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In this work, we propose a new framework of imitation learning that is designed to infer the multiple reward func-
tions. We introduce latent variables to discriminator and generator in Generative Adversarial Imitation Learning
(GAIL) to learn different reward functions and policies for different tasks. In order to control the balance between
imitate expert directly (early convergence) and to enhance variance of policy (sample various data and learning
robust reward), we introduce entropy regularized correction term in generator’s objective function. We guarantee
that the objective function has the unique optimal solution by the same discussion as GAIL. In the experiment at
the grid world problem, we show that our framework can infer multiple reward functions and policies that represent

different tasks efficiently.
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EEMTCEHBO Y A 7 REETES. L L, FEaicx, —
DDY AT ZENT HEBOFREER L2 LR L TWED
HTH%. F7-, conditional GAIL D 2EE AN B D HEAEDS
PREES LTz, RRZAERRS O HIWBEIc = v b v ©—1EH]
LIEDE T Wi\, GAIL [Ho 16] O RERE & B
D, fRO—EEICET 2ERISEATE R WTREED S 2.

3. REFE

PREFIEE, BRESE L RN O T I LT EEE
cBEAT LI LT, BHOY A ICRIGT % WINBIE & 75
n(als,c) Z¥ET 5, 112, REFEOWMEKZ RS, Af
TR, BREOITET — IR L CHANC Y A7 2 RET
LBHEEENEZ6NT0D EIRET S,

A (Generator, [XIFFD G) 13IRHEE s EIBTEAEL ¢ 28]
WL T, 178)a OFERMEEEZHIT 2, —77, Wkilas (Dis-
criminator, [XFF® D) 3REE s, 1THa B X OEHELE c %
ATTE LTI, Z06 &AL 72003 lid & #oR
FHOEL L TH 0% MNT 5. @AlEROHIE [0, 1] DAA
7—fETHY, FRFEOTET—FIIHNL TEWEL T
L X HEZLTS . AU THERERE, FRANEREREERR T 5
&9 BATEREIER 2§ 2 X 9 I EH %217,

REFEOHIWEEZ USRS, GAIL & FEkIC, =20
FEE TV O CTHIHB L & il TR mp & RIS R ® 5
AT, AER & B DM T ITFELEREZEANT 5 LT,

B2 28 A7 WIS 2RISR X 05K n(als, o) ST
52 EDTEETH D,

minimize By, [log(Day (s, a,¢))] + Eg, [log(l — Doy (s,a,0)] (2)

maxgmize B, [10g(Day (s, a, ¢))] — By, [log(l — Doy (s.a, )] (3)

7R L, wBL0EZzNZEN, @R L ERERD/ T XA =4
Thb, ZIT, RETHEIT Adversarial Inverse Reinforcement
Learning (AIRL) [Fu 17] TIE I 178 OME 2@ H L ¢,

exp(fuw (s, a,c))

Dy (s,a,c) = exp(fu (5, @, ©)) + 7o(als, ©)

“

EEFRTS, RQ)ITHLT@ 2Z2RATEIET, GAND
FEANK D, RO L 2RI DU R 2SRAL T 5.

[ (s,a,¢) =logn*(als,c) = Q" (s,a,c) — V*(s,c) = A*(a, s, c)
©)

72721, n(al, s, o) WEEGETTHE, V(s, o) \Xor R BEiE B £,
0*(s,a,c) 3B TEMIMEREEL, A*(s,a,¢) 1Z 7°(al, s,c) DD &
TOT7 FNvT—=YB#ch 2. XG) DH>HOEFIL, =
v b u E—IEAEA =L a 7 PeEiEfE [Nachum 17] 1I2E8 W,
ERHLDRED 1 DFA DALY 5.

X512, PEELZZHMWEED GAIL & FEEDHERIZ L > T
EHE RO 2 L2 RIET 5, 2D, DUNOAEDL
RVAC

iRl 1. $RETIEO HBIEIE UT D i b & ST d 5.

argmin — H(n(als, c)) + ¥ (o(s,a,c) — pe(s, a,c)) (6)

mell

MW RBEEERE ALy Fu Y —1EAkAe v a 7
PEREZ % 2, GAIL & [AkkIC >0 HWEI% (2), (3) 2=k
6) IIRETRECH 2 Z L 2R T I L CHEATRETH 5. GAIL
& DAEFIIIEA R 2B A L ZHRIAG p(s,a,¢), T +0
Y'— H(n) = B, [-logn(als,c)] L T3 HTH .

AMETIEZ 61, FHOMBEZHNE LT, EREHD
HIBBz 3 LTz v b v & —IEHIEIEIC 63 2 fRECH R
Blogn(als,c) ZEANT 2,

maxiemize By, [10g(Day (s, a, )] — Eg,y[log(l — Doy (s, a, ¢))]

+ BE, [log(me(als, ©))]

=By, [fuw(s,a,0)] = (1 = BEg,[logme(als, )] (7)
v b C—IERBEICN§ 2 REHIED ST X =% B [0,1]
BARDOEHICE O CGRIlG > o B o s Hilom M & =
v b a E— MO BEEE 2 J1H S 2R 2 A9, AR
IR EREHETSH LT, v bu—FHLIEZ /X
L, BREDOTRZIEMBT 2 EEH 2D 5, —T5, &
BHEMEZy P E—EAMHZ RELC 52 LT, Bl
DR ZMEL, RE, TEIZMEERZED 5 X9 2IULMERED
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Algorithm 1
1: Input:
2: + Expert trajectories, latent variables, entropy-regularization

correction parameter and scheduling parmeter

3 Te ~ g, cg ~ pc), B, AB
* Initial Generator and Discriminator parameters and learning

B

rate for Discriminator
5 0 =06), w=w), Ay
6: Learnig:
7: fori=0,1,2,...do
8 * Sample latent variables and trajectories
9

¢ ~ p(c), T ~ my,

* Discriminator update
11: Wiy = W; + Ay Aw;
12: where Aw; = By, [V log(l — Doy (5,4, 0))]
13: +Ez, [V 10g(Doy (5, a, €))]
14: * Generator update (using policy gradient algorithm) with
following reward function
15: Rrg =102(Dwy,, (5,0, 0))
16: —10og(1 = Dy, (s, a,c)) + Blog(my(als, )
17: * Schedule Entropy corrention parameter
18: BB+ AL
19: end for
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THALZZZY Yy F7— L FERT, AWFETIE, 11x11 D
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v b e v —IFH{LEIEE (Entropy Regularized Correction
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