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Review of online reinforcement learning control for systems with

unknown models: theory, methods, and challenges

ZHANG Haoran, ZHAO Chunhui™ , WU Zhengguang
(State Key Laboratory of Industrial Control Technology, College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract; In the fields of intelligent manufacturing, aerospace, and robotics, control systems often operate under unknown dynamics. This

significantly limits the effectiveness of traditional model-based control methods. RL( reinforcement learning) , as a data-driven intelligent control

approach, enables policy learning and optimization through interaction with the environment, showing great potential for solving optimal control

problems in such model-unknown scenarios. This survey focuses on the issue of unknown dynamic models in continuous-time systems and reviews

the development of general RL algorithms and their application in model-known scenarios through industrial examples and theoretical analysis

methods. It also summarizes representative methods for model-unknown scenarios, such as model-based RL, off-policy integral RL, and Q-learning

approaches. The survey introduces Lyapunov-based theoretical analysis tools and important assumptions. It discusses cutting-edge topics such as RL

under partial observability using large language models, safe RL, and stability and robustness enhanced RL, while highlighting the challenges faced

by existing methods.
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Fig. 1 The development of control science
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Fig.3  Existing methods of online reinforcement learning for model-unknown systems
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Tab.1 Relationship between RL and optimal control
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Fig.5 Terminology comparison of RL and optimal control
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Tab.2 Summary of online RL methods for systems with unknown models
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e I HESR SR 4 et A RS R B - a7 6
Sy ) 455 55 7 20, NG BT UIZRAIL ] |
PEREPR IR S5 2 J5 T4 T HAETE S AR rh i R Y
WG ERE AT, HEsh iRk > Iy e B A
TR MR ARG P I T
6.2 HEEERMRAFGHNLREBUES

Bi—/INTT A EBOCTE T oAb S X R
it Tk SRR LU O BE 1. SR, 7E Tl
4.0 AR, FREME HR IR R G HEA K,
WA TE AN E A B8 T SE 0% 4 5 e e i WU H
b, © BB BE i i 5 2 R 4 il eh A RO PR
BTl 2 A, R AE RGERAS « IR AARSFTE
FA LR TARRN (h(x) =0) , il an7ESE 2L 4L T
TR AR R T T R BOE (R, {H I 3
WA 20032 B R B, DLk S 2 i, X
) 0 AE H 2 bl LA 3R O 32 R S f 4 il
( constrained optimal control ) [A] 1,

X T RGN SRR M IE , BHOR 2
FRE e o] R ME T, — 7 1, SR REGEA
S BE AT AR LM IS S, S S A
RN, BRI 5 TC S AR AT M T
WRETCE S A ML XU . 55— 7 T, Ak > R
FHBET U5 RO SRS DU AL AL ], AR R i A B
AIREf AR ANZE A AT O, JEHAE R 4 2 ) B Bk
[SIIE /SO S e € e o AN WS T T

SRR EIR PR, AR BT 22 A ) 45
RURM ARG LAl > Ik, HHPRZTER
WAL AR X R GRS HEAT A I, 0 P45
il SR 11 22 4 ] R

1) AR AR AL [R], B AR S80H] ek b s
TSRS 2 RO DG 0 785 30, e A4 5 A 2 > 6 )
T G R LT SR 3Ky TR
sk I HE SR, O s ] R R
-,

h

_.r 1 g Yh(x)
U(x,u) =x Sx +u Ru 1n'yh(x)+1 (29)

LA P 58 ) R RV RE R AR, TR JE —
WSRRAKR h(x) 20 f1 K, FREREHE
AR, U 210 T 055K, AAINTE i 28 4 1]
P Aa TIEE N o X T IE SE B o, (H A5
AR FEAR™ B 29 XU, Jovk AR L™ A% B 24 1k
PRIIE

2)) S B 5IR FY) 22 A P DR e, Sl PR
PRE SR AL ) D IR AR Z B I ki . 1l
W 5 R SR FH T 1) AN A2 1R B REAR S 20 A R A
N PE ALY TS 1 — A2 4l A T3, iR

RGPIB IR AN T2 N . ERIR WS =T,
ATy Pl H 5 A R A, h A 2
Actor 25 {4 i 1 1 ki e 2l , 797 b 42 il P A R
BT L 2R AR T IE . XA AT RS
A T2 S IS 2 SRR )T, B FE
F S0 5 HLEs N ST 55 rP UG Rt

3) BT ot bR R 1Y Ty 9 AT DU A7 PR R A 4
] [ RS 4o Ry 1 1 2R 0 A TG 24 SR B A0 4 | ) R
T 38 B Ab BRAR S 20 o1 Y R g
TYZRE o] LA 38 ) 2R Gt A T80 3R sh e, ff
ZEO R T RO R Ak S M e el g

ST k45 HAR B, 204 Ao fb 2 )
AT I i Z2 PR, 9 an g i e Stk o s e
U R SR ST AL AR L B A g X BRL S R 4 v
AR S BT 1 2 ARGk 5 4 ) T A7 Pk 1
B o) ok B [ R, R A AT 2 5 | AN 2 D R
T, Tk — 20 4 3l % oAbt ST TEE 4= T
MR GERRH
6.3 RTEHSEHMHIERKELEIEE

R A Ab R ) T B RE e SZ BR A AT 4R
T RZGWiatr & et HEAREE R RECH
T 42 il R 08 1 SR M ) B A B AT A5
B R, 5 A 2% 2] N TR 27 2 SR, X 3R
GERRE VR T SR B B G I e B AR AR Y
ESIEE RAIE - M & 28775 o S A S DA
B RDT an ) 3G 5 R Ak 27 > B RS e P AR
P, DR L TR E R . X — [ E AR/
I E S THE N .

H AT, K2 5008 A 2 = 5501k #0 B  Hl AR ft
“UIMRTR R/ AV T A BB, BIELR Actor
P 28 ZE U Zrwl R B A B — A R G il
iAo SR, 1E RGBSR T X —
B AEAEXE LA /o BB E— 20 Hl, B 2t 7
B T 5 AP BB T, 45 S s A 43 28 ) 1
% & AN st B R IR AL E AR FL
5 R ZENZALRE ST o UL, Al AE AR AR R
NARE T BT Ak 2 o SR W A B Tk R Ak
Y ETR BRI R WAL L ) —

R T RO E A B [a) B 34 R AR
223\ Lyapunov pRELA T, ¥ B TC0) 4R B e 458
A A SR A 2 > Bk . XL R A Pk R
G5, HWFFEAR I T 3 TRy g0 ]
0 JEAELJE SE M 3 — M 256 1 1E 2 Lyapunov b
B.V=x'P'x, WG, %M TF H 08N EH H
AP RIAl R B (R P
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fi_TxT(T)Hjx(T) -2(Ru(7))"Kx(7)dr =

() Px(t) —x"(t = T)Px(t = T)
P =Py ej(Hj +S - (K)"RK)
(30)
HIHF IR RE R 2R K BE — IR Y
R P SEINZE Sy, BRI A A 308 SE S i 1
FRHR . i, %207 SO B, X R Ge e
FE AR 25 WA UK

TEAR L R G, W90 & i — 0 kR
Lyapunov 5|5 {38 £k 2 >J /0 2 3 HL 7
XRIIEIE G A— i) Lyapunov eREL, I-¥iT
TR R T 1) B I 28 AT, AT A2 ) s R vh 4
SLAEFE R G IR E M o XA B AR B 3 1
TRINZRIRES: , 0o J5 222 e PE ORI AT T B fili . 1tk
Hb WA TSR R Ak A2 ) 5 A R BER Ty
G, IS B I SE g FE il e RE . AN de A
BRERAEHIE 55, T AU T 53 Ak 2 2T A Dy it
DAL, TR 2 BR R AT 55 52 e 3 Iz 45 ol 45 5
IR B R RS TS R T R AL
IR AR RE J1 15 B I A ) A AR
I R GERE S R S PR B S A SR, R AAE L
ISR 162 - 163,

FEXTEREVER ST, B VA G5 T H To95 5%
SISO RORESR T T AR A A N T R4
35 A 35 FE AL AL ( domain randomization ) F A B A HF
FERE 22— S ok i SR R o
U K RIE ML/ BLIE S VO I2ab S B
1155 Hon (08 REIARTE Z FE AL 3R 85 vh 2 12 4k
AEJI B SR A MG o SR, 1 P A B AL A 1 1 25K
B PR LR 1 0 FL SR, R AR R il 25
Jili . BRitZAh, i # 5k Ak 2 2] (transfer RL) 401
BT IRIHE S S Yo OB RS A
RIRE ST W MR, S ST
ANTa], 45 s ) A A% T A RE A 2 o) TR I
FRA R B AR W1 DR I o T B AR R
AR X SERILR , [7] s T D1 25 5 B0 ) AR Bt 7 By
K

SMAKE Y RIE LR AL > 5 AR S B
TR AR L RPEAR L e PR e 22
SEPRAR, E T2 T iR Ak 2 T Dk 37 B b I ER
FROR o ARG T RS b3 [ T e Y i)
KBRS T m ERE B %4 miaE v
(R Ak E 2] ST A2

7

1IN ZA

TE Tl i R P A2 IR HILE 55 iR
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G AR A LA SN Sl A I 3 A7 A 1)
WS )R, (7542 0 MORSORS Tl o A 4 2 1 D7
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