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f4 % >] (Imitation Learning) (IL) —— TERA S SR FHEEAREEM TN FEFGLL M

MEF P52 & FiEEREAR (H1 Fifr:

) BANRLF R 3 T B g v SR i) (D AREFRIUTMREERELAES:

Vikr (2)IB I RLITIEXT H 5% T T8 I bR 5 pR 50 >,
153 D 2ETR RS P AR RS S B B F RS

(ConditionalGenerativeAdversariallmitationLearning,

SHERNRERES s
=
7 CGAIL

posmimr | wrEARE (o
(BehE%O%;E';g')O”'“g J Aggregation) 5% FRESESIRE

ys . AEGRE
{ 1855 ]‘ Vw = ‘ SEHS LENERNABEEST J

= GenerativeAdversarial ImitationLearning with Auxiliary
= L TR (
WG | RS [ .
_[ (Adversarial > (Generative
I

Classifier, & #k ACGAIL)
Adversariallmitation

mitation Learning) J L Leaming (&FRGAIL)

enerative Adversarial Imitation Learning, &R MGAIL)

ST AR A AR e { ETFHER A RRSHUE > ik (Model-based J
G




TR RPEEE (BC, Behavioral Cloning)

A7 N e B R SE PR AR 5 AR I B 22 ST 45 CnEHE o 26 IETD LT 5E 4 —F.
HPB—: WHEL KLY (Data Collection)

BATCRE N EFRES—NRFE S TMERIHPIRA (Observation) A FrHATHIZIE (Action) o Kfix Euds 834 i}
— YRS D, HPEE T REIPIRES-SIEX: D={(sl,al),(s2,a2),(s3,a3),...,(sN,aN)} .

PR WEREEHBE (Problem Formulation)

A TR XA B LA N — A ) M B 2 S AR 55
AT H bR 7 ) — AR ARY 7, (@] ) GRS 2 — MM 2%, 0 2MZESHD , fii145 7,(als) )4 H S Al sekh e
T HE ST K AME a.

BB=. #A%EEE5YIZ (Model Selection & Training)

ot FARRR 2 () — AT B AR 77, (0 RTINS ED |, —MNIRFEA (s, a) AT LR R A
zy(als) o Bk, HRMWREAIRE R AT IR IR A .

max E log m(als)
o ERISIX[A]
(s,a)eD

s.t. Z mo(als) =1, VseS.
acA



1T H=EEE (BC,Behavioral Cloning)

max Z log (als)

7o €RISI x| A

A PASS UE_F 3 23 206 BB ) A — e
feirlEr, I H s o I 20143 BROIR
A MNBAE AN By 7R A] R R SRR (7] AR
fa B, BRI S, Ui el BURTHEORK
i ST EEE DI ERRE s, FA14

XE () Ronanplgsk, Bl AR, B4
H(Y=1; &AM N(I=0. XTHIEERBAHI
A HPRAS s, FATT AT A HBE 3 A N — 1352
34, WELU n(als) = 1/|Al



2 1T RebpEEE (BC,Behavioral Cloning)

R BEGIRE

== training trajectory
. =mm 7y expected trajectory

when driving for itself, the network may occasionally stray from —
the center of road and so must be prepared to recover by steering N

. S e 7. ma(ai]oy)
the vehicle back to the center of the road B D

. . . 7 P ‘-La-(ﬂt")w...' )
Dean A Pomerleau. “Alvinn: An autonomous land vehicle in LR SR

a neural network”. In: Advances in Neural Information
Processing System. 1989

A A T BN R, S EUR SRR B R R F L T
ZFKPE, NI 2R SR AT R 22, B AT N B Vit

flR T V%
DAgger& ik

I EARAw Y i



A

DAgger E 3%

NTRRE G IRZENE, StéphaneRoss%E A2 T DAgger (DatasetAggregation) ik, IXZ&—A>
FETAEZ 5 >] (OnlineLearning) HI%VE, HACAT ATERES 2R SIAEARRIAZH, R=4H
AR . AEIX S A EE b, DAgger<x [ & 5 SRS g /Bl SRS a B EdELE I,
DAgger<s ST AT N E AT 2R, AEHERELE - XN IESAMESHT. HTH
P¥E A ERAC H, DAgger B iFES KR/ N AR YT R PR BANE,  NNE G iR %

Algorithm 1 DAgger H %

I ¥R IESE D MM 1o

2: forepisode: =1,2,....7 do

3 HEIRGEE T =G+ (1= B)T.

s Abm GEHEBRCHAE - ARIOEE . |
5. [ EFERRBISERBIHEIESE D = {(s,7°(s) : s € tr}.
6: W HIEHED <~ DUD;,

7. ARG e RS B EE A AT N SR I RO

8:

end for




" SMARTFES

SoHPT TR A7 2 > B T30 1) s Ak 2 ST FR A5 2 ] (ImitationLearningvialnverseReinforcementLearning, {6 #X IRL-1L) /7 515
*

IRL-NL B85 S SRS S FH AR SR 1) 0 S 23 50 R B0 5 L 110 S 0 RO . DA T B8 300 [ 5 A 22 > o i o > F 2
IR, MR A 45 R T SRR AR A AR KT 22 5 pR B8 3 1 A 1) 22 B8 pR 25 IRL- T L R VAR SR e D10 SRS 1477 24, T
FHhId R L Z RS PR L KT AL IRL-IL B4 1 R A 5 7. D5k, IRL-IL 678 250 HBC I 2K 1R 22 7]
R Eomp et St

TEIRL-EL &AMt b in AN AR Bl 3t W 26545 26t XA 22 51 vk . TR AR I AR B $10 M 2% Generative Adversarial Nets, [
FRGANS) FH A= Bl Y (SRR AR e ) A A AR TR (SRR 4] 531) 28 ) 3% PR AN AR B0 e I 28 R R SR [R] i il . L AP AR R Y E 8
FEAE A AR B A S Y AR T AR B e A s N PR AR S LR R, F IR RS TN B T A AR R R B G 45 R B

A
; moar- . real images from distribution X J
- i
1 :'I
= a 2 B : H : )

_ discriminator D

random Gaussian generator G

=G

;;;;;

o - a real value
[ W) indicating how “fake”
- the image is

fake images

How can generative adversarial networks (GANs) learn real-life distributions easily?
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GAIL

i I H i BACER A T XA 22 21 7 vk
Ho%E N T-20165F 32 H I A B Fiis 4 52 21 T vk
(Generative Adversarial Imitation Learning, &5
GAIL). 053 SR mE RAE N MRS S N BB F
P A R Y A A 22 ST AR I B AR 2 2] 3R
% 1t R L St e A RlAs B 1) I 2o FE AE GAIL
HhRR B AR Fa H B A 1 SRS AT SR BE N A A,
TR $ a0 N & A B AR RS A HH 2 BB ) 22
B RR B AT SR L A ) g T, GATLFE K fige 22 B bR
B FE SR EEAE )0 28 B )1 SRt 2, B SR 1) 2 >
R PR A Begs I i 72

Algorithm 2 A Jfi i a2 57

Input: 550 D = {(s,a)} "% dm™" | SRS HRE B BB DI 0o, wo.
1. fori =1,2,--- , Ndo
2 NG mo, TERFEI SRR, RRIHERE D = {(sh, ar)e}.
3 il R AR EHH BB w, — w;pq

> Valog(Duls,a))+ > Vilog(l— Dy(s,a)).

(s,a)ED (s,a)eD;

4 EEBEFEE r(s,0) = —log (1 — Dy, (s,a)), FIFIEHIEREE L 53] REHEESE O — 01,
5: end for
Output:

(W=E

FET A T HT NS AE SR, GAIL ) SRS Al
AL E PR BRI AT s FH 28 X 25k H Bl Y
FEARTI SRR . K, GAIL LG 5 58 (1)
RAFRE T1. HH, GAILEIEGFEIEN
LW B, i FH E U SRS TV
VISR IRMEAEAY . AT, GAILREREFFIRL-IL
TIHFERETE TR NI ELRE, A
BREERTTERE . OF LIEXRH,
GAILBEWBAE M H B &0 . 1 5 & H LN
A NS R I IR 1) R A R I HE AR
FHIPERE.



" GAIL

R
1. PBEES  d 7]

RS i B i I e A kAt N St AR s o A PR LA sl (B BE D, SEUERIFEA B Z R

HRARRZS i 1 ) R AL
A AR R EC R By i e, ot “ K7 AR EASD, ME ARSI .

P 2% 1) S AN 5 B AN 41T, TCVRHES) AL s IR AL Al A 2

IR T FEB B U R BN, S R Bl DA 51 B A T 43 A

2 AR UFEAR F BRI

JRAIL: TR SRS 2 > U5 3

RKfemx EE . SRRARERE .. GAILEF R A st S 5L (WNTRPO,PPO) RABALH A s (SRmg) o TR kAN A A
ARSI (HPRESHEAL R HP(ss,a)) o B A RIEEIRSsHAT S Faja It BT 4, 8 R el KE R SEbrs
i (Trial-and-Error) SKREES 2] — D MARS BIZNERI BT (Fign(als)) o 9 7 PPl — DRI IR, B e b AUE B SE I B i 47
RS, WERNT E&IE. BB AR TR, ENE CRBR” B MR ARZIERFSIJER . EGAILT, 2
BT HE LR IR

BEEAR 5 A5 28 B — A s — BT PR 25 ) 501) 25— I 9l 2 B — 4 50l) 2 B HH B2 RS 5 — 2 BE AR AR 41 22 il B BT TR
G B T GAILK A2 2 5 (WITRPO,PPO) #R&Z&On-Policy C[A]ZEES) K, On-PolicyfA% oK. HI SRS B 4 a7 kb ) B, D2

HT AT X A RIS A SR . R B i (ERER) B — mial, ZRiE S E AU R B R P AEA Bl 2 = 57, B e
PR 2L B XA N B R SRS, SR R R stk e B . KGR IR AR 2


https://www.youtube.com/watch?v=mObnwR-u8pc

" GAIL

JR K 2. FE ML 5 (StochasticPolicy)  FINJEI & B
TR LA, SRBEIE S ZBENLR, BN T H—VIRESs, Kign(als) = — N ERBER A0, A — e aE. XEHR
Z (Exploration) H & CEHE, (HAEM;Z ] R EHT R 1 1@,

Ry g 2 BEALHY, RIAEAE S AHFE PR T, B REARX N T IR AT AT REA R X SECE AWML T Z 50, JTEKRK.

XEHIR SR RO . S DIE G — MR ERAESS . EAMUEX D EHKE) CEERIRTTE MEtEsni) Pk, @2 —KHEh R
PREEHLRIS A0 JREZSZEAGTH “Me” Pulhas > . XA H) )4 1 52 > RS R X H AR E -

GAILFHIBEALRNS, R AR ERREE T ERE “MREE” BTN RETAERAITRENE, BT “H” A
AL OES R, ENE R R R AREA, 618 77 > ISR . B REAR 5 B P KB A R 2l I i A 2 kW
e “HRT 1BhE.

A PRI ER P R AR

TAERIMESL BE | GAILLZUE LI S 1) & 53 SR Al B R 22 o), I AR N a5 M PR IR A

B AL S U Oy I A ORI R N T R AR AU E V. e A — ki (FEAD Preed it mfE B E RIS, DN
RINESAZZEATGE, FECRMS N7 A6, S P i .

R, FRATAT O E
TRTLRE | GAIL“IIZARZ A Re2 7 (FR B KEREAS) , MFEHLE SRS Wk E 1« “f— DIREE FRERIR” (B
FREMMEARD , REAFEGAILEY—A “KBE” , FEAM BRI,



" BTXJGAIL BB

RS A

1. A4 RS Pidfi2%>) (Conditional Generative
Adversarial Imitation Learning, f5i#XCGAIL)

B GZREARTE RS BIAR S ETE,  JRR X LS AR A s
AN SR AT 20 ARORAL S SRS R 22 B8 pR HUE Y

2. ik oy AR A BN PIET 52 2] (Generative
Adversarial Imitation Learning with Auxiliary Classifier, f& #x
ACGAIL)

TR 4 B X 2% FH SRR A BT 8 R S S ) 3R AT 2928, AT 35 B
GAILE MR THRSHIZME R, 18 5] NGB R 2% i

M ACGAILAMY B A B Hn B S 24 k17 52 2 i e 72 0 A
R AP RS b 22 2008 22 STREAS H 14 SRR

iph DR A AR AS A AR

T BB A O BB 22 21 57 (Model-
based Generative Adversarial Imitation Learning, & %%
MGAIL)

MGAILTE R G IGAILH 5] N T —ANHI [ A5 28 e X
BENLSh A EER . JFH, MGAILHEZSEML
F52 75 06k SRS R BE A LR ARSI AE i AR A . AT,

MGAILIE 5 51 A FET AR A 2 i 21 v AT il
SRR T E . B SRS BE S AR 4 S AR 1
FE AR L R B B 2 iR B R R I S BB R
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BT AR A7 2] (Model-
BasedReinforcementLearning)

T R 22 A SR, 72 FORBEAT & X R0
ERBERSAEZE RS, B 1B S

ZAhb A BB R e A ) RIS B AL

SRR 9 A 5 2] U 2 B BA Y 22 BRI RS R
B SE R AR UL AR A B R b AT SR 2 >
AT FARAE AL S

Algorithm 4 5T B30 1k )

SRR SR AL 5 2] o — AT REAL T B 7R A] R R S R Hh ik
frea A RS EIR . RR S, TR E e
5HSAEAL HR R HREA T, 52 2] B — DI

B M= (S, Ap, P.7,v) XSG AE Y A0, I ALK 2 B o B 7 Rl
BRREL P AIRIAEIRZS A1 P 2 )5 B B R AE XA R DL A G
A b HEAT KA A SRS 1) 2 ) o AL TR s AL 2 > o,

T8 BE A AT DAAE R 0 A AR A B SE BOR PR, AT FAR T 7E
MBI HIREA S I8

Input: YILAILEENE ©, KEEE T, A P, WIERESH 5, MZsEdnE D = 0.

I: fore=1,2,--- , N do

2 SN T LERREOREE, AREISURE D = DU {(sr.an 510}
3 R D ISR P R B PRI EARS 41 B
s AELRIFBEEI b LS 7 argmax,, VE .

5: end for
QOutput:
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