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Abstract Reinforcement Learning (RL) is a different learning paradigm from supervised learning and unsupervised learning. It
focuses on the interacting process between agent and environment to maximize the accumulated reward. The commonly used RL
algorithm is divided into Model-based Reinforcement Learning (MBRL) and Model-free Reinforcement Learning (MFRL). In
MBRL, there is a well-designed model to fit the state transition of the environment. In most cases,it is difficult to build an accu-
rate enough model under prior knowledge. In MFRL, parameters in the model are fine-tuned through continuous interactions with
the environment. The whole process has good portability. Therefore, MFRL is widely used in various fields. This paper reviews

the recent research progress of MFRL. Firstly,an overview of basic theory is given. Then, three types of classical algorithms of
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MFRL based on value function and strategy function are introduced. Finally, the related researches of MFRL are summarized and

prospected.
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Fig. 1 Two types of RL model diagram
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B4 B T REAETE TR B O T R B X R A TR
YR ARSIz — o [, R 751 A R A g E A S 2
Ja AR 1T 43 F BB B BT /N Gy 245 W R 0 P D 4
UnVA ik BE 2 A B | G O A A D S A R Y ) — JE T 0L
S5 o P T A 5 T80 0 A 24RO A A RS A RO R
o 75 I K LA Al T (Maximum Likelihood Estimation,
MLE) ,SeqGAN F RL 77 ¥ 1 Ho ¢ 52 56 v, 2048 AL 7E JRIE B
AR ZHAE T HEA B R
4.2.2 REBWKFEINESTELH

Wi & O A5 B ik A 2% ) FE Ak 2 U N T R 3G 7, R JE AR
RS AL 22 S Jr i AL I ML R DF S B Wi i £ . 2018 4F, Li
OV T — Rk E RS ) SR TR AR ERA
(Atom Transfer Radical Polymerization, ATRP) % {H £ #{ A
AW RBREY N TR, ZIrdE RL 5
A4 A 2 B 2R TR A BORE B AL DL AR AS 48 oy i
SRR . RL 42 ) 4% 5% 4 2 3R 8 TR 28 0 4% 45 4, AR 4R
ATRP S 0 Y H R A B0 e 5. 72 Actor-Critic 54
PEAT YN, RL 42 ) &% 68 4% & ST 0L 4 Fb B A5 0 7 &2 70
i ( Molecular Weight Distributions, MWD) f#4 #2156 %, H
B MWD 348 A [7] 58 B2 A4 e 207 43 A L 3008 43 7 LA KT 22 A [
MO AR . 2 vk A 20 B0 I s SR W B B0 1 5 i L B e
TR DL 75 A2 TR B B0 T, o BE % e B AR UELA 58 42 A TR] 19
ATRP J2 i 5 & , HA Bz AL g
4.2.3 REZBALFIRALE R

B bR AT A e R 5 Ak 2 ) 7E A Ak 2R RN 5
A 3 2 N . 2017 48, Zhou %59 48 Y T — Al R G A
R VR B 5 Ak 2 2T DAk A 2% 52 07 Y TR BE 2 AL A 2% (Deep Re-
action Optimizer, DRO) . %A B8 1k 2% 2 17 45 A R 4 0 50
I8 38 3 AN WL BT A S A AR AR AL B R 4 SR . S g R
UE BT, 255 B A0 A5 400 0 S R S N A L e S #E R A DAk B ik
( Covariance Matrix Adaption-Evolution Stratgey, CMA-
ESEDW T 71 % W AR BhAh Z A B R T — b
AR R SR L 38 ek DR S 1 R R 43 AT o B IR R A% A1 A
KRV regrer fE DN 0. 062 T[4 0.039,
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DRO #5713 o 2% 50U 7] 5236 S5 P i 4 5 il SN D e £
1977 SR B AR IF H R B b . R RN T A RN AR
TR2H G 5B 1R R RS 25 1) 4 00 A X 52 R A5 A SE i B
YERENPEZS (B, 28R Al — 38k i “ TR & v 397 2 3 el B0 1
SR ALL R 0 PR AR AR TR A B S A R R B AT S O
ISR RA TR, Zhou F AR T i 52 1 T — i
19 LSTM &549 , &5 8 v B R 25 4 &5 A% 38 27 F — i 8] 26 14 Iy
S 2 B B L SR R BOR X s s A g s e R T — 2D Sk
L 0o
4.3 BRAESABEOEMTERRELES

RAE2E ) J& H SR B 5 4 B (Natural Language Proces-
sing, NLP) H ) — DA F B, F 8 NLP B WAL 55 2
= AP RTEAR AR EARG T 3R A4 R Z T
HR IR E e RGO S,

TEIUA 1) F I A5 A R R B R rh, 25 0 EBEAE R ALY
A BT 2 S5 R AR T R AT R B L X T R A B 3k
RSG5 RR g 880, 2018 4F L Zhang PRI T
—FpE A 3 & LA S Y ok 2 ST ) 3R R I TC AR R iR AL 2
T RITIRAE SCR G A 55 T L T SRR R Bk A
2 B 5 1Y A - G AR A SRAE AT AS B B8 1Y SCAS 73 2R AR

%7 s ARG W 2% (Policy Network, PNet) | 45 14 3 7~ £
1433 W 4 (Classification Network, CNet) 41 ;. PNet 4
Xof A A BT 1) 2 TR A SR JH BE ML 3R L B B L AR R 7 A R
MAIFISIER G . Gt RRBEBPATIEEL G W AT 45
MRS . Hoh, S5 40 A 2 n B AL S S P A ID-LSTM (In-
formation Distilled LSTM) fl HS-LSTM ( Hierarchically
Structured LSTM) , ID-LSTM HI T4 845 H Sii , I 1% 76 H
U], n“a”“ the” %, HS-LSTM M FH# 2475 kil 4 b £ 4
BLIRSE M . CNet fif ] 22 SO 51 2% ek 50, B T 4510 4 R 4T
4328, I 18] PNet & [0 3 38 2 Ji) Ll 15 5 0 S w119 2 > .

I AE R R W ZOT IR R A B R ae . O Hig e 7R
TR BALEWERNEN TR GESHCHEENE, BT
T % B0 B o A B SEREURT LA )T B At AT 55 R A, TRt
AT LA 33 Aol 5 322 10 T Al 2R R 7 5 L Ak S R AT ST .
4.4 HMBAEHIBHLTEREBELES

A BBl g A BEIHIE S 45 1 g 2 HL A A i S I il Y
BRI Z — o AL T — R WK 07 1 %07 08
it 2 — AT A AL AR N B ) SRR SR T Bl ) A A
TR B Y R TR — R 9% IR S 1 R R BHL
JIZ— . TR AR R i 5 A 2 2] S figp phe b 3 [R] LR 3 T T 1
D5 1) MR HG T JC A B 9 Ak 5 ) R T BTG 1R A8 B 1 R
TR BFE N GO WORE JC A B 5 Ak 2 o T B A 458 T 45
B HRS T ERHER.

141 RABAFJTEMNELEDMEA

Al R G T HLAS N B3 15N 28— FE 22 48 A 5 9 1k 1)
BE B & B W W Al fig, 2019 4E, Haarnoja 2508 #2187 —
ol 5 T e R R AL 2 ST 1 i 8RR TE AR B R R T Ak 2 ST B
M N RL REGE . % TAERAUE LA A TE BB AR 55 1
AN AR 2o 2o VR R T LA P2 T 2 Y R R ORI T AR
KiETH.

RL R4 F2H 3 AH 5 40, 43 52 NS N 450 5
P AL T AR AL 2% A VR A A5 2 A B g8 AL BTS2 R
HiP, DL KB 28 I 8 i, AN ] A Bk 22 1) S 2B B8 AT L OF
e TP [) B I 20 AR R Bl . RN R B b X T4 — A 4
il 20 B, ZR G0 gk R WL AR 2 L I G A 4 90 2% ok 15 5]
HESREE I AR E AT SIE LIS B ) . A R Lo B 2l
SEBNGE i X, O T8 A R W ik AR ) S Bl A . e 23X I T AR
TERSE IR ALgs N EHEAT T I, RS T R A TR RE .
4.4.2 REBKZIIEH S ERAMEA

H TORETY B Ak 2% > o T AL & A48 450082 22 i A ok &2
ZeMl g N WM 3k Z —. 2020 4, DeepMind )
Hafner 5 2 T — A5 Bh A BEHLEE A2 2) Z R0 52 2 iz 3h
AT TR B s AL 2 ST AE SR A HE R AR T — b Ak A3
B KRB AR IR B AT 4 RL Bk, e A s2 86 it f
PRFFE S B0 B R e A,

% T AT 5 b 2% S HE AR YR AL 28 N B B 1 BE MR {SU N K
X3 ATl 0932 B AT R o 98 J5 MR A 8] 09 38 B ATy 152 AN TRl Y
Rl X F AR ZE BB AL A% N, 2% HE 28 A 3 1 23 [a] DL KOUE
A ARG A A e = RN R TR R ET 9
A VEZS AN 127 AW 23 8], T 6 F 7S B AL A, 3 25 )
FUULIN 25 6] 43 ) - F+ 30T 18 A 282, FEME 2R B fE A
[ A B 000 25 [, 2% AE B8 76 AT 55 U e 1 5 B2 SR 3E agent 7
(AN ) A R A 25 T L DL 35 4R i R R 0, OF B IRl A 45 =22 [H]
P L) A, B 38 R R TORE R 0 M L e 26 S50 SR A TR 1Y
RL Bk 9 FpAS [ 28 8 (9 L2 A B AT 700, 45 5 6 B AE
AT HLES A XS £ Rz s AT WA A R i 2 e, EA R
BEAEAE AT R 2 - & BN A% ) T HE AT

5 RERE

TR R A 2 2] — A PR 3 R A B S R, o e
AR 2 [ 0 55 B2 3 — 25 R 50, 48] 0 4 o] S A 27 o) b B P AR R
550 B T ey 15 2 TR ATL k) LA s A ik B0 I 2% A KAk
B[] 7045

V- R AR 5 R i T R R T AR A SR A 2 3T — A B
53 A€ DRL H AR B TARKIEN ., L5 MIRER 5 R -V
[7] R — R ] 22 R I T AL R AT I 9, A e B0 T 0 IR T A A
BE b S0 S AR B 7 v B0 B LT R ST L AR L X S B
LT AN RE AR P SRR SR, 78 DRLIHE R T,
Puigdomeénech %190 F 2020 4E 3T Atari A TAEW Q sR%K
5320 F T3 ARL R 45 0 3 Rl A0 T3 8L B R TR R 1 2 Tl G A 3
G IFARIT — & B AL PR T Atari BREERY SO-
TAC(state-of-the-art) 45 J, B ik T V- 5 48 & 5 F A 1 ] 81X
L TERER ] T OCEAE M . A R S R H AT A —
2 BT B BE T 0 N AE BEALYE . BRI T 3 A UBE Y, B O
AF o AR U AU U B EL R BUR  HOR R R B R &5 1)

BTl AL T A o) R I JE AR TR 5 Ak 2 > i g — S G
BB4Y s QSR ] LAAE Y255 R b B i i A A 2 SR L L D0 RT A g
b agent 5 P59 A B UKL, 38 v A A R T 32, DA o A1 52 38
BUAS . SR 22 AL A B ) R — B2 PR TS [ B S g A
T HUL R RS O 2R A B R Y O 2
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HERNEEBBHEES BA RS X A5t %
il 7 A B T A 536588 A 2 > 7 R T 2000 AF B E UCHR Y
SEN DL 1 AR e 8 58 T e SR R v 0 1] SR 5 Dl o KR
I3 T DRL AW BEAT B0k . H 3058 4k 2 ) 76 R R 50t 5 2
21 AR P T B L RIS — i B A B9 . Ptk 2 el AL ) i
TR L U — R B (TR AR SR AT AT — P BT

[ ], TCAGE Y 58 A 2 ) T 28 96 [nl ik L 22 H Aoy > FLl ) A
55 07 TR B A FL R B BTSE 0 I7 o K BUA AR T4 3t o7 39
AU IR A 2 > ATV, AR T A O 1 R R T A0 e G E g 4
A N T R 2B SR K HESh 7T

BERIE AR IS A TR R R {2 ) U T
FEMENEIE IR . A SCHE e AT SR T R B AR AT R SR AE
B AR Ji T PR KSR SR W BRI KPR D7 TG X TG A L R A 2 >
ZMBRAT T M EMR . RFENA T BB T R
TR 22 W A Xk AT AR 2 MR BETT L B AR TE AL BB
i A 1] 450 3R 0 3 1 O X 24 i B 5T 0 A R R R R R R
HEAT TR, WA WF 50 AR A AN T I L, AT LT8O T A B ik
P25 0 S N T RE Y R R AR A M BOR H#.
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