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A Survey of Inverse Reinforcement Learning Algorithms, Theory and Applications

SONG Li' LIDa-Zi' XU Xin?

Abstract With the research and development of deep reinforcement learning, the application of reinforcement
learning (RL) in real-world problems such as game and optimization decision, and intelligent driving has also made
significant progress. However, reinforcement learning has difficulty in manually designing the reward function in the
interaction between an agent and its environment, so researchers have proposed the research direction of inverse re-
inforcement learning (IRL). How to learn reward functions from expert demonstrations and perform strategy optim-
ization is a novel and important research topic with very important research implications in the field of artificial in-
telligence. This paper presents a comprehensive overview of the recent progress of inverse reinforcement learning al-
gorithms. Firstly, new advances in the theory of inverse reinforcement learning are introduced, then the challenges
faced by inverse reinforcement learning and the future development trends are analyzed, and finally the progress

and application prospects of inverse reinforcement learning are discussed.
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Fig.1  Model of reinforcement learning
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K2 MDP ((a) f (c) &HiE 1 MDP;
(b) F (d) —&FEHLIE MDP)
Fig.2 MDP ((a) and (c) are the deterministic MDP;
(b) and (d) are the stochastic MDP)

FIFA- AL MDP (115

PEME 1 (Bellman %R). 45¢—4 MDP M =
(S, A, (P&, b v, R)FI—A 5 w5 — A X T
AR s, € S, BMfE a, € A, IRSHERE VT
FBEME R EL Q™ i 2

V7™ (s¢) = Zﬂ'(st, ag) X

at
> P [ B s + V7 (s120)]
St4+1E€S
(1)

Q" (St; at) =

a a T
Z RGtt7 St41 RS; St41 +7 Z Q (St""l’ at"rl)

St41E€S at4+1
(2)

PR 2 (Bellman 4R). 4572 MDP M = (S, A,
(P g by, RIS - S — AT Hra i)
si €S, m MAFIA A 1 %A BAY 7 (s) €
argmaxq, e AQ™ (s¢, a) -

TESRAG S SJHEZE R M AR IE N 522 B
WA RIS KR8 AT R, RGNS, RN
AR TR AR IBIES. K 3 B/n T RL. IRL
M BC MEIVEMES. 15 R 58 T % 1), RL
SFOE I SRR AR A, PRt A H IRL 03, 1 SR
L SR N R A 2l oR K, RS R A S 3
Jil BR BRI 18] (1) RL 505 SRR K0 . BC &
TEER IRL HVEAHRL, #2 QAR P (s']s, a)
L e 7, ANF A TRL 5095 75 25K H 22 ok

| mmEsEw RS Pl 0

| J |

KL P(s)s, a)

J

RERH R <= | BRHFIFE < L5RK 7

2) KRB RAR T L, (2

|
|
| H:> 1) P 25 B B R e s
|
‘ S5 RO T B A 2 ) S
‘ B SR, A T O R e

| TN HEEE P(s]s, 0)

| 4

i RN | < HfE £
‘ <§i W72 ST AR W

K 3 RL.IRL. BC & EHEL
Fig.3  Frameworks for RL, IRL, BC
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Classification of IRL algorithms
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PR SRAT A A 2 d RIS el T e KM 20 AT B
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s.t. Z p (gi‘wnxl) ¢§i,n><1 - anxl
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> p(silwnx) =1

HA, p (Gilwnx1) 7& MEIRL LR, b, nx1
RIRENIE o WPREFFETT L, dnyr 2T FKER
M TR B LI RE T, w0 & K
&

SR JE E i Fr s B H SRR R s 4 AR ) A4k )
A N TC L) AAAL 1r) R ) B kg B H BR 2 L. SR A R
PBREL L KT p (silwnxa) I THL. 2 FHEONE, 15
MEIRL S0 B p (Gilwnx1) = e “nxadn /
2 (w), Horh 2 (w) AL . 24 w* = argmax, L
ISR AN =) 2 R AL, BRI DAFH S R AL
VEBEAT R, AT DL RS B2 B AL BEAT SR AR, e 2%,
) FH ACEE AR FIE R KRR 2 M 2H 5 SR A5 242 ) oR
R=wl | bnxr. 1IN B PK 26 s A5, R FHWSCER 1)
GPS Hd 3K fige 22 Joh AL AL S W& 1) ) L, 28 SEG 5
ik, MEIRL 5k feeds.

e 73 B 2 (w) fe — N H BB, e IR
Bi R, tHEBOSNAE. /N B oA EE, B
A BN IRI T SFRC 7 R A B0 SRR IR, AT
iV caansl Vs B B = o N B 1 SN - NS G [ LN
o7 AT LA A5 T VR SR A 43 R AL

ML AR R, T i R AR iR AL o = O BEAR AN
H E 215 216 20 K e MR e RSB 1) 5K i 77
3, SEAT Ly g2 T e R AR AR A T 1) i R AR 300 5
24 >] (Maximum entropy IRL based on maxim-
um likelihood estimation, MEIRL-MLE)®" f1&T
1o FE ) B K 546 2% 2] (Maximum entropy IRL
based on gradient, MEIRL-GD)"*. MEIRL-MLE
1) EE I TAEHE: 0 A SRS B R
A FEHL R 4t, Aghasadeghi 2557 i@ b X % A #EAT
L)T, A d RIS AT, AR5 L AR K AR At ok
UL ABAZE 5E (1A BRI AS B8 A2 B2 1K) 73 A 241, MEIRL-
GD W ZF 78 TAEEHE: Ziebart 550 42 H i KN
TR RAR) 05 SCTR) R, e /NN S R ) 22 TR R AT
THEON 7 ) 35 BB R RRAE VB8 TR] G . ST [38]

MM BEHL MDP X A8l AT @A, JFIE 15 5 2
25, KHIREMZM % (Deep neural networks,
DNN) &3 % 58 Bl 53 10 oK Fn 22 5l ek £, 3RA5 B i
S BRAT N, STHR [39] ) FH S R SRR A 24 TR A 0
SN T ) R AL R 20 oRAE LA TR B, SR 5
TEBOBR FE T M S R 22 il R B, $ s S Re.

FESR A KRN, BT T S AR AE
FUR R 5 A 2 SIS , RN AR AR T
Ak TG ) L DA TR R R AR AE 1Y I L )
R, VF 2207 (R 5 RS 100 R A 27 ) SRR A AR R
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ment learning, HIRL) ¥4E 55417y B A 5122 )
W FAE S5 #E4T 5% 21, DASTSE DR i e S8 % T 9 5
L ENIINGSE S RN P S U g R A N D
RITHE R (Maximum discounted causal en-
tropy, MDCE) 5 K- 55 D5 S48 77 V5K e K AR
TAHESR Y R 2 C PR IRLYY. 7R & SRR 5
TSR 1) B R0 0 5 2 = SRV Y Sl B TR L
THRFESS TSI B A, A R0 2] NSE BT A,
R 5y T 2 R, AT R T A A Al A K
BRI SR N S B PR SEAL AR, R LA O AR ]
R NN Q&= RMAE T AN b UL A A
R A M e, T s 04 B B KR TRL
FIHEAH R AR FTPRL (Follow-the-prox-
imally-regularized-leader) 77 75K fi 2 Jih**.
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ALIRL!M 38.79 32.66
FIRL? 31.89 5.22
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