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Abstract  Reinforcement learning, as a machine learning paradigm, is garnering increasing
attention due to its robust trial-and-error learning capabilities. With the integration of deep
learning, reinforcement learning methods have achieved remarkable success in complex control
tasks of real-world. However, the lack of interpretability in deep reinforcement learning
networks, stemming from their black-box nature, presents challenges such as insecurity, lack of
control, and difficulty in comprehension. This limitation hampers the progress of reinforcement
learning in critical domains like autonomous driving and intelligent healthcare. To tackle this
issue, researchers have undertaken extensive studies in the field of explainable reinforcement
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learning. Nevertheless, these studies are relatively recent and lack a systematic summary of
explainable methods tailored to multi-agent reinforcement learning. Moreover, the definition of
interpretability carries subjective elements, making it more challenging to comprehensively
categorize explainable research targeting the reinforcement learning process. This article provides
a comprehensive review and synthesis of the current state of interpretability research in
reinforcement learning. To commence, the article establishes a definition for the interpretability of
reinforcement learning and outlines relevant evaluation methods. Subsequently, rooted in Markov
decision processes, the article categorizes interpretability into four classes: action-level
explanation, feature-level explanation, reward-level explanation, and policy-level explanation.
Regarding the inclusion of action factors in action-level explanations within reinforcement
learning, methods for action-level explanations can be categorized based on the extent to which
they explain the decision-making action of intelligent agents. These categories include self-
explanatory model construction, formalized explanation methods, and generative explanation
methods in reinforcement learning. In terms of incorporating state factors into feature-level
explanations, methods in the feature-level explanations category are classified based on the
importance of reinforcement learning state features and the form of explanation. This includes
interaction trajectory explanation methods and key feature visualization methods. When it comes
to incorporating reward factors into reward-level explanations, methods in the reward-level
explanations category are categorized based on the impact of reward feedback on policy
effectiveness and different task scenarios. This includes reward decomposition methods and
reward shaping methods. Regarding the inclusion of learning strategies into policy-level
explanations, methods in the policy-level explanations category are further classified into strategy
decomposition methods and strategy aggregation methods, considering the hierarchical
relationship of strategy explanations. These four categories of methods encompass the entire
Markov decision process of an agent, spanning action execution, state transitions, reward
computations, and policy learning. Furthermore, the description of each method category takes
into account the progression of interpretability methods from single-agent reinforcement learning
to multi-agent reinforcement learning, addressing the interpretability of more complex multi-agent
environments. This includes analyzing and discussing issues such as credit assignment,
collaborative cooperation, and adversarial games in the context of explainable methods,
effectively bridging the gap in interpretability research methods for multi-agent reinforcement
learning. Additionally. considering the subjective factors of human interpretability research,
this paper provides a comprehensive summary and organization of human-machine interactive
interpretability research, emphasizing the involvement of humans in the interpretability. Finally,
the article concludes by summarizing the current challenges in interpretability research for

reinforcement learning and offering prospects for future research directions.

Keywords reinforcement learning; interpretability; machine learning; artificial intelligence;
Markov decision process
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Ry RIS

(2)M:fE(Performance)

AL PR BB B IR 4 2 AT M B s it T AH
[ A 55 B B B o AR BEITAT , A 455 XS 251 e B 1 LA
FEEVERERIZE GV . TR PR RE AN AT fig B PR R
Z BV R W Ry A D] Ry G s 0 i k2 )
AT i R 2 S 3O R TR SR T AR A SR8 Y
EPHE R PR, T A A 1 R R MR

5 SR 5 Ak 27 > SRR A PR T e A ) s
U X omAbaE 2 ik X SRR AR U A B T Y v
B3, SR ALl 2D 1% Ol SR S IOk DA S A 7
155 1 BT 3 5 2 TR R0

(3% (Efficiency)

FESEAT AT R i b2y 2] SR I SR I, SRR AL
FIREXRFEMBRHER . mibF I 0] iR R
T H T A KR 1Y PR A B b B rh R A T R
A s BL I A BEURA I 25 %) PR P 2 A S 2% R . [
IF L SR T A B I AZ BR A BREE T SE B b 1, 5k 1 33
I 2% i AR /N S AT RE PR FRRAR . ek 5509
(AT 4 P X A A AT B T I 1) SRSy FH 75 oK A
HOCHE . 285 H R BERERCRIF R, Al LUIJF &
PR A PR HL AT Y AT R s A 2 o S ik —
A B AT i B R Ak ) BORTE A A U 1Y S5 B L
FHAN K Jtoes,

(D) (Robustness)

BRI E X RGN T IR AR S
BN S PR — TR B Y38 N RE T 46 1= T A
THDAT A IR | P SO X B g 8 DR e A
H AT T A PR R I B HLB T R AR
FLA T T A5 B R B 0PTSRS AR Y
D3 ALFE XS BRIt PR A AR Sl i | 5 A s
AR TR BRSBTS B i I A S H P B A
PEASG M, 38 o X SO IOIE , SRt PR Tk 2 2T i mT i B
PEJ7 B REUE TE A A1 00 T S B vl {5 B fd e Ao ok
AT AT 326 2 75 vk A A I ik LA S B
I T F AT R H

(5) H F#:(User-Orientation)

F PSR XAk 2 2] 1Y T g Rt i o b He
T ] N2 P 0 PR PP R 2= 0 an s P B
B N PG R R e {5 A B A0 B Y
WAL A S Ak Gort NS P 5
TR 2 48 28 H 1t e Ly B 8] 25 0 =G TP PEVP Al i i
TR (] FH P 0 X DE i s DA i Rk i ) ]
PR, AT AR Ay A e A R 1 S T R P A
P ) H AR

AR T W AT AR REPEE SO i WA
IO 2T b S RS A 2 QAT A A T A TN A s AN
FEAEZEM , TR B RS PEFE AR 2K, [R]) 325 WP A
O RN A =T G P NIVALRI=E SO A g =N A/
DIV R RCRFEPREER . PO SRPE MR L A AT T
o A R AR 4 L RN A S A A
B (AR PR BRI SR IBURH 1Y, (1A T Bl A AR A8 1) 1
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RE . DR ifp e 107 2 1 1 N S A AT ) ) 2
TS5 A 22 8] B4 DRR S AT IR B T2 A2 P 1
PAKAERESR AR AU EER . P PR A I 12 HLAT R AR
A TSR FIRSEE P E R PRAIE , JF BAT S48 E AR P Y
R S IR » DN R T 2 PR DL S P P b .
TS T AR A SCHY R LA B AR PR R AR TS
ARV AT BT AT LR VA s A A AN TR D5 vk
AR S8 IURE LA R DT

4 EEEEFSIAERER TR
AR SO 5 T 1 TR T SR I

fEREPEDTIE B0 2R 5 B4 AR B R Al R
FIPE R B3R - g RS VBRI LSRG o) ml i e

IFIEMRIR Y R AT IR IGRE SRR SRR R
FE IR W R RE . B2 Tk X 3k U AN 2 1 1 i
BEPE T IL AT IR A A
4.1 1TALRERE

TERR AL 2E ) Z b B BRI W B A R 1 RS DA
B AR BAEAT AT s S 2 AT sl ok 58 il g o
VR 3 A 2o 8 v i B ) — BA L B X B VEA T O R
(1) R i BRI 9 AR A F LAY AR FEA T G R 1Y
AP PRARARRIE ok R RLR i OB AR R LA K
A AR = IR T XTI = vk T
PACRER L B TEAE BNk 1 s AR h 29
T AT AR I R BRI
PRAT LG (A5 BB LA RSB0 VAR 4 B 0 A5 8. . AT
R SERERF LA A 1R 2 TS

®1 TAZBBRREELRLE
FEEEALS BREEELD
N s g sy = H . (K2
Fpl feksnE fr PR — :
LN AL BIE MERE MR S R
Linear Model ) )
- N —  Flappy bird, MountainCar, CartPole NG — — —
1 U-Trees’
fit  VIPER"Y <~/ — ToyPong, CartPole, Atari Pong, Half-Cheetah N N —
hes CartPole, Lunar Lander, Wildfire Tracking, Find-
. DDTs™ VAN A & J < - J
i AndDefeatZerglings
A . Physical Deception, Cooperative Navigation,
MAVIPER™ Y Y . . § - N Y -
Predator-prey
PR PIRL'™ </ — TORCS, Acrobot, CartPole, MountainCar v v = = N
/f 7,
o GPRL™ v —  CartPole - v - = -
B CartPole, Mountain Car, Pendul InvDoublePend
- artPole, Mountain Car, Pendulum, InvDoublePend,
4% fk  Symbolic policy™ — i : NG v - — —
W InvPendSwingup, Lunarl.ander, Hopper, BipedalWalker
- I
Neurosymbolic
B R Y 76 — ~/ multi-agent formation flying NG NG — — —
Transformers
_ Cartpole, MountainCa, Taxi, LunarLander,
SCM™ J v J 4 4 - J
He BipedalWalker
i Generate uided maze,
. - [78] - § . . . N N/
.  Explanation™ university building
IBE"™! NG —  Lunar-Lander — —
B Policy J multi-robot search and rescue (SR), Multi-robot J
Explanations™ warehouse, 1evel-based foraging
4.1.1  Hff AR HAT AR B R BE MR S PR A HSCR B AR

FI AR AL Sy — b ] e O 1) 1
R 38 3 PR SR S ORI R AR A0k B 2 B
Fr oo nyad A PR G W O DA R ] B
PR Z TR N AR sk o 2 AT S R T
EHETEZ L W WA A R LA SR L [
B LL B KT 4B 45 # (K-Nearest Neighbor. KNN)
SESU R R AR A R R TR AL A ) 1AL

SIAE DL R i (5 BRI 2k A g Re (1 as Al . Il 545
B A i PR A 3 12 A5 T BE AR 1) Sh A R 5 b
b 5 B P 5 o AR DA S B AT A D3R 1% T gt T
Y E .

(D) B AR A RS RLAIE ST . X i k2 2
1Y Bl AV - O (8 PR &, 51 A 26 P 4R 7 U B (Linear
Model U-Tree, LMUT )™ 5 I L) I 5 41 245 W] 4% LA
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ﬁ%%%ﬁ%ﬁﬁﬂ]

I

F R A 1

ET T
B TR
e TSR
T LA
TR WA P B
B R
. T Eﬂ:ﬁ%—lnﬁ
ARG i R ]
ETIRA
P

K2 17 iR

PEAT B R DU 4 B, LMIU'T 75 2k 2% 2] (455 508
Pl x5 o i BT 2 W AR S5 4 B 70 A 1
Jr F A 4 LMU'T #5880 5 Jit 3 s ) — e, I ad i
TR E 2 R S B LA S AR R R AT 1
A7 g ml f R RS UE . [R)RE L, £ B TR B 47
] figp BE PR 45 R G R B IR HIE 5 A A >
(Verifiable Reinforcement Learning via Policy
Extraction, VRLPE) J5 k5 T4 {5 > (1) U XGHR
JRE o 2 ) 2% SR WA TR A7 T 47 5 S et 2 L, e A
HE T AT R A PSR B, [ BRE , VIPER AR A5 AT
55 ImYEBCE T IER PRI E bR BE T 3l 1 R G
BT ARE MEIEAL LU e-robust ™ B HEE Al $5 AR E
PR RLAT ol i P BRIE , B 28 1207 IR AE DU 2R 22
SR B BRI 55 IS TSR BORCR . 2R
T 7 BR8N T 7 A R DR SRR AR 22 v
W AT S QA I 4G R RR AR PR =
(8] A o3 Ak O H AT SR A —— X0z, BEAR T Y
2R RO T Qo ) i R b i R AR e A
IR B2 T T RS A PR RE .

(2) ZR IR A R BLRLAT ST . AN [ T A 1A
f4 L figp RS R R A, T[] 22 RE MR HEAT 11 A R A 2R
WIFEI 75 25 R B RE IR Z M 52 B E G &R
— B BBV 258 RE MR AR 4L 00 ST A5 D7 T . Milani 55

N VIPER 35092 9547 20 0k DL IS FHAE 258 REARAT:
%2 W R T A R 2 R RAT S5 T A RE IR

] B A 8L A T4 Hh T — Fh 4R b X 2 RE Ak
P 5 A B B (Multi-Agent VIPER, MAVIPER).

MAVIPER i i T A [R]85 BEAAR 1T K KA )
PSR, Al R AR I S B APRESE R
=AW Z AT TR RE 50 E

S5
BRI 1T B SRR AR AR AT LS BRA T AT i
BEMETRE WS 127 > AR AR S5 P SR b T I
TC VA 38 I BE T B 7 R A TR R A SR W E A TR
(9 [R) L, A X6 3 — G g [m) B, — b AT il o 3R A
(Differentiable Decision Trees, DDTs) J7 17 2
H L MEBIF DD Ts SEBL T X AR 4558 1) s 5 530
TS B AR AT B2 2] . FERE BRIk DL e 2
BREARAT 55 1 S5, A HE TR SE g U SRR B A
DDTs PSR PERESR T T 7 4% . 16 52 AT Jy G i e
) [] ESp SR T % 1 8 1 A R A AR 4P i 1 DR B 4
. FEDDTs 7k, B X5 e SR i — > B — 7 A
(1Y QB 2T LA SR A B S i AR s
fr(s,a)=p(s) I 41— p(s)) yiee (13)
Vo=l L, Yo O Ir

, s o oy o 14
50 250 a0 0g” ap ) MY

(1>

o o
o True - 1 o o False — /l( $ )

Y. dy.

L= (gl — GF ) (s )1 — p(s))(Bs— ¢) (16)

== — i) pu(s)(1 — u(s))(a)(s) AD

Ur g — grey y(5)(1— p(s))N@)—1) (18)

Horpr, s FRORFHE . B 378 HFRE I 5, p RO A IR 3R
iRy, KR PR PR %'lﬂﬁﬁ DDTSVE%? QfH
22 2 1) R B AL B A i [A]— A~ AR T
WA 1A .
fr(s,a)>Q(s,a)=pul(s)qr +(1—pls)gh™ (AD

A DD Ts eR G ALl 3R Ak 27 2] S WA BE Ty
BF, b AR TR A ) B R AR IR B AT
Bl 1 e A A B Al T E . PR, sk st T N
HEAR R T I BEAR LY S E e
fr(s,a)=>n(s,a)=p(s)x +(1—puls))al (20)
Horpr, T 2B XA 2013 T AT B #0047 s A ) HE
HZHML.

Yl yhebe=1 2D

TEJGBE e Z v, JE T F A A v e S AR
FVEAEAE R — Sk fg , DF o T4 h TR Z2 00y
Ty . — IS ) R AR SRR S G A Y T
150 T AR DA B FL 0] it e = I8 b K 255 B 0P L 7E
Wt 7 R e A X =46 A ) B I A AR DA
PR A . 3 AR AR S IR AT 3R e ok o AR
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(IBMDPs) 5355 [l 58— A~ Sl i) MDP B, 152 7
TR P LA KB 58T 25 BRI AT e SR 100 1 kAR
b

L5 B RIS S T B A R SR A Y B ASE L Roth 4§
NS T — R SF R A BE MR 1) Rk
EETFE DY S A B R N A3 8 LSRN P BT BB
T PEAR R T T IR I A 1 AR 7R LA %o A RASS
PRAT S5 . BT AL 2R 2 7 a5 A Z e s A
R 22 a0 B TR A5 ) Mt L B sh VR (1 pRi 4
e RACR P B AR, 563X A H bRk 8501k
VAR 3 S MTORS 1A 1) [ i AR TR A EL T SR B
LRI T W A PERE L T RS 0 2 Rt
— R T Ak 2R 2] ik | AR R

B T AR S5 R 1) A il A AR i  — Bl
G2 R T A ARl B L G 1 T O R e B 1
HiRE7R T AT RO skl # , IF HO T (B pR B 2 2]
TG U IBR S, B L, 5 BUA R 2 1Ak F 2] A
FHEES . R AR AR A B4 7 DA Aol 28 ) 285 5 s
Z W HEA T R AR BOR T £k » I EL7E DO R £k 2% 2 38
Berh HEAT S0 B0 UE TR TR LSS TR A R 1 A i
FEAS AL LA B S PR RE R B
4.1.2 JBALLERE

N A By R =R (Bl FUK K= A /N2 WAL
2N S B AT A Bk D3 L A B T A, B 04k
FE R S IR A MAZ 48 T 2 SR P2 I 45 P I 4 A
KA NGB T A IR R M GRS ol 8 455 R AE STy
2B 3% W B AL ST AT R S e L T G A
DA 3 F 1555 FAE 19 2 Ak i B 7w i an 1] 3 LA K

4 P
i TR
3T S e

EES

T 228 ) £ AR

K3 BT gt p AR ik K

X (s, a)
fencR it BRRAE LAY S
F(X) S

K4 TS RIERIE R kA

(1) kT 2 1% O I8 AR i B . ik 1 2 5 08 X
1y 5 Ak 2= 2 il B PR B 98 HE 42 (Programmatically
Interpretable Reinforcement Learning, PIRL)"*{ii Ff
SR COE e N NI E O B
il It Hoal DL o 755 16 19 07 X AT B3k [R] I
PIRL A | — R 285 1) B FP48 R 07 125 DU kAR
JEH A TR T A [l 4 e AR 2R, PIRL 7EAR DR
R P AT TR R B, AT T SN
AT BB I H B ARG B A 1 . I 5T TAF
Ay I B SRR S R A T A 25 pAT
FERA .

BE S5 T 8 AR Ak SR AR i T8 AR g 1 1Y)
ARl AT R R b 2 ) R B 7 1k (generating
interpretable reinforcement learning policies using genetic
programming .. GPRL) ™82  . GPRL J7 i fdff FH Ak
TR R B LA B 7 X, O HLA5 G 8 AL g % 1) U7 vk
BUEREA Z v 3 Bl 47 SR, TR Ao T 1Y
SANEMESCE b B UE T GPRL AT R P A
W ORI GRS T IR S A BT O R S 2,
T B LB s A T AL ) G s S B TN
LB EHE 2 A 3h2E 2 W 7 AR SR v fE
R AT AR B AL 2 ) S . DU AR P 5 T
V5 F 2y g R A W g R M L (2
i & 2 G A 22 W AR G2 A S BOHZ A P58 5 7 I
G M S DR R 2 B (AR SR AT 55 e T BE
28 . BEXFIX PN AL, 56 T AR 7 8 T VA B
FEH A B A R IZ A RE ) AT R A R 2
AR G R » AT fifp DR TR 5 Ak 25 > O 132 AL g
5553 AR R g R 2 ) ) A

52 B g AL S UL R K BT RO AR O
BRI AR T AR TR 2, — Rl
R 55 Ak 27 2 B8 (particle swarm optimization
for generating interpretable fuzzy reinforcement learning
policies, FRSRL) " # #& 1 , FRSRL {3 i+ 7E #2140
HYIZRGE ) 2 AL E I 2R S RO EE A5
RS %07 RS — R SO i o 5 2
TR R AL B R A2 ) TT A S S B TT I . FRSRL
B TR TC 5 PR AR 4SS SR 2 ) A 55 T
AR E R SEE IR 1 5V B R RO
R

(BT T RAE AL AL RS . 775 il
22 2 17 h R W (symbolic policy) ™ 378 JikiE ok A
[ U1 g i U o 222 ) 45 (RININD) ok A i 2 il SR s, -3
B FIRABIE AT R S [RIE, LA—Fh XSS
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) R WA B T O VR OR AR TR AL (M L TR IX
IRV e 2 m 4k sh VRS [ A BE I, R AT 5 1L 3R AE
(1977 AT MG RAE . TP S LA R TR
K, AR A FEMENNA IS b BERIVERROL T 90
Y 74> ek R B s Ak A 2 B

() BF o — [y 22 6 ke o ] AR T8 XAk il B 7
ZH . g R SR Ak 2% 2 J7 357 (Neural Logic
Reinforcement Learning, NLRI )& F 5 W& & 7 1k
FRT GV 2032 B gt 2 £ P — B 32 R R i Ak 7
2SR . 2 AR BT 55 (8 A S R A e
Dy R T B R AR T T IEE R T
fiff R SR WS S B i R R T AR IR R Y R 3k L LA
TC B T 325 S iR A 23 8] L B S S8 X R T
FEREGLANAN AT DUAE AT 55 AR T 30 AT DA GRIEZE
B AT R T R RS PR RE L T3 . SR
FRRFpp 282 2 T e L3 Fg e il T — SR LA
AT R B () AN S8 B A R O AR R 2%
AT TR R SRR

2R et 21 b i B oE 2
Sy i DR PR ) 2288 ARl ) AL )3 175 45 ) E) 4P i )
R e/ MU (S i BT T R R e
W T 25 s {5 Pl 1 g P £ SR 5 R T BT
BNYERY Transformer g M8 AL & e ZA Y T
— P B 4 £F 5 4k Transformer (neuro symbolic
transformers) LAY, G 2 S T 28 BR AR SR Ak 7 )
BIAT R AR . T R i b > AU TT vk i e LA
BRE LA KA R, $2 i T — R A gk i
LT AT RS | R IR BK B 1Y e PR
RS AL ) RGE, IF BAES DSz 6l R e b i
HE T T HE R GE AT R - ZEASPRAIE B2 Jol A
PP G BN O SEBL T B 0 AT A Y R B v A2
IR

H TR L G SRR, — AT R 432 A
# (Differentiable Inductive Logic Programming,
DILP) ) 3¢ R 5 Ak 2 > HEZR P B8 A3 850 S 3
T NENMR R e A R A5 B PR RS R
e R —Br 2 I EE AR & & K0 S5 M )
TR AR S R v B I 2R DL Ab AR B 2R
BoxWorld. GridWorld Pk } CLEVR ¥ 5% f9 4% 55
IOUE TIZMEBL A 350 . Bl S . Zhang 58 AWV HR
T — 0 AT G A B R M R Al S AE AL dR R T
DILP H Al i Bk i A - o0 J2 A B A Ty
B/ T AR AL AR BRI T TR R T
DY CIRGIE Ty

4.1.3 R

A i RS B TR AR AR s AL 2 AT S s, A
Az NS AT B A A R A SO R R N B
A B A i ] S s S LR A2 L A SRR
B e Fa 4 A A AT A R R o

(D BE T f s S PRI A i A= Ui e . 6T
2 kg R R A 17 (Structural Causal Models, SCM)
) S AT M AR R DT 1%, T A2 ) 2 e 2] 454
PR SR ABE 20 I G A AN [RDIR S 2[Rl R DG &R L 7E 64>
I R B BEAT T PEAS IR T ER R TR
B IFHRE T —3 120 NS 5%, iS5 550
FLPH AR A B PR 55 2 e b A AT R i R L e X
TE AT ff B LA SO0 B L U T AR P i R . B
J& » Olsona 55 NN T — B i =5 5247 R i e Oy
25 B 0T RE A E 3K R CAtard) Y X% B A0 5 B
58, AT R SA T R R R B AR O I, IR
D5k T NEAT A L5, 8 IR A N ZERE S 2
A TS AR AT Sy 5 S BRI AT R R A 5 T R RO [
Bt 3207 7 AT LA By oo i = S Al e ke i B N 25 ke
Ak

(T AR TR T 094 X ke . 2200 2 AT
FEINE T A BN ST R B F SRR 5 A O 1
(generate explanation) ™ ¥ ¥ 5 15 By iy A I H
28 D 2 HEA T A L I I ol P — ol 43 2 1 el it o D
IR & Ty RRHEATAT A PN 035 BT = R R AR
(TR ARAN AT L ok AR o 2 sl SO — e th 2
TG 5 1 DR S IR AR R -

Q(b,a,)=D(b, a,)+ Ps(a,)Rs(a,)+

(1 —Ps(a,))[RE(az)JraerE'})r}/a Q(b, 1, a)] (22)

Horb b, TR RS & A T AR AT S
W L KRS R AR N S 5 1R . D(b,, a,) R
+ Hbp 2z 18] i dh A R Sk T B S AR T T
B . Ps(a,) R sV EHAT N AT BEYE . Rs(a,) Fl
Ry (a,) 73 27 I PR R R IR R 1 AL
IR AT R T IR e SR A T i R Y
AR B BRI T IR LT T 9.

BERT NI — Tl N T RE SR WS A B I 2 AR
¥, Cautomated rationale generation) "™ J5 ¥k #2 i} , 18
ISR R 2 2] B RE R N RS A 5l
VEAG B et N T3 i FARIE S P H IR E T
PRI AT 1) A28 P 8 2 365 DA 6 ik A s A8 e R
Hursfgdt , A kRS 5HE B EEZ R
SR VRN 0 A B A5 B, . Bl . Hayes F1 Shah™ 42
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TR SRR T S T AR
P RO R L & BB A3 . Ehsan S5 AR I T — ﬂ

e 20 24

P BEAARTT A R Y SRS 5 AR O % (i PLAR
FPRR B B N TR RS - E RS B A ARG
T PIITPEAL 5290 1Y 45 SR R W07 v Al DL I A6
FH P B RE

(DEETHE A WA iR . T2 01T N
fift B J5 " (Instruction-Based Explanation, IBE) ]
i L R AT 15 BRI S g (1) 27
> I HoAl B gk iR A Ok il A AT . Bl
J& BT — R A A AT R N T )
AR BRARTR IS SEIL T AT AR 2 AL

2Rk R Ge P& 0 T PR 7 I8 ok A AT
H i B (policy explanations) ™, 2 —Fl 7 ik J& S B
B BEAA DM SR W 1) R O — i i R X
REAARTT A b B TE 7 R Il 52, 3P I 42 A i
FITTIEAE = A Z R ReRAT 55 LA 2] Tl B 56
WE, I HAE AN P A2 B SE 8 i AT 17 n] Al Bk
1) 38 U o S 55 235 SR 3R B BT A4 B ) i R T LA d 2 4
FHP I EREE, OF HAL T T FH P (96 o B 45 22 1 3208
PR

CA) T ) 58 Ak 27 2T AT R PR SR B IE . A B AT
PSR T3 AT LATE SR AL 2% 2T 1 B o R RE AR
PRAT R BEATA R T 30 UE , AR 1 55 UE 424 1]
G5 RIS PR . B TE, — B RHR B SR A A )
R G0 B IE 7 I T R A 48 X 4% T E T N
F T AT E 2 G IR B LA K X 2% 8 i S5 A T 55 =2
o BRI TG B PSRA TR AR TN 4 D)
KAl SE IR B Ak 2 ) R4t T4 SO 6. B
J& s Zhu SE N T — AR AR R R R T
B S S 78 G SR AN SN A B 9 =3 S B V)
P 48 ORI i e 1 &8 A TR AR A I L TR 5%
FNIAEE Z v B A FR P AT DA SRR FL 1 32 i 4
il e — 2D AL T AT A R A ] AR A kAN
GRAT R BT 2 A 4 X AR 5
WEF AT DL R SEIAI I 8 i AT A5 s ik 2% > R4t
RN XT i 2k Bl A A5 TR Y SR g 2% AR 2 T [R)
Anderson 55 N\ e #E T A SR I 28 R ik pe ik — Pk
A s — 238 A B AR B i A A 52, )
— R VA R IR Y B A BR AT RS . TR
UGER 2 M A5 SR S T B 7 5 25 ]
XA B ) SR PIA T 4 4 3 TR O B JS A 3R
WE 5 B % 75 AR X R i 12 ek
PRETFIL T e mr iy SR ms .

ﬁﬁéﬂ]ﬁ:‘

frrineg
SRR

HMEE |

FRRELE B

SRR

5 a5 Ay > 94T O PR R R IR AR 14

TEAT RGBTk, F B R e SR
GBI &0 R R WA A AR 2Bk
(DA T HA B R SR TR 2R AL 5L
A R A R A1 A 55 T IR BE I 25 85 , 75 A Rl T
5 By P M B AR T IR B R A o ) Bk A
(2) N3 F T R B e AR Dok 37 5%, Il A () R
TR, DR AR 15 i B B e 2 i Y
PERER A2 BIAR K FZ M, ZEAC AL Y M BE 5 ] fif Bt 2
[ AR X Al ) -, S BOZ SRR AN 1 T R LS
TR S ) 1

AR BT AR B T 47 5 AR AE DL S gt 45
FeAR I T BRI BE LR UE T (4T M ff B AR Ry —F
W B R DT A LG T B AR A BT i Y M e
BT ) B P DL R TR A PA TR (H Al A=
BN ZE ] B4 R AT R i R R TR . A2 B
AR B 7 B A NS AT U () A SR 5 5 OR AT
REIARAT N HEATHE AR , XA 7 VA T B . (H R A AE
BRI NN WA I HLAE A 45 UL ) 2 i i A
T S IHAEAR R N 7 . Q] 7 S 30 e 1 [] Eof 42
BRI TR MBS E AT
4.2 FFERERE

Wk 2 PR, T s Ak 2E ) R BR AR IR
B BT PR B ASRRIE B AT SR A i o, Ak
YF AT LA SRy 28 B350 i R LA K S SR I AT A AL
Kk ek SR B AR PREGE RSN
EH A, AT LG 8k o B 58 B G AE B LA S
0 B A T 2 ) SRS B AF IR L N, AE g B R
il 35 MuJoCo H , AT AR JE B IABE h A AL &% A AT
SRy I ) ) 3 2 B A s ) T R R AR SR 1Y A o) 7R
B 7E I E 2K s (AntMaze) B FR5E 2 b, o] LLAR
I 3 KB O o A 2 A 2R Y
T PR R O TR AR . L, AR AR AS
L e AT TED ) SR A A 2T B AT R DT Y
R M EHEL . BRI Z A6 X B AR 32 Bk
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R2 FPHEZBMBRARMELRLE

B RER BREEELD
Fep) fhgesrk L 7 EeER — \
Bk 2k RIME PERE AR B
— J J Pf)ng in Atari, You—Shalrl-Not—Pass in MuJoCo, J J - J J
Kick-And-Defend, two OpenAl GYM games
' Crorllective eXplainable J J Mulriage'znt ParlTicle,' J J B B
T A Sequential Social Dilemmas
B SHA-KG!M? < —  Jericho game NG — — —
il Weakly-Supervised J B PushLights, PickupColors, J
¥ fit Control™ Push and Pickup, door
fit B CE-RLEC!™ < —  Human-Cases ) - — -
% i Grid World,
RBIRL™M J = , , v AN v -
it Real-world Vehicle Routing
B ¢ i-DQNMY NG —  Atari N N — — NG
f# VUAA"Y Vo~ Atar v v - v N
¥ RL-Intention® N/ —  Blackjack, CartPole, Taxi N N — — N/
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B GBI R B TR A 0 REAA S PR Y 2E
PUBHEAT BT . AR REIRRT TS 2 R T
1 55 B3 1 22 EL AR R AT RASE BN B Be AT 55 1 4
fift I L AT LA R X i B 22 SR PR L X b A
W] SR AR 2 RS 2 T Tz M AT T I
WL 7EZ B REIR RGN TE 2 BE T 2R Z m] 158
HAGE T DU RO A8 BR8] 1 58 R ok
AT 2R R G I ROR
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B RE AT 2o RS T 1) ST 45 SRR A R AT h
(Contrastive Explanations for Reinforcement Learning

in terms of Expected Consequences, CE-RLEC)""™.
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TETEBNMGEE . B U AE &0 5
B AT AL s

(1) I [ B i A 5 Ak 2% 20 1) OC B AR AIE T 4
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P T — 2 i/ NFE o R &, DU R A
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B % TSP-PRLM </ — Charades-STA, ActivityNet NG v = — —
I‘E?J SORLIM J — Office World, J J J B J
i} Montezuma’s Revenge
#  RARE™ ~/ — alive human-robot collaboration NG NG — — —
SDRLM J B Taxi Domaifl, J J J B B
Montezuma’s Revenge
rﬁggq;%j%;ﬁf: AE . Ut A TESR AL ST I BF R Z h Rl G &
- LT ol L35 0 5 S o 2 0
{124 55 4 1] 58 £k 2% 2] (“what-if” explanations) " J5 ¥ Z Ht,
P e A AR Tl R BSOR Rl 5L B 2R B R, X R
— S Il R BRI R AT AR T A I L
S i 2 B SR 09 24058, B RO e A R R 7

B9 Sha ke

credits)"* B BUA W58 TR 78 00 5 SRR AR IR Z (1]
SEHAT R RUEANE AR A BC AR & [T 1
XV B TR0 5 5 2 SR SRR R
WA PR AR Y 5 2 R PR A T
AT I I, UE I TR AR R O A T LA SR
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Background

Reinforcement Learning (RL) has undergone a significant
evolution, progressing from early concepts of optimal control to
revolutionary breakthroughs in deep RL. This fusion of deep neural
networks with RL has enabled remarkable advancements in
tackling complex tasks. Simultaneously, the rise of Explainable
Reinforcement Learning (XRI.) addresses the pressing need for
transparent Al decision-making processes. XRL ensures that Al
systems go beyond mere high performance, venturing into the
realm of interpretability. This is especially crucial in critical
domains like healthcare and autonomous systems, as it guarantees
not only safety but also accountability and trustworthiness. XRL
research is dedicated to developing algorithms capable of generating
human-readable explanations for Al actions and constructing
inherently interpretable models. Striking the delicate balance
between performance and interpretability remains a challenge,
particularly in intricate environments. Ultimately, RL's journey
embraces the escalating demand for explainability, transforming Al
from a mere performer into a collaborator armed with human
comprehension.

This article provides a comprehensive review and synthesis

of the current state of interpretability research in reinforcement
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learning. To commence, the article establishes a definition for the
interpretability of reinforcement learning and outlines relevant
evaluation methods. Subsequently, rooted in Markov decision
processes, the article categorizes interpretability into four classes:
action-level explanation, feature-level explanation, reward-level
explanation, and policy-level explanation. Additionally, within
each category, the article analyzes interpretive methods for both
single-agent and multi-agent scenarios, with a special focus on
the human element in interpretability research. It delves into
human-machine interactive explanatory methods. Lastly, the
article concludes by summarizing the current challenges in
interpretability research for reinforcement learning and offering
prospects for future research directions.
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