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Building a Human-Like Agent Based on a Hybrid of Reinforcement and Imitation Learning
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Reinforcement learning (RL) builds an effective agent that handles tasks in complex and uncertain environ-
ments by maximizing future reward. However,the efficiency is insufficient for practical use such as game Al and
autonomous driving. An effective but selfish agent conflicts with other humans,and hence the demand of a human-
like behavior arises. Imitation learning (IL) has been employed to trains an agent to mimic the actions of expert
behaviors provided as training data. However,IL tends to build an agent limited in performance by the expert
skill,and even worse,the agent exhibits an inconsistent behavior since IL is not goal-oriented. In this paper,we
propose a training scheme by mixing RL and IL for both discrete and continuous action space problems. The
proposed scheme builds an agent that achieves a performance higher than an agent trained by only IL and exhibits
a more human-like behavior than agents trained by RL or IL,validated by human sensitivity.
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2. BEEMR
2.1 #{t%¥E & Deep Q-Networks

mALFEE (RL) 203 7HE#EfE (MDP) O Fefll A
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S, A, Py, Ro,y > M5 oTW5., ZIZTSITIREEHTHY,
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o7z, AREE &' ITERT AR TH D, Ra(s,s) ITRE s
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HERATENZE R DY, Deep Q-Networks (DQN) [Mnih 15]
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L E21CflE NG (T BREDRALATY TTHD). *
T, TV VY MER alRKAET 2178 a 2HLD. Hif
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Q" (st,a:) = Es, ) me[re + ymax Q" (se41, at41)|5¢, 0]
ag
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2.4 Generative Adversarial Imitation Learning
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2.5 HFEDOER

R FBEETNVORTEEETVEIMT 2FIETH
5. HEid o FEHIZHWSNEN—RX—2v ;b (one-hot
label) DD DIz, BHiET VDI EEY 7 bR =7y
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bR =2y N OEERPERIBRICOEREETWS. HlX
i, OEGREANTEE, GTHD” HERP—FFEL, “R
THhDHERITASTHEHERL OV HFINS. &
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Algorithm 1 Generative Adversarial Imitation Learning

1: Input: Expert trajectories 7 ~ 7g, initial policy and
Discriminator parameters 6o, wo
2: for i=0,1,2,... do
3:  Sample trajectories 7; ~ my,
4: Update Discriminator parameters from w; to w;t1
with the gradient
5. B, [Vwlog(Duw(s,a))] + Erpy [Vwlog(l — Dy (s, a))]
6:  Take a policy step from 6; to 0;+1, using the TRPO
rule with cost function log(Dw+1(s, a)).
7:  Specifically, take a KL-constrained natural gradient
step with
8. Er.[Vologme(als)Q(s,a)] — AVoH (ms),
9:  where Q(5,a) = E;,[log(Duw,; ., (s,a))|s0 = 5,a0 = @
10: end for
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NIA=RE ac(0,1) &L, BETZHUEBUILTDO LS
A

Lmiz(ﬂ) = a‘C‘irRL (TF) + (1 - a)‘Cﬂ'HE (TF)

HERATEIER DS E, BIEE O AR E, BREEO
BEAZ%E [Hinton 15, Rusu 15] IZf¢> TU FORET VY b1
ViR UTERT 5.
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T, AMHZFAARA= PRI NE T =X 2 N—R X =7y b
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BT CHELZLEDEY 7 NR=7y b T 5. mEIIZ,
BRI TDO L5124 5.
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M TEIZEH OGE, B EkE LT 24 HiTRN Iz
GAIL 25, GAIL EIZHBEET NV 7 poY T v
INFHE T~ 2BELE TS, GAIL 2B 55508 D,
IR b B BB £ T VICR/IMEE 5 HINE
Bk

L+ (7) = Eronllog( D (s, ) +E -+~ [log(1= D (5, 0))]

L. T T IRERET VRS VT v N
T~T THD.

AL BB, BT TV E AR T F 28— b iRk
BETNIZTEDT, TNFNDIZXF A= PS8 thE ~
THE & TR ~ Trp 2V TV VT L. X 5T, BiEDE
JB%E

cmiz (ﬂ') :ETNW[lOg(Dw (Sv a’))]
+ a Ergpnnpy [10g(1 = Du(s, a))]
+ (1= a)Eryprrypllog(l — Du(s,a))]

(1)

WWEEMZ 2 Z N TEL, BRI, B8 Dy, TR
T 28— b 2L EE TN O EFOME ik 2 Rd 5 &
SIZFEHEN, ZOHMEERERE S LI BT T
Vo DA FRITEDE, WD ¥ A N— N DR % K
THLH/mEING.

4. EE&

4.1 Atari 2600 Game: Gopher

RETFEE £ THEETEIZRI O Gopher 2\ 5 Atari 2600
VAT LD =LA U, 207 —A0EEEE, BRE L
THIR A S FIZHTL 240294 (Gopher) 2XAZDEN 72N
£, EHIZEWEZDREZHDZVTEZTHD. AT
F 28— b LilfgEAD DQN € FILHRZENEF 4 55, 000 D 7
V—LaRE L7 B, Fifizy b & 50, 000, TAMEY M
5, 000 & UCH¥EETo7. BT, AHET VRIS 5720
IZ#EH 107" @ Adam optimizer [Kingma 14] & Dropout
RO5ZMHLE. BEOAELZ T =01, ML— N4 7HK
oa=0.93 & UTEREIT- 72,

4.2 Torcs

Torcs [Wymann 15] 13 HEREIR O Ted L SRMA S 1
532l —ZD—D2TH? [Lau 16] [You]. FEhklk, Gym
Torcs Bibi [Yoshida 16] 2 RXR—AIZ U7z, T—Y v MO
Pz lid# A S ¥ £ TORREE, BOHE L TOMmEE, BED#
FERHIRE S &, 2K T 65 DMHDR 5% > TWad. f7E)%
Mix=>0%ER EfH] & TEsE] »572->TED, IY
5 BfEI [-1.0,1.0] DHEPHIZER S0 5. WIMBIEIRE - 72 iHH
12U, 8#{b% 3 €5 )% OpenAl Baselines [Dhariwal 17] @
DDPG ZHIZFHI L7z, 512, ABSULEIBRSITSNS
WIHHBHND L ST, Tores ¥ ab—RITEHARY b2 L7
b, AEZFAS=MZ 60D 220 TEY =& 7L A 34,
DT —REPELZ. BB ET—Y v e, Af
IFZANR—bDT—X ET, BFEFETLVOIEFU L,
OpenAl [Dhariwal 17] ® GAIL 2 W CHl217o 7. &k
12, GAIL Ol #H % Eq. 1 TRESN@ED ERL,
HOLFXFAN— hDEEELT5720IT ML — N4 745
a=05 I UTRELZMEETIVOFEEITo 7.

4.3 AB5S L ORISR
HETVDOITMEIE, EFNVDAMS U X 2T 5720
WX TN - T 54 v R CRRIERRZ F L 72, Z OB IE BN
23 N, M3 ANDEF 26 A\OFEREEZNRIZ U2, ik 27
S 59 %, FHEMIT 48 THY, MREEZ xR )
Y—FOREETH L. £H, KFAEURTICARHEDNE & E
BHZIZ B A e D o 72, HIDIZ, BEBIZET — LDV —IL%
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T— LRSS EERL 2. FHEOARIE, KFEE, T4
12 2 AOHH (Gopher D58 15 7, Tores D54 30 #)
ERALL, AR AL 2 O¥IWr & 2 DM H 2 KL 7-.

5. MEREER

5.1 Atari 2600 Game: Gopher

MERRIZBI L C, sBOEWIEIZ £ 7, i@bFE €TV (DQN),
WICRELU-@EET IV, BBICABTF A 8- 2D
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Table 1 IZZ#kd 5.

5.2 Torcs

PEREDFHMIZBIL T, 3, TOTNDABTF A=},
GAIL 12 & 2 A ofsfit, w8 DDPG @& E€ETILD
SR Hole U 7=, 36 Table 2 123089 5. 8L D, GAIL
VXEIE A D TR E OV PE RN R Y b ORI EN
TWaBH, AT F 28— b OBRORIRIZFIMARNZ & A3
BHIX N, 2hE, ARBITF 28— b OFEITEMT, EA
M= a—S)3y b7 — 2 TORWAREE L L HEI 5.

— /T, BELEMEEFNVEMZIE, BILFEEFVOE
P AT 28— b DA 0 75 &\ S BBz ks U
2. T50, AT F 2= E{bEEETFT LD L S I284kK
DIy IEENDLDITHoTz.

ARITH 5 LS N EEMEWIEIZ, £9, BbPEE
7V (DDPG) 1 “E2D0HT E 2" X “El THZM»S”
EWHHIT, 0 AMS LRV EEHE I, Bk,
ABTZ 3 28— MIAM S UL nw el S -, [| CEEiz
WUT, BEEDIA Y MRZRRTH DD, & D IRNEREE R
LAz —Y =Y MR ABZEF A= X b A5 L
WX N7z720, Gopher £[HIU L, AMTF A/ A— T
REINERITEVEWR S, REIL, BEET VidERE AM
SLWEHl Sz B, ik EE T VSR WEREE R U7z,
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Table 1: Gopher DifEHR

= AE
I—vzvh ¥ mE HldrR (%)
NG 23.87 19.81 55.70
s bFE (DQN) 40.30 36.81 32.69
R 23.91  23.79 59.62
BREFE (RL+IL)  26.05 24.31 59.62
1hLE 2fiz ENETNRTFE FETRT

Table 2: Torcs DR
s (x10%) AE

T-vrvh T OREHEE (%)
N 40.17  3.63 50.00
wibE (DDPG)  40.45 0.43 30.77
i 23.99 1.16 51.92
EFiE (RL+IL)  36.63  1.32 61.54

LhL& 24 ZNZENRT L TR

EERELU 7. s L B E O RIS IRIC DO W' T
ViEt L, HEBITEIZEM O X A2 TH S Atari 2600 7 — L &
M TEN S DR A2 TdH D Tores ¥ I a L —RIZHEH LU 7=,
PEBEZ 3P U 72 L, SRR CIRET T VDO AR S U X % 2
U7z, IBEETIVIE, bFEEe TV &SRR E e AMT
F A8 — b DD F ORI LI U 7.

7. HEE

AW, J ST, AkttflidEdsE, JPMIMIISB4 DX
BEZI-E0OTHS. BERBICZH I 2HE £ U2gK
ST A AV —FITELSIEHEL 29, KRXOKIE%R
7o T NP FIRE & AT EEERER L £ 9.
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