+apH () (D)

, H (),
s Am

, IRL-IL
IRL-IL .

b

IRL-TLM,

, IRL-IL
.RL
, RL
s IRL-IL
2.3
LU Goodfellow
[54-55] .
GANs
) GANS
GANs
(Generator, G,
(Discriminator, D).
, Lioans (DG

minmaxL gy (D.G) =
G D

E. [logD(x)]+E. [log(1—D(G(z)))] (8)

(7) , T ( ),z
, G(2) ,D(C+)
GANs 2
) G z
G(2). D x
G(z),
D() e (0,1).
IRL-IL L
RL 3 \'\‘ D(G(z))
] L2 P |
R
2 GANs
GANs ,G D
. 4 : (1)
D, D (
2014 ) .D
Lo (DG 5 (2) G, G
) D, D ,
Leane (DG 5 (3)
’ (L.(2),G D
[56-57] D
3 (4) .G
’ , D
G , D
0. 5.
) GANs
,GANs
Jensen-Shannon .
Kullback-Leibler . )
fm' . Jensen-Shannon
o 0.  Kullback-Leibler
, GANs
, GANs
GANs
Arjovsky Wasserstein GANsH (
WGANs) , Wasserstein

. Wasserstein



332 2020
, [20]
. WGANs GANs Jensen maxm_inE,TI:r(s,a)]*EﬂE [r(ssa) ]+ ¢(r) (9
Shannon )
Nowozin GANs , IRI-IL (2]
GANs Jensen-Shannon f- (68
Lo, .- Jensen-Shannon ,
s Kullback-Leibler Pearson JE"E [2(r(sea))]s >0
¢GAIL(”) é (10)
oo b
’ ) 7g(_7:)
GANs . Odena _
. ) j:c + log(l—e "), x>0
L92) (Generative g(a)= n an
oo b
Adversarial Nets with Auxiliary Classifier, 1 -
ACGANs). ACGANS Poan L7 ’
. Chen ’ :
[93J (Information Maximizing Generative r(s:a)="logD(s.a) (12>
Adversarial Nets, InfoGANs). InfoGANs IRLAIL GANs
(s,a) ;
GANs
, L6651 (Vari- ’
ational Auto-Encoder, VAE) -GAIL  GANs
. GANs 3
VAE LosJ /v/ :
3 F e -u: k—» £ 5 .
i, e
Ll
IRL-IL GANs
. ) 3 GAIL
b7 GANsIL .
GANSs IRI-IL CGAIL (9~ (12), ,GAIL IRL-IL
N L(;AIL(TUD)
,GAIL . min mngL(;A[L(TL'eD) ==
GANs-IL E, [logD(s,a) J+E, [log(1—D(s,a)) ] (13)
GANs-IL : (1) ,(sya) - s g ,
H (2) ’ T . D ’ D ( S a)
RL . GANs-IL (sva)
IRL-IL . , E.[+]
GANsIL —GAIL E.,..l+] . Ho
GAIL
31 GANs \GAIL
GAIL ) HO IRIFIIl
IRL-IL

] , GAIL



333

2
,GAIL ,
s ,GAIL ’ ,
IRI-TL (1. (2),
) GAIL ,
GAIL
4 : (D) Adam™”! ’
D. D - GAIL
g 3 (2) GAE ’
TRPO T ’
’ - . GANs GANs
(3 (D.(2), ’ CANS
I W ’ . , GANs
GAIL
’ 322
T T s T GAIL
T ,
GANs ,GAIL
GAIL . - ’
0. (5:a) - ’
pp(ssa) Jensen-Shannon .GAIL ’ .
Ho GAIL GAIL
RL
L2o1 GAIL  IRL-IL
0. (sha)  p.(s.a) . (s,a) x
T . bl ,
GANs ,GAIL IRL-IL RL . GAIL 7
7 [20]
,GAIL ,GAIL [s2] ’ ,GAIL T
D
e D
32 , ’
GAIL .
321 ,
, GAIL

RL



334

2020

3.3

: (1)

3 (2) RL

RL
RL

Cc =

(SE sap yCz).

T[l
[71]

: (

(2
RL

GAIL (VAE-GAIL).

3. 4

() ( 2.1

(

BC.GAIL ) (Random Policy)

GAIL(CGAIL) |

. GAIL
GAIL

GAIL N
C ={coscra"scn)s
ci~pQo).
{cisc2)s (spragp)
(sgsagscy)
Ci
= (Sos@q s s Sy ady | €i)s

U

So ay

GAIL

GAIL##17 |
GAIL(ACGAIL) ;

GAILLBS%&GJ ,
GAIL (InfoGAIL)
, VAE-GAIL
4, 2

D

’

ZHESMGAIL

T BE

CGAIL

ACGAIL InfoGAIL VAE-GAIL

GAIL

4 11

, GAIL
. (D 3 (2)

41

CGA
[72]

CGAIL

» GAIL (s2a)

(C)1994-2022 China Academic Journal Electronic Publishing House. All

(73] ( Conditional GANs,

Mirza
CGANSs).
Ns, Merel

GAIL, sl

(Conditional Generative Adversarial Imitation Learning,

CGAIL).

rights reserved. http://www.cnki.net



335

,CGAIL
’ LCGAH. (r.D,c)

minmax/L CGAIL (7'[9 D ) c)=
D

T

E.[logD(s,a] c)]+E,E [log(1—D(ssale)) ](14)

BT
i D ; D(s,a/c) i
’ z DGy aple)
/
5 CGAIL
,CGAIL
4 1.2
CGAIL ,
ACGANs"" » Lin GAIL

b
B4 (Generative Adversarial

Imitation Learning with Auxiliary Classifier,

ACGAIL). ,ACGAIL
CGAIL, ACGAIL
, GAIL )
(Auxiliary Classifier, o).
C ,ACGAIL 6.
E < T a, J D(s,,a,)

b T= D(sg,ay) :

C(s,,a,)
Spa g |Cp G Clsgrap)
6 ACGAIL
’ T St Cy
a,=n(s,.c.). ACGAIL D GAIL D

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.

’ (S»d)?

-D(S,Ll) D

(ssa) ACGAIL ,
C T D ,
NG T (s, va,)
, (Random Sampling)
yCp _
(sp.ag) .C(s,a) C
C ,
.C D
b D b

Q
)

.C D
. ACGAIL
, ACGAIL T D.
C . L acan, (s
D.O
mi(n mst accar (s D C) =

E,[logD(s,a) J+E, [log(1—D(s,a)]+
/IC{E,I[H(C,C(C\s,a))]JrE,rH[H(C,C(c|s,a))]} (15)

,Clc|s,a) C (s,a) c
e ,
0. 5 H(C,C(C'S?a))
H(c,Clelssa))=—>p(logClelssa) (16)
ceC
ACGAIL .D
’ T
C
. C
, C D :

r(s,a)=—logD(s,a) —AcH (c,C(c|s,a)) (17)
C D ,

’

» ACGAIL GAIL

http://www.cnki.net



336 2020
. InfoGANs , InfoGAIL
) ’ Y Y(S?(l) B
q(clssa), ,
4. 1. 3 (18).(19 (16)),
CGAIL ACGAIL H(co) , InfoGAIL
’ LlnfoGAH, (rsD,Y) .
’ minmaxL eean (. DY) =
.Y D
, E.[logD(s,a) ]+ E, [log(1—D(s.a)) ]+
. ’ MH LY (el sya)) (20)
,CGAIL ACGAIL .Y ,
GAIL Y(c|s,sa,) Y
Li )
GAIL . Y ,InfoGAIL 7.
t35] (Information Maximizing s
Generative Adversarial Imitation Learning,
InfoGAIL). InfoGAIL ‘ % S .
GAIL ,InfoGAIL o
el D(sg,ap)
, 7  InfoGAIL
x y InfoGAIL , D
) x oy GAIL D ,D T
. ’ Y T
I(x;y)=H((x)—H(x,y). (ssa) , ,
InfoGAIL  GAIL Y Y
B ’ ) Vg
, (18) ,
I(css,a)e—rio =H()—H(c,(s,a)) (18)
s C g . ’Y _
ceC. ¢ ’ (sya).
: - : D Y
InfoGAIL , ’
- ’ r(ssa)=—logD(s,a) —A;H(c,Y(c|s,a))(2])
,InfoGAIL Litocan (s .
D.D GAIL InfoGAIL

minmaxl InfoGAIL (7I' ’ D D D=
D

w1 I
En[logD(s,a)]-f—E,(E [log(1—DC(sya)) J—AI(cs5,a)
(19)
JAT
q(cls,a) . s

H(('a(Saa))

,InfoGAIL

. Hausman

InfoGAIL

b

0741 Kuefler

b

(Burn-In Demonstrations)



2 337
AN Burn-InfoGAIL).  BurnInfoGAIL , .
InfoGAIL
) ) . , VAE-GAIL
. Burn-InfoGAIL VAE .
InfoGAIL . , ,VAE . s
InfoGAIL ,Burn- VAE-GAIL
InfoGAIL Y s
Burn-InfoGAIL . VAE-GAIL
T T ,
VAE-GAIL , VAE T
4, 2 D s
GAIL 8 , VAE
GAIL ve e
) c VAE ,
) . Tk
GAIL . VAE , ¢
’ ’ c.
) GAIL
4, 2.1 D(s,,a,|c)
. " Denagle] |
; SI(VAE)
8 VAE-GAIL
VAE
. VAE ,VAE
,VAE ‘ c )
VAE . VAE-
: - VAE GAIL  CGAIL c -
D T C
: - , D ¢
4. 2.2
VAE-GANs" » Wang VAE VAE-GAIL ,VAE.x.D
GAIL : Lurs o (2 DL VAE)
Ls61( VAE-GAIL). .
min max Lyagcan (. D, VAE) =
InfoGAIL, VAE-GAIL = D.VAE v
) E.[logD(ssalO)]+E, vaec o BZ log(1—D(s;.a; \c))}
. VAE-GAIL ’ 22)
VAE ’ U sSip Aip
VAE-GAIL CGAIL i
VAE-GAIL . ¢

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.

http://www.cnki.net



2020

338
: 4.3
r(s,a)=—logD(s,alc) (23) GAIL
s T , CGAIL.ACGAIL,
InfoGAIL,VAE-GAIL.
, VAE-GAIL GAIL R s 1
s GAIL
1 GAIL
CGAIL ACGAIL InfoGAIL VAE-GAIL
VAE
VAE
4, 31 GAIL , ACGAIL
GAIL s
. ACGAIL .
,CGAIL , ACGAIL CGAIL
. ACGAIL , ACGAIL
. CGAIL ACGAIL , ,
s GAIL CGAIL
InfoGAIL ,
, CGAIL
, ,  ACGAIL
. VAE-GAIL .
, s VAE 4. 3.3 ACGAIL InfoGAIL
s ACGAIL
CGAIL , InfoGAIL R
. InfoGAIL  VAE-GAIL .
s , ,ACGAIL  InfoGAIL
4. 3.2 CGAIL ACGAIL
CGAIL ACGAIL s
CGAIL R
s ACGAIL GAIL
, C Y. s
ACGAIL C
,  InfoGAIL

,CGAIL



2 339
, C Y .
. ,GANs GAIL
ACGAIL  InfoGAIL GAIL
,ACGAIL
C , )
. ; GAIL
InfoGAIL Y .
. RL . )
4. 3.4 InfoGAIL  VAE-GAIL : (D) ;3 (2)
InfoGAIL  VAE-GAIL 3 (3)
51
. GAIL
, . InfoGAIL ,
T .
y Burn-InfoGAIL . R GAIL .
; ) Baram (Model

. VAE-GAIL

InfoGAIL  VAE-GAIL
. InfoGAIL

) VAE-
GAIL VAE )
, InfoGAIL
,  VAE-GAIL .
VAE-GAIL , VAE-
GAIL
InfoGAIL ,
VAE-GAIL
4,35 VAE-GAIL CGAIL
VAE-GAIL CGAIL

. VAE-GAIL  CGAIL

b

VAE-GAIL ,

VAE
) CGAIL ,

GANs , GAIL

based Reinforcement Learning)  GAIL

B (Model-based Generative Adversarial Imitation
[earning, MGAIL).

MGAIL GAIL
. MGAIL
MGAIL
MGAIL
a V.D
S K7\I):
V. D—— 0. (ssa)p(s) :
(I+elssa)p(s))?
(ssa)p(s) + (s a) P, (s)
v, p= - HLNOIDTENCIT ),
(I+g(ssa)p(s))
(s )7p(a\s,rr5) ‘7p(s\7r5)
R plals,m) PR pCs|m) ’
a s .
, MGAIL
[77]
[14]

Gumbel-Softmax Ll

, MGAIL



2020

340
MGAIL RL GAIL ,
’ ’ Lso] .
, , Silver
. MGAIL RL 31 ( Deterministic
Policy Gradient, DPG).
(Off-policy) - 820 ( Actor-Critic,
., MGAIL AC). AC (Actor) (Critic)
) »MGAIL )
, MGAIL . AC
MGAIL
) DPG .
79 (Gated , DPG
Recurrent Unit, GRU) ,
GRU MGAIL Vo L opi () :
) ) VaLDPG(ﬂg):E.mpﬁ[Voﬁ@(-*)VMQK(S»a)‘a:ﬂgm](%
MGAIL RL ST, 0 )
; Op B
1531 (Deep Deterministic
; Policy Gradient, DDPG)
, . . MGAIL RL ,
DPG . DDPG ,
52
GAIL
MGAIL , ’
RL GAIL, ,DDPG
MGAIL 5 2.2
., RL , RL , Blonde
R . [32]
, RL (Generative Adversarial Imitation Learning with Deep
, GAIL Deterministic Policy Gradient, DDPG -GAIL).
DDPG -GAIL T, ,
521
s a=mn(s) .
. DDPG -GAIL T,
E._, [rG.a)la=n(s], Ox (D, :DDPG  GAIL. DDPG AC

GAIL R DDPG-



2 341
GAIL , DDPG Ty L, (Q) Q
Q , ,GAIL L, (Q n
Ty D ’ Q D
’ Ty
’ ’ D Ty
Q D
, ¢, DDPG-GAIL
, DDPG,
9 DDPG-GAIL DDPG -GAIL ’
bDPG Q b ,DDPG -GAIL
0 Ty
,GAIL D
53
& Jeon [s8]
s , D
,ﬂ ) Q (Bayesian Generative Adversarial Imitation Learning,
. DDPG-GAIL 7 ) .
BGAIL), GAIL
Q D ,
Vo L vorccan. () .
\V/ LO DDPH? : >7i0<1 OWVs Loows () + €V Lo, () BOALL GAIL
04-DDPG-GAIL \ 7Ty é’ 04-DDPG \ 7Ty C 0 GAIL( ;Tg ) BG AIL GAIL
VgLDDp(; (Tfo) = E_smpﬁ [ V@Tl’ (S) Va Q,r (S aa) ‘ a=n(s) ] (27)
VoLGAIL(ﬂg):Ewpﬁ[voﬂ@(é‘) V. logD(ssa) | = | »BGAIL GAIL
(28)
,€ (0,1 DDPG GAIL .
1 0p Jei BGAIL
DDPG -GAIL ’ T, s
’ VHL DDPG (779 ) vﬁL(}AIL <7T9 ) ’
. T ,BGAIL
D Q
DDPG, DDPG -GAIL
BGAIL s
,DDPG -GAIL
MGAIL,DDPG -GAIL 5 4
. GAIL s
RL s MGAIL s
. (MGAIL),
DDPG-GAIL , Q (DDPG -GAIL)
, (BGAIL). ,MGAIL DDPG-GAIL
L(Q o RL GAIL
L(Q=L,(Q+L,(Q (29) . MGAIL RL



342 2020
MGAIL , )
MGAIL , DDPG -GAIL I(c;Ye(clo))=0,
RL , Ye (o)
. ,0 yC
MGAIL DDPG-GAIL RL , BGAIL 0, TPIL
BGAIL , ,
,BGAIL TPIL InfoGAIL s
10 . s TPIL
[41] .
o, [c ] > Yi(clo) |-
4 5 GANs RL o1} -
GAIL -{D(o,a) |:
D(ogaz)
GAIL
. Y 10 TPIL
, , . InfoGAIL GAIL
) s , TPIL
(Observation) , 0.
, GAIL . )
, TPIL , 0, InfoGAIL
GAIL N N .
TPIL InfoGAIL GAIL
6. 1 s
, , 6 2
) ) ( )
(873 )
Stadie GAIL BN
[86] ,
L1 (Third-Person Imitation Learning, )
TPIL). )
TPIL Kuefler
) GAIL
TPIL GAIL )

Y:. TPIL

(28] (Generative Adversarial Imitation Learning



2 : 343

with Recurrent Policies, RP-GAIL). s , -
RP-GAIL s . s ,
. . IRL
,  RP-GAIL , Torabi
L) (Gated Recurrent Unit, GRU) .
.GRU ro,0). ,
,GRU . )
, IRL IRLIO () s
( ). GRU
. RP-GAIL  GRU IRLIO(z;) =argminmaxE, [7(0,0) ]—E, [r(0,0)]
: S (30)
’ IRLIO
RP-GAIL s . IRL,IRL{O

, , RL
: RLOIRLIO(x,)
_| D(o,a) max minEW[r(o,o’)]*EﬂE[r(o,o/)] 31D
“ID [ " "
Ll . Torabi IRL-IL
11 RP-GAIL GAIL . :
63 r(0s0")=—logD(0,0") (32)
) IRL-IL{O
GAIfO
' L(}AH()(TF9D> :
min mL?XL GAIfO (7'( N D) -
.YouTube E.[logD(0.0") ] +E, [log(1—D(0,0"))7] (33)
) (o1 GAIfO ,
,GAIfO
[92-93] R BC
, , GAIfO
’ . [OT[(U’()/) pE(O’O/)
Torabi Jensen-Shannon
L2 (Generative
Adversarial Imitation from Observation, GAIfO). 7
IRL-IL{O, ,
GAIfO.
,IRL RL. ,
, - GAIL . , GAIL

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



344 2020
. , Hu
7.1 ;
711 ,
RL
(MDP). MDP
s L.(x,V):
k
' r?iVnL,(n,V):E[ZV(s)— (nQi(sa) ] (35)
’ ’ i=1 sES
MDP i s.t. Vi) =Qi(s,a;)

Littman 1994
Game)

k
Lk
Lsisens ) . a €A, i
)
SiXA—>[0,1].%
a=[a " ,a,]".

[0,1], s

(Markov

5, €S, 7

P(s'|s.a)—

a

:7",‘(Sya)*>R . 7

Y

R, =ri Fyri =207 ""r(s;.a;) (34)
j=t

7. L2
RL

RL

Hu  Wellman 1998

[95] .

LMAL;AIL (s D) :

minmaxL yacan (., D) =
D

=E. [rGa)+y2 PG .V ()]

sSes
i k—1
IRL ,
. Song
IRL-IL,
IRL-1IL
, IRI-IL

(Multi-Agent

Generative Adversarial Imitation Learning,

MAGAIL).

. MAGAIL

E,,[ZkllogD,-(s,ai)]JrE,,‘ [Zk:log(l—Di(s,a,))]
i=1 ’ i=1

(36)

i . D; i



2 : 345

( ). )
) . (3
12, , )
D .
s MAGAIL 12 ,

GAIL, :

. V(T(El 77T2)2V(7TE1 ’7TE2)2V(7T1’7TE2) 37)

(2) . 9V(7‘f197T2):Eﬂ1,,,2|:7‘1(saa):| 1

s yigiibae FRIEZER
12
MAGAIL N N )
tor] — Bhattacharyya
(Multi-agent Actor-Critic with Kronecker-factors, 143) (Parameter-Sharing
MACK). MACK DDPG Generative Adversarial Imitation Learning,
(Multi-Agent DDPG, MADDPG )% PS-GAIL). GAIL
’ 9 Lo9] .
) : (D) 3 (2)
MAGAIL BC
MAGAIL
721
7.2 MACK

(Parameter-Sharing Trust Region Policy
’ ’ Optimization, PS-TRPO)

TRPO . PS-TRPO

, , PS-TRPO

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved. http://www.cnki.net



346 2020

,PS-TRPO N .
PS-GAIL PS-TRPO , MAIL
,  GAIL
PS-TRPO )
,PS-GAIL . )
8
PS-GAIL , (RL) )
7. 2 . s
7.2 2 : (GANs-IL)
(IRL-IL) )
(GANSs) RL
, GANs-IL
’ GANSs-IL N
. GANs-IL , (GAIL)
Shi (Virtual Taobao) )
L4 (Multi-Agent Adversarial Imitation Learning, GANs ,
MAIL). MAIL
s . . GANs-IL
, s GANs-IL
, (D GANs , GANs-IL
Kullback- ,
Leibler . , Lol (2) RL
] . GAN§114 N
s [101]
) (3) ,GANs-IL



347

[102]
b

(1]

[2]

(3]

(4]

[5]

[6]

(7]

(8]

[9]

[10]

[11]

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.

, RL
RL

[103]

Silver D, Huang A, Maddison C J, et al. Mastering the
game of Go with deep neural networks and tree search.
Nature, 2016, 529(7587) . 484-489
Abbeel P, Ng A Y. Apprenticeship learning via inverse
reinforcement learning//Proceedings of the 21st International
Conference on Machine Learning (ICML). Banff, Canada,
2004 1-8
Sutton R S, Barto A G. Reinforcement Learning: An
Introduction. Cambridge, USA: MIT Press, 1998
Liu Quan, Zhai Jian-Wei, Zhang Zong-Zhang, et al. A
survey on deep reinforcement learning. Chinese Journal of
Computers, 2018, 41(1);: 1-27(in Chinese)
( s s

, 2018, 41(1) . 1-27)
Gao Yang, Chen Shi-Fu, Lu Xin. Research on reinforcement
learning technology: A review. Acta Automatica Sinica,
2004, 30(1): 86-100(in Chinese)
( . s . . s
2004, 30(1): 86-100)
Zhao Dong-Bin, Shao Kun, Zhu Yuan-Heng, et al. Review
of deep reinforcement learning and discussions on the
development of computer Go. Control Theory and Applications,
2016, 33(6): 701-717(in Chinese)
( s s

, 2016, 33(6): 701-717)

Silver D, Schrittwieser J, Simonyan K, et al. Mastering the
game of Go without human knowledge. Nature, 2017, 550
(7676): 354-359
Mnih V, Kavukcuoglu K, Silver D, et al. Playing Atari with
deep reinforcement learning//Proceedings of the Workshops
at the 27th Neural Information Processing Systems (NIPS).
Lake Tahoe, USA, 2013: 201-220
Byrne R W, Russon A E. Learning by imitation: A hierarchical
approach. Behavioral and Brain Sciences, 1998, 21(5): 667-
721
Schaal S. Is imitation learning the route to humanoid robots
Trends in Cognitive Sciences, 1999, 3(6) . 233-242
Pomerleau D. Efficient training of artificial neural networks
for autonomous navigation. Neural Computation, 1991, 3(1):

88-97

[12]

[13]

[14]

[15]

[16]

[17]

[18]

(191

[20]

[21]

[22]

Bojarski M, Del Testa D, Dworakowski D, et al. End-to-end
learning for self-driving cars. arXiv preprint arXiv: 1604.
07316, 2016

Ross S, Bagnell D. Efficient reductions for imitation learning//
Proceedings of the 13th International Conference on Artificial

Intelligence and Statistics ( AISTATS).
2010: 661-668

Sardinia, Italy,
Ross S, Gordon G J, Bagnell D. A reduction of imitation
learning and structured prediction to no-regret online learning
//Proceedings of the 14th International Conference on Artificial
Intelligence and Statistics ( AISTATS).
USA, 2011: 627-635

Fort Lauderdale,

Li Yao-Yu, Zhu Yi-Fan, Yang Feng, et al. Inverse
reinforcement learning based optimal schedule generation
approach for carrier aircraft on fight deck. Journal of National
University of Defense Technology, 2013, 35(4): 171-175(in
Chinese)
( s .

, 2013, 35(4) .
171-175)
Jin Zhuo-Jun, Qian Hui, Chen Shen-Yi, Zhu Miao-Liang.
Survey of apprenticeship learning based on reward function
learning. CAAI Transactions on Intelligent Systems, 2009,
4(3): 208-212(in Chinese)
( s s s

s , 2009, 4(3): 208-212)

Ng A Y, Russell S J. Algorithms for inverse reinforcement
learning//Proceedings of the 17th International Conference
on Machine Learning (ICML). Stanford., USA, 2000: 663~
670
Levine S, Popovic Z, Koltun V. Nonlinear inverse reinforcement
learning with Gaussian processes//Proceedings of the 25th
Neural Information Processing Systems ( NIPS). Granada,
Spain, 2011. 19-27
Ho J, Gupta J] K, Ermon S. Model-free imitation learning
with policy optimization//Proceedings of the 34th International
Conference on Machine Learning (ICML). New York, USA,
2016 2760-2769
Ho J. Ermon S. Generative adversarial imitation learning//
Proceedings of the 30th Neural
Systems (NIPS). Barcelona, Spain, 2016 4565-4573

Information Processing

Goodfellow 1], Pouget-Abadie J, Mirza M, et al. Generative
adversarial nets//Proceedings of the 28th Neural Information
Processing Systems (NIPS). Montreal, Canada, 2014 2672~
2680

Wang Kun-Feng, Gou Chao, Duan Yan-Jie, et al. Genera-
tive adversarial networks: The state of the art and beyond.
Acta Automatica Sinica, 2017, 43(3); 321-332(in Chinese)

GAN
, 2017, 43(3): 321-332)

( . .

http://www.cnki.net



348

2020

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

(C)1994-2022 China Academic Journal Electronic Publishing House

Hinton G E, Osindero S, Teh Y W. A fast learning
algorithm for deep belief nets. Neural Computation, 2006,
18(7): 1527-1554

Reed S, Akata Z, Yan X, et al. Generative adversarial text
to image synthesis//Proceedings of the 33rd International
Conference on Machine Learning (ICML). New York, USA,
2016 1060-1069

van den Oord A, Dieleman S, Zen H, et al. WaveNet: A
generative model for raw audio//Proceedings of the 9th ISCA
Speech Synthesis Workshop ( SSW ). USA.,

2016 125-125

Sunnyvale,

Brock A, Donahue J, Simonyan K. Large scale GAN training
for high fidelity natural image synthesis. arXiv preprint arXiv:
1809. 11096, 2018

Ledig C, Theis L, Huszar F, et al. Photo-realistic single image
super-resolution using a generative adversarial network//
Proceedings of the 28th IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Honolulu, USA,
2017. 105-114

Kuefler A, Morton J, Wheeler T A, Kochenderfer M J.
Imitating driver behavior with generative adversarial networks //
Proceedings of the 28th IEEE Intelligent Vehicles Symposium
(IV). Los Angeles, USA, 2017 204-211

Eysenbach B, Gupta A, Ibarz J, Levine S. Diversity is all
you need: Learning skills without a reward function. arXiv
preprint arXiv: 1802 06070, 2018

Arjovsky M, Bottou L. Towards principled methods for
training generative adversarial networks//Proceedings of the
5th International Conference on Learning Representations
(ICLR). Toulon, France, 2017

Baram N, Anschel O, Caspi I, Mannor S. End-to-end
differentiable adversarial imitation learning//Proceedings of
the 34th International Conference on Machine Learning
(ICML). Sydney. Australia, 2017 390-399

Blonde L, Kalousis A. Sample-efficient imitation learning via
generative adversarial nets//Proceedings of the 22nd Interna-
tional Conference on Artificial Intelligence and Statistics
(AISTATS). Naha, Japan, 2019: 3138-3148

Merel J, Tassa Y, Dhruva T B, et al. Learning human
behaviors from motion capture by adversarial imitation. arXiv
preprint arXiv: 1707. 02201, 2017

Lin Jiahao, Zhang Zongzhang. ACGAIL: Imitation learning
about multiple intentions with auxiliary classifier GANs//
Proceedings of the 15th Pacific Rim International Conference
on Artificial Intelligence (PRICAI). Nanjing, China, 2018:
321-334

LiY, Song J, Ermon S. InfoGAIL: Interpretable imitation
learning from visual demonstrations//Proceedings of the 30th
Neural Information Processing Systems (NIPS). Barcelona,

Spain, 2016: 3815-3825

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

. All rights reserved.

Wang Z, Merel J, Reed S E, et al. Robust imitation of
diverse behaviors//Proceedings of the 31st Neural Information
Processing Systems (NIPS). Long Beach, USA, 2017 5320~
5329

Baram N, Anschel O, Mannor S. Model-based adversarial
imitation learning. arXiv preprint arXiv: 1612 02179, 2016
Jeon W, Seo S, Kim K E. A Bayesian approach to generative
adversarial imitation learning//Proceedings of the 32nd
Neural Information Processing Systems ( NeurIPS) : Montreal,
Canada, 2018 7439-7449

Kochenderfer M J. Decision Making under Uncertainty:

Theory and Application. Cambridge, USA. MIT Press,
2015

Littman M L. Markov games as a framework for multi-agent
reinforcement learning//Proceedings of the 11th International
Conference (ICML). New Brunswick, USA, 1994. 157-163
Stadie B C, Abbeel P, Sutskever I. Third-person imitation
learning//Proceedings of the 5th International Conference on
Learning Representations (ICLR). Toulon, France, 2017
Torabi F, Warnell G, Stone P. Generative adversarial imitation
from observation. arXiv preprint arXiv: 1807. 06158, 2018
Bhattacharyya R P, Phillips D J, Wulfe B, Morton J. Multi-
agent imitation learning for driving simulation. arXiv preprint
arXiv: 1803, 01044, 2018

Shi Jingcheng, Yu Yang, Da Qing. et al. Virtual-Taobao:
Virtualizing real-world online retail environment for reinforce-
ment learning//Proceedings of the 33rd AAAI Conference on
Artificial Intelligence ( AAAI). USA, 2019:

4902-4909

Honolulu,

Xu Xin, Shen Dong, Gao Yan-Qing, et al. Learning control
of dynamical systems based on Markov decision processes:
Research frontiers and outlooks. Acta Automatica Sinica.,
2012, 38(5): 673-687(in Chinese)
( s s

, 2012, 38(5): 673
687)
Doucet A, de Freitas N, Gordon N. An introduction to
sequential Monte Carlo methods. Sequential Monte Carlo
Methods in Practice. New York, USA. Springer, 2001;: 3-14
Tesauro G. Temporal difference learning and TD-gammon.
Communications of the ACM, 1995, 38(3): 58-68
Williams R J. Simple statistical gradient-following algorithms
for connectionist reinforcement learning. Machine Learning,
1992, 8(3-4). 229-256
Schulman J, Levine S, Abbeel P, et al. Trust region policy
optimization/ /Proceedings of the 32nd International Conference
on Machine Learning (ICML). Lille, France, 2015: 1889-
1897
Schulman J, Wolski F, Dhariwal P, et al. Proximal policy
optimization algorithms. arXiv preprint arXiv: 1707. 06347,

2017

http://www.cnki.net



349

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

L60]

[61]

[62]

[63]

(C)1994-2022 China Academic Journal Electronic Publishing House

Schulman J, Moritz P, Levine S, et al. High-dimensional
continuous control using generalized advantage estimation//
Proceedings of the 4th International Conference on Learning
Representations (ICLLR). San Juan, Puerto Rico. 2016

Zhou Zhi-Hua. Machine Learning. Beijing: Tsinghua University
Press. 2016(in Chinese)

( . . : , 2016)

Ziebart B D, Maas A, Bagnell ] A, Dey A K. Maximum
entropy inverse reinforcement learning//Proceedings of the
23rd AAAI Conference on Artificial Intelligence ( AAAI).
Chicago, USA, 2008 1433-1438

Bengio Y, Courville A, Vincent P. Representation learning:
A review and new perspectives. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2013, 35 (8):
1978-1828

Witten I H, Frank E, Hall M A. Data mining: Practical
machine learning tools and techniques. The Morgan Kaufmann
Series in Data Management Systems, Amsterdam: Elsevier,
2011. 1-629

He Kaiming, Zhang Xiangyu, Ren Shaoqing, Sun Jian. Deep
residual learning for image recognition//Proceedings of the
27th TIEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Las Vegas. USA, 2016. 770-778
Ciresan D, Meier U, Schmidhuber J. Multi-column deep
neural networks for image classification//Proceedings of the
23rd TEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Providence, USA, 2012 3642-3649
LiY, Swersky K, Zemel R S. Generative moment matching
networks//Proceedings of the 32nd International Conference
on Machine Learning (ICML). Lille, France, 2015 1718-
1727

Salakhutdinov R, Hinton G E. Deep Boltzmann machines//
Proceedings of the 12th International Conference on Artificial
Intelligence and Statistics (AISTATS).
USA, 2009 448-455

Clearwater Beach,

Arjovsky M, Chintala S, Bottou L. Wasserstein generative
adversarial networks//Proceedings of the 34th International
Conference on Machine Learning (ICML). Sydney, Australia,
2017, 214-223

Nowozin S, Cseke B, Tomioka R. {-GAN: Training generative
neural samplers using variational divergence minimization//
Proceedings of the 30th Neural Information Processing Systems
(NIPS). Barcelona, Spain, 2016 271-279

Odena A, Olah C, Shlens J. Conditional image synthesis
with auxiliary classifier GANs//Proceedings of the 34th
International Conference on Machine Learning ( ICML).
Sydney, Australia, 2017 2642-2651

Chen X, Duan Y, Houthooft R, et al. InfoGAN: Interpretable
representation learning by information maximizing generative
adversarial nets//Proceedings of the 30th Neural Information
Processing Systems (NIPS) . Barcelona, Spain, 2016 2172-
2180

[64]

[66]

[67]

[68]

(691

[70]

[71]

[72]

[73]

[74]

[75]

[76]

. All rights reserved.

Kingma D P, Welling M. Auto-encoding variational Bayes//
Proceedings of the 2nd International Conference on Learning
Representations (ICLR). Banff, Canada, 2014

Im D J, Ahn S, Memisevic R, et al. Denoising criterion for
variational auto-encoding framework//Proceedings of the
31st AAATI Conference on Artificial Intelligence ( AAAD).
San Francisco, USA, 2017 2059-2065

Mescheder L., Nowozin S, Geiger A. Adversarial variational
Bayes: Unifying variational autoencoders and generative
adversarial networks//Proceedings of the 34th International
Conference on Machine Learning (ICML). Sydney, Australia.
2017 2391-2400

Finn C. Christiano P, Abbeel P, Levine S. A connection
between generative adversarial networks, inverse reinforcement

learning, and energy-based models.

1611. 03852, 2016

arXiv preprint arXiv:

Syed U, Schapire R E. A game-theoretic approach to appren-
ticeship learning//Proceedings of the 20th Neural Information
Processing Systems (NIPS). Vancouver, Canada, 2007 1449~
1456

Kingma D P, Ba J L. Adam: A method for stochastic optimization
//Proceedings of the 3rd International Conference on Learning
Representations (ICLR). San Diego, USA, 2015

Cardamone L, Loiacono D, Lanzi P L. Learning drivers for

TORCS through imitation using supervised methods//
Proceedings of the 2009 IEEE Symposium on Computational

Intelligence and Games (CIG). Milano, Italy, 2009. 148-155
Todorov E, Erez T, Tassa Y. MuJoCo: A physics engine
for model-based control//Proceedings of the International
Conference on Intelligent Robots and Systems ( IROS).
Vilamoura, Portugal, 2012, 5026-5033

Babes-Vroman M, Marivate V, Subramanian K, Littman M.
Apprenticeship learning about multiple intentions//Proceedings
of the 28th International Conference on Machine Learning
(ICML). Bellevue, USA, 2011. 897-904

Mirza M, Osindero S. Conditional generative adversarial
nets. arXiv preprint arXiv: 1411. 1784, 2014
Hausman K. Chebotar Y. Schaal S, et al. Multi-modal
imitation learning from unstructured demonstrations using
generative adversarial nets//Proceedings of the 31st Neural
Information Processing Systems (NIPS). Long Beach, USA,
2017 1235-1245

Kuefler A, Kochenderfer M ]J. Burmin demonstrations for
multi-modal imitation learning//Proceedings of the 17th
International Conference on Autonomous Agents and
Multiagent Systems (AAMAS). Stockholm, Sweden, 2018.

1071-1078
Larsen A B L, Sonderby S K, Larochelle H, Winther O.

Autoencoding beyond pixels using a learned similarity metric//
Proceedings of the 33rd International Conference on Machine

Learning (ICML). New York, USA, 2016, 1558-1566

http://www.cnki.net



350

2020

[77]

(78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

(C)1994-2022 China Academic Journal Electronic Publishing House. All rights reserved.

Rezende D J, Mohamed S, Wierstra D. Stochastic backprop-
agation and approximate inference in deep generative models//
Proceedings of the 31st International Conference on Machine
Learning (ICML). Beijing, China, 2014. 1278-1286

Jang E, Gu S, Poole B. Categorical reparameterization with
Gumbel-Softmax. arXiv preprint arXiv: 1611 01144, 2016
Cho K, van Merrienboer B, Gulcehre C, et al.

using RNN

Learning

phrase representations encoder-decoder for

statistical machine translation. arXiv arXiv:

1406. 1078, 2014

preprint

Peters J, Bagnell ] A. Policy gradient methods. Encyclopedia
of Machine Learning. Boston, USA. Springer, 2010. 774~
776

Silver D, Lever G, Heess N, et al. Deterministic policy
gradient algorithms//Proceedings of the 31st International
Conference on Machine Learning (ICML). Beijing, China,
2014, 387-395

Sutton R S, McAllester D, Singh S, et al. Policy gradient

methods for reinforcement learning with function
approximation//Proceedings of the 13th Neural Information
Processing Systems ( NIPS). Denver, USA, 1999. 1057-
1063

Lillicrap T P, Hunt J J, Pritzel A, et al. Continuous control
with deep reinforcement learning//Proceedings of the 4th
International Conference on Learning Representations (ICLR).
San Juan, Puerto Rico, 2016

Pfau D, Vinyals O. Connecting generative adversarial
networks and actor-critic methods. arXiv preprint arXiv:
1610. 01945, 2016

Sutton R S. Learning to predict by the methods of temporal
differences. Machine learning, 1988, 3(1): 9-44

Tzeng E, Hoffman J, Zhang N, et al. Deep domain confu-
sion: Maximizing for domain invariance. arXiv preprint arX-
iv, 1412 3474, 2014

Sundermeyer M, Schluter R, Ney H. LSTM neural networks
for language modeling//Proceedings of the 13th Annual
the Speech  Communication

Association (ISCA). Portland, USA, 2012. 194-197

Conference of International
Oh J, Chockalingam V, Singh S, Lee H. Control of memory.
active perception, and action in Minecraft//Proceedings of
the 33rd International Conference (ICML). New York,
USA, 2016 2790-2799

Wierstra D, Forster A, Peters J. Schmidhuber J. Recurrent
policy gradients. Logic Journal of the IGPL, 2010, 18(5):
620-634

Chung J. Gulcehre C, Cho K H, Bengio Y. Empirical
evaluation of gated recurrent neural networks on sequence
modeling. arXiv preprint arXiv: 1412 3555, 2014

Aytar Y, Pfaff T, Budden D, Le Paine T. Playing hard

(921

[93]

[94]

[95]

[96]

971

(98]

[99]

[100]

[101]

[102]

[103]

exploration games by watching YouTube.

arXiv: 1805 11592, 2018

arXiv preprint

Torabi F, Warnell G, Stone P. Behavioral cloning from
observation//Proceedings of the 27th International Joint
Conference on Artificial Intelligence (IJCAI). Stockholm,
Sweden, 2018: 4950-4957

Edwards A D, Sahni H. Schroecker Y, Isbell C L. Imitating
latent policies from observation. arXiv:
1805. 07914, 2018

Gibbons R. A Primer in Game Theory. Upper Saddle River,

USA . Prentice Hall, 1992

arXiv preprint

Hu J, Wellman M P. Multiagent reinforcement learning:
Theoretical framework and an algorithm//Proceedings of the
15th International Conference on Machine Learning (ICML).
Madison, USA, 1998. 242-250

Song J, Ren H, Sadigh D, Ermon S. Multi-agent generative
adversarial imitation learning//Proceedings of the 31st Neural
Information Processing Systems (NIPS). Long Beach, USA,
2017, 7471-7482

Wu Y, Mansimov E, Liao S, et al. Scalable trust-region
method for deep reinforcement learning using Kronecker-
factored approximation//Proceedings of the 31st Neural
Information Processing Systems (NIPS). Long Beach, USA,
2017 5279-5288

Lowe R, Wu Y, Tamar A, et al. Multi-agent actor-critic for
mixed cooperative-competitive environments//Proceedings of
the 31st Neural Information Processing Systems ( NIPS).
Long Beach, USA, 2017: 6379-6390

Gupta ] K, Egorov M, Kochenderfer M ]J.

Cooperative

multi-agent control using deep reinforcement learning//
Proceedings of the 16th International Conference on Autonomous
Agents and Multiagent Systems ( AAMAS).

Brazil, 2017 66-83

Sao Paulo,

Peng X B, Kanazawa A, Toyer S, et al. Variational discrim-
inator bottleneck: Improving imitation learning, inverse RL,
and GANs by constraining information flow. arXiv preprint
arXiv: 1810. 00821, 2018

Choi J, Kim K E. Inverse reinforcement learning in partially
observable environments//Proceedings of the 21st Interna-
tional Joint Conference on Artificial Intelligence (IJCAI).
Pasadena, USA, 2009. 1028-1033

Peng X B, Abbeel P, Levine S, Van De Panne M. DeepMimic:
Example-guided deep reinforcement learning of physics-based
character skills. ACM Transactions on Graphics, 2018, 37(4) ;
143:1-143:14

Pinto L, Davidson J, Sukthankar R, Gupta A. Robust
adversarial reinforcement learning//Proceedings of the 34th
International Conference on Machine Learning ( ICML).

Sydney, Australia, 2017, 2817-2826

http://www.cnki.net



LIN Jia-Hao., M. S. candidate. His
main research interests include imitation

learning and reinforcement learning.

Background

Imitation learning based on generative adversarial nets
(GANs-IL), as a combination of the adversarial training
mechanism of generative adversarial networks and the idea of
the iterative improvement in imitation learning methods based
on inverse reinforcement learning, has achieved remarkable
successes in a variety of domains, such as autonomous
driving, simulation, robotic control, and so on. Our paper
introduces the main idea of generative adversarial imitation
learning (GAIL), summarizes two main problems in GAIL.,

outlines many solutions to these two problems, discusses
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