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Causality in Reinforcement Learning Control: The State of the Art and Prospects
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Abstract Causality research has shown its potential and advantages in the reinforcement learning community.
Beyond the inherent capability of inferring causal structure from data, causality provides an explainable toolset for
investigating how a system would react to an intervention. Quantifying the effects of interventions allows action-
able decisions to be made while maintaining robustness in the complex system (e.g., in the presence of confounders
or under nonstationary environments). This paper explores how causality can be incorporated into different aspects
of control systems and introduces recent advances in causal reinforcement learning. First, the concept and al-
gorithms of reinforcement learning are introduced, and two main challenges, e.g., lack of causal explanation of ob-
servation variables and hard to transfer in transferable environments, are discussed. Second, the lines of research
within causality are reviewed, including causal effect estimation and causal discovery, which provide potential solu-
tions to address the aforementioned challenges. After that, how to embed causality in reinforcement learning sys-
tems is introduced. Four kinds of research advances in causal reinforcement learning are summarized and analyzed,
followed by real-world applications. Finally, this paper summarizes and presents opening problems and future work
prospects.

Key words Reinforcement learning control, causal discovery, causal inference, transfer learning, representation
learning

Citation Sun Yue-Wen, Liu Wen-Zhang, Sun Chang-Yin. Causality in reinforcement learning control: The state of
the art and prospects. Acta Automatica Sinica, 2023, 49(3): 661-677

AR, N TR RE MBI 78 0 [ AN W 4 98, JRAE

Wk H#A 2022-10-18 3¢ H # 2023-02-10 | O e st A
Ma?luscript received October 18, 2022; accepted February 10, @ﬁﬁ%%‘ Eg‘jjf%‘éﬁ‘ %] %Xﬁ}m HL%&}\E %U:—J‘E%
2023 AN EE AR AT 1 s . LAk o) AR

FE R H R B34 (62236002, 61921004) ¥ B PN . R .
Supported by National Natural Science Foundation of China B@{Tﬁﬁ%ﬁ*ﬂ?ﬁﬁa‘u Tij(i%)\]:%] HE‘EBEJ} Q Z:j]’f/{jﬁl’jjiji

4 N R R S 26y
RS s Fh IILIRTR, 5T 5 ARG AR T B B R
Recommended by Associate Editor LI Hong-Yi s ﬁ’i El/‘] H—.J b7 NO ’fJC # > E fFIJ iEéj;léJ %% o ,pc %4 > Ei*

L RS A B Bt 210096 2. LR N TR e b o R . . .
S 230601 3. HETNRGHALE WA HL AR 230601 il 58 42 1 R G AT B SR WS I v, sk AR ST B AR,

4. ZHELNRG SR REAR TR0 &L 230601 g e - .
L. School of Automation, Southeast University, Nanjing 210096 H ﬁ'é/ﬁg’ i 1 5 T BOAIA B %Fj‘i?%&ﬁ%’ LA
2. School of Artificial Intelligence, Anhui University, Hefei iﬁ@gﬁgﬁﬁ,ﬁﬁ{{ﬁﬁiﬂ%% E‘HH:TEKQEE%%IEUE

230601 3. Engineering Research Center of Autonomous Un-

Zna/‘f\lncd 'Systcm Technology, Ministry of Education, Hof‘ci 230601 %‘% E(J E”Eé;% 1&3‘%% , a5 1{‘% | Eﬁﬁ %—gﬁﬂzn ﬂEéﬁm’f»{j
. Anhui Unmanned System and Intelligent Technology Engin-

eering Research Center, Hefei 230601 éﬁ{l’E Hﬂ‘%fm Hj T *&j{ B‘]’ﬁﬁ%‘ . &ﬁ%j{ﬁjﬁ Hﬂ' ’f’% B/‘] @J



662 H 3

S 49 %

K, SRALEE ST HIROR PO UE D, 75 25 AR FER1 Pl
FORAG T Tz 00, FERZEEL T RGCTL A
) = DR S Y NE S e b G S NN )1
TESEBR RGN FH Sk 2 182 BN T B AR
RIFZ A0 55 7T, HAE & 2T B B AN AR
R 0 2 DU e 30 AL A4 S5 SEBRAT 45
AR T RAT M il 1 ge.

JUE I, SR Ak ) 7E A B AR HIAT 55 B AT T s
— LR, EEARIE LI AN . — 2 X LATE
AL ) I R A AT DR R HE B K 2 AL )
il 5LV T SRR B 1R) 1A A 56 0% 2R 56 OGBS 24 11
WGk, R DA a5 ) PR SR 082 () I B 1 7 3 AT
S5 W AT 55 A2 A RS 2R O 38 5 7 ST T IR R K
Rz b R FUEE R B, RO AR ST A
H R R, ATRE2 5l N R BAH I, X 4T 5%
I MR Y R VTR IR R I 5 T R
T L Iz AL AR R oAl 2 ST BT
B BB A B I G R ISR e F1, BRI
TR BB 7E A B BN A [ R PR 55 A . 4R 1 7 T i
ISR sl E AT 55 IR R I, 5 RE MRS R 3] 1) W 4
PRI AP AR M B R 1, IR B R £
R 1 1 7 T S 8 N A0 o.M
S YRR R RN, TCVEORAIE SRS 72 AP,
M DA E B HE S 3 5 i 1 45 1) 3% 5

NT RV B E, H e B 2R ARk
SOMES RN SRR, 2 TR T IR
AL ) . R SR A ST OE S5 R AE
2 ] 1) 7 g ST LA DR R B AR AR T O HEOR R
G TA) (R RIS OG 2R, A v s < 1) 1 DR SR RN,
HE— 5 T O HE T, B AR e AR B AT AL
IEAEK, 43 ICLR, NeurIPS, ICML 1 AAAIL 7€
PN T8 i B B 2 i 2 IR 4 R R
D] SR R TR ATL 28 2% S0 4008 119 R e R L R 1010, il
i 22 42 1 PR BB S 1 R SR B A 25 o) BV o 4 4
R BT RIE T R . T ST AT AR A [ SR AR
FHARIUE SIE A BESR, & InidHE ) s 2% S 45
VL TE R LA A LA R R ORI N AN
AR FE BB H AT F R ST R AR IUIR,
T v DR SR 3 O A R A ) TR SR G R IR R,
B AR PR B RS T IR 1R 5R,
AR 2, R ARk TAE 77 SR A mT £ %5 1 R .

AN LZHA R : 51 WAtk S %
AMES A BB 4R AL s ik o) BR 1k
B, 55 2 TR KRR R S, B
AT SR A5 S H R PR SR O 2 R B IR I 98 N2, A
AL T R IR AL T AT AT T R B 3 TR RR
SIS ) RGN R SAR Y FE A R YA

WEFLIT ), ZRi8 T DR AR5 Ak 27 ST 1 ok 7e it e ot
BTN A B A, Rl T BRER R
A ST IR I R RIS g8 i (4 0 AL, X AROR (R e
KT,

1 SBUEEIHA

SRILFE SIMEARG S

SR 2% T ARV B A I A T R,
EEAEA N 1R, Y AR B,
A Pk LI B B 7 285 B BT 30 FL, 024 3 5 5
ARAS IR AT, AR HY, 7R AN 25
¢, R R PR ARAR 24 80 T AL R B ERAS S, SR A,
YA T I ZIRES Spar RIS AR Ry, B
PRTE A LR A T I3 177 2 M (A |S)
A2 31 ) AR I O AL S0 150 B
T () et BRBEIE SN G (1) = 3% oV Ressonn,
iy € [0, 1) SR T, T i S 2
R AL B4,

1.1

i

IE A,

‘ et 8
é’%@j Rz Rr +1 Sf +1
RE S,

K1 smfes SIHER

Fig.1 The framework of reinforcement learning
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Table 2 Classification of causality research
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Sy AR IES A W VAR il 151 £ S QNS S5 S v ) : AT D
308 3k ) 5 R AL R ) (1) S A ST e ke 2 ) BR SR
o E T 2 S [F]) At SR E R R SR 78 73 1 AR T i
$2 T, PC (Peter-Clark) 5k A HAR AL R f —
AP IE B GE v PSR AR P 4R B AR 2 (A ) R G &R
WHICR B, W RAE T & R EFEAR BT 52 T &AL
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E AR OLT, HT A KM R H,
T AL R B 7 B T e FLPR SR 7 1)
232 ETFTHBNEE

N T TR DR SRR AR A, AR AL DR SR e
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fE oL, AR PUE N R HEEE GFCI (Greedy fast
causal inference)™ Y4 GES fl FCI J7 L4 Ak,
i/ GES kBRI ZiH, ] FCT A4t IF 4k
BRI T7 1), EH TSR SRR 5.
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73, W0 1.3 FIPE, BUA B sR AL S A AE R
BRI, SEISHE, X P9 RER B 15 4 7T LA L 51\ A
RR BRSO 5 — R smAl =2 S HIAE, R
SRS ST AT DL 7 2R SR f 2 [ 1 RE B SR A AN A
RKFR. LT RUMBSLIE R GBI, i W a0k (]
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(a) FEHIESS
(a) Control task

(b) Observation data (c) Causal structure
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Fig.3  Causal representation in cart pole system
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Fig.4  The application of causality in reinforcement
learning control system
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Table 3  The classification of causal reinforcement learning algorithms
EMEES fRFEFE gt i)
PRRRAESR I ASR® CCPM®, MABUCH™, B-kl-UCB® X i 4R T AR B SR AR B e AT [ SR G5 M AL R A
I8 R SRR AdaRL™ CCRL", IAEM®™, OREOQ!"? TEARPRR BT R PR B b 4 TS A% O B 45 D5 SR AR
NIRRT CEHRL™¥, SDCT", {iii #1431, FCB""! LR B RN VR X T IRBE RS, SRAFEE 10 0 e ik 1
SFSLEHER CF-GPS!", 5 3 S w4 5 F o SR R A AR ] SRR

HE % T 7% 5 T BB AR S5, $RTHELRY R AT ke
PERE AR, 1Z07E BARTT LA LR PR,

a) BPERRALIRE. N FHE KA Bk 5
S P, RS B AR AT R T IR 1 R R S A
I HE B 30 RIS AR . BRI RIESE R B,
A FH 8 24 (0 G5 A AL RAE X T BRI R G AR RO &
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(a) Data generation process
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(b) Data generation process
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Fig.5 Data generation process in MDP and POMDP
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tual reinforcement learning)®” {f ¥ 1 5 4% & ) A8
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