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Abstract  Deep reinforcement learning is one of the most important branches in the field of
machine learning, which can achieve end-to-end learning through direct interaction with the
environment and is capable of solving high-dimensional and large-scale problems. Although deep
reinforcement learning has achieved remarkable results, it still faces problems such as insufficient
exploration of the environment, poor robustness, and susceptibility of gradients caused by decep-
tive rewards. In general, evolutionary algorithms have good global search ability, robustness,
parallelism and other advantages. Therefore, the methods combining evolutionary algorithms
with deep reinforcement learning to compensate the inadequacy of deep reinforcement learning
methods have become a research hotspot recently. This paper focuses on the applications of
evolutionary algorithms in model-free deep reinforcement learning methods. We introduce evolu-
tionary algorithms and basic methods of reinforcement learning firstly. After that, we introduce
the characteristics, advantages, disadvantages, and applicable tasks of evolutionary algorithms,
deep reinforcement learning algorithms, and combined methods of evolutionary algorithms and

deep reinforcement learning, showing the necessity of combined methods from a different aspect.
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Then, two types of reinforcement learning methods with evolutionary algorithms are elaborated,
which are reinforcement learning with evolutionary algorithms guided policy search and combina-
tion of evolutionary algorithms and deep reinforcement learning. In reinforcement learning with
evolutionary algorithms guided policy search methods, we categorize the different policy search
methods into parameter distribution search methods, policy gradient approximation methods, and
policy population search methods. Parameter distribution search methods regard the parameters
of a policy as a distribution and sample the parameters from this distribution to form a new policy.
Policy gradient approximation methods use the fitness of the policy as an approximation of the
gradient to update the parameters. Policy population search methods search directly from individuals
in the policy population and select the individual with higher fitness. Then, we focus on the
combined methods of evolutionary algorithms and deep reinforcement learning which attracts the
interest of scholars currently, including evolutionary algorithm experience-guided deep reinforce-
ment learning methods and evolutionary algorithm modules-embedded deep reinforcement learning
methods. The evolutionary algorithm experience-guided deep reinforcement learning methods use
experience obtained from individuals by continually interacting with the environment to guide the
value network of reinforcement learning, while the evolutionary algorithm module-embedded deep
reinforcement learning methods embed the evolutionary algorithm as an auxiliary module in the
learning process of reinforcement learning. Furthermore, we compare and analyze these methods
in detail. In particular, we compare the characteristics of various algorithms in the methods
combing evolutionary algorithms and deep reinforcement learning, including without-feedback
guidance methods and with-feedback guidance methods. We also compare the performance of
various widely-used algorithms in with-feedback guidance methods on the continuous control
tasks of MuJoCo and give a detailed analysis and future directions for improvement and research.
Finally, we summarize all the combined methods of evolutionary algorithms and deep reinforce-
ment learning mentioned in the paper, and we study the research emphasis and development trend
of this field. Although evolutionary deep reinforcement learning frameworks have been proposed,
we think these methods still require further theoretical study to balance the issues of exploration
and exploitation.

Keywords reinforcement learning; deep reinforcement learning; evolutionary algorithms; genet-

ic algorithms; evolution strategies
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B R T B T Ok 1R 25 L SR AR T BEORS A A A
it

WER UL PEPG 5592 J2 9 Ak g iz 1 5 L 7
AR — 4 Wierstra % N 48 H 1
H %k 3tk g (Natural Evolution Strategies, NES)
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<0+ aF ' V,J (10)
Ho oo W NP EERER 0 A1 p P RAEAF BN IAEAR L F
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ESH g £ 3 1 — 2 3 £ 5 125 7E A% DR SR b 2 2 )
AT L5 R B 5 AL 2% 2T 3k B A [R] B T AT 0 AL
R 2 T7 0T LR R T 3L 5 2 ik AT S 80 R
J5 VR W i — 20 S A, FOR iR Ak 2 ) i SEARL IR0
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Zimmer & N SR T LR A SRR 4
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Yo A AT S TE IR T T — AR SCBC HE Y g e 3

#: (Nondominated Sorting Genetic Algorithm 1I,
NSGA-ID"™ 47 5L 5 KRR R I T 5
BLA N 2 AL B AR BRAH DG Y — R AT g 22 RE P4 D ik
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MBS Hth R 280 2 78 ERL Bk HESE X
A P B SR AT R e O R Y A LR A ORI
A B ERL [ BEAHE B2 4% 5545 e JEGk 26 07 325 1Y) 42
EE Y %o 3k 6 Ty 3 HEAT TR AN I A 2L 1 T A TR
43T ERL 19 5 ik B L HE L.

Pourchot % A\ ¥ ERL H % 45 1) 58 1% 55 15 5 fe
7 CEM Jf8 3 B 5 Ak 2% 2 3 4y B 4 7 TD3

AR T CEM-RL 20 B R HE SR A 14 6
() flf s, T i — 22 88 /& 7 ERL 83 09 1% Be.
CEM J& F 45 #i fl 71 5% , 76 CEM-RL o & {f il 38
IO o B RG 1/2 AR F IR A B e S5 D
i M S, R XX (15) 5K (16).

K,
Hnew - ZAizi (15)
i=1
K

Sew = DA (2 — pa)? T (16)
=1

For s K, SR Fhoe vp 385 7 B8 fe i AT 1/2 MRS = R
FhHEA RS EL e Z g W75 0T, 2 Sk R A A A B8 7 )
B LT T 2, = 28 LK ey
> log(1+ K. /i
A B3 7 R R e S R T (A K. 2 0 s A
B AE AR BE AR R O 22 B N — A 0 e
KA BB AN, 5 4h CEM-RL %A ff 1 5 ERL #
[F] DB TR 3 R A 2% 2 19 Acctor MR T AR BE 1Y 7
2o T A2 4 0 FH R B 5 e PR I B e e Y T L/ 2
AL BEAh  Pourchot 28 AR5 AT BL AT 4R H Y
A G (Importance Mixing) #L ] . 18 2 XF 5
R A et

Khadka % A"/ 4§ ERL f I B 38 1t 2 3 7 57
) ERAS 22 2] FH WO T 2 BEA AR v 1957 2 % 3 [w
3 AT CERL 559, 7 B8 DL I 3 hn 8 vk
fift 2 MR R I 2 AE M, LR HEZR AN 18] 6 (b) BT 7.
CERL 3l 5 — 4~ 9% U5 45 PR X A [\) 2% 20 3 1 1 3 0%
VR AEAT 2 25 0 43 Be Lo e Oy Sl H T — Rl T
UCB(Upper Confidence Bound) ¥ 75 ¥ X & — > 2
2 VP AR U A Uk A R AR R
ARG AR/ AN

TETH AT 4y Uit i 72 o, CERL 1 6 & R 4 fifi
Rl (17) 33X F 5 35 (Soft Update) i 75 2031 8 3
iGN EVEMY v Z R o G AR E AR AT B of  H
M oA EA R 2 H AU, i 8).

v <—aXR+1—a)Xwv an
log( > v
= X (;31J) (18)

Horp R O el S v B — A2 ] F R & T
45 B o Ml e BT 0 Do) BB
MR CERL 78 #EAL 53k 3 4> 5 ERL 58 & —
BAEH THIAT 240520 AR IR 5 4L o
I Actor i A S BEAL L A AR BE P I 2 4E—E /Y
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(¢) PDERL™

ZH R

K7 R R T IR SR AL 2 S AR R

Jiil J K 3 7 JE B AR Y m > Actor HEAT R 4.

Bodnar % A" 90k ERL wb it F 4 5 B 04 3t 1%
BT AT RE XS I 2k H AT i UM O HL 25 S BOIOME 1 g5t
KON TRk — ] AR AT $2 T PDERL 833, K
FHESL N 6(o) TR, PDERL 5] AT AN TR 1]
ERE M B B I HAE— DA ImA T —
S TAEE MRS AR, K 58—
QT IEZE M A LB T (Qfiltered Distillation Cross-
overs) , B B 56 I i 38 N FE B WS BE BT 8 R A AL
AT e e — AN AR 2 w0 B A 7R
(9 1 28 22880 22 J 8 TP A SCAR A 4 1 5 TR 48 26 v
T AT 2 N s AR R R R B = (19).

N,

C
LC)= Z | pee Gsd= g G 211 Qs o, (52> Qs 5 T

NC
Dl s = G| I s,y 50005 ey ;0
J

\
f I
| 1
| 1
| 1
| 1
| 1
| 1
1
1
! |
| 1
| 1
| 1
| 1
| :
1
! | TEHE
A
1
d L ) [ o
(b) CERL™
#%
(
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
. AL
(d) ESAC™
1 NC
> G| (19)
N¢ <

Horp s N R EEN R E, 0 BRI o 55y A
2 A LEF P E R AR N A9 AT
B RSN R 5y MEAEKR
Q H I SR AT AT DT 75 427 2 3 5 4 11
WM. 55 2 N N A 5 5 F (Proximal Muta-
tions) s Rl T SM-G-SUM B3k ¥ ££ 48 1) e 37 g
IR A BT — AU s, F T4 R SR T
AR SR gt I A S () R B T AR SR A O
a«e+§,x~/\/(o,621>.

L 88 A9 A ERL HE 48 (1 3 B 5 4k 2 > 35
43 HURE NG 36 b b 14T 2 T TS B L3 DRSS~
R T R — A A AT B T RIM 833, RIM
AT LRI N FEE A8 e B TR A A 3 I TR B iR Ak 2
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U2 - 255 AL R B TR B AL 2 S Ok i e 4 iR 1491

>J B REAAR AR 3 N BE AR A A DU T X IR
JE 5 AL 27 20 B RE AR R AT A 0 2 ) DA $i ey Lo vy B
UL AR s RIM MR TR BE 5 A 2 T 1) 80 AR A4 I 2% 18 20
— A R A e I % R — - 5 R ) % A [ 4 2
AJEh Critic 25 H s 92 XL DU S — T TR 5
b2 238 BE AR DA AR 1 2544

Suri % AN F ERL QLR I T —FI 455 T
SAC HES 5 L ug i) ESAC J ik, H 5 4
A& 6(d) TR . /£ ESAC Wi 7 —Fh B 3h 748 5
JE & HL ] (Automatic Mutation Tuning). H EH 4 fif
T2 T IR o K 7 B P 3 B AR R AR R
SR o PR AR L an= (200 (2.

6o —h-lip(%SmoothLl(Fmax Fo) 0, ;‘) (20)

0.5(x;— )% |aoi—y <1
SmoothL1(x;,y;) —{ ei— .| —0.5, Fofh
@D
FErb s Foa 8 BlORE AN A S5 R B 385 0 88 o B FRRE A
PR S5 19 3 1V BE Ry AR SRE WS 118 2 2] 32, ¢ R I
P70 N SR 2 30T LU H o 2 RS AR i R 7 J3E
5507 24348 0 BE AH 25 A K if ESAC i ] L2 BF g1 5%
A S AR BE T E PR 25 A 22 B R it P 2R Pk eR B0 T35
ELAR SR B B BRI E T 08 gz 1), {45 A8 S5 A B A
FI 3 i R A [ I 428 ) 7R — 5 RS N e R AL R
#R53 JESAC f8i J 1 — ol B¢ i A1) 3 3 % (Soft Win-
ner Selection) F >4 6 45 SR W%, 3 Fb 75 vk 2 D
TR Y A A o e 45 1 3 17 2 B o 11809 A M DA JEE A
G AR B 25 T A A AT 58 SARAE L T A2
S U At P A SR ) T =X
Cideron & A" 7F ERL (2l B4 8 7 —Fp
AT DATE 25 323 () 3F — 25 P i R 2 R R T 58 1 QD-
RL. fEFEAR L AR 43, FhRE b BT A B0 25 3 19 4> 14
SWRAF B — DA T A RS R R LR
THAL B P AR B R R HH IR A & R
W Bt R Sy H e — A o L T2 T A R AT T
(Pareto front) i 75 zCAR 4fg 22 31 [l 4z 1 550 1% W5 Fh
i HE S FEAL SR Hod X8 TS OR #E 1 PF
MG SR A 25 R 25 (1) S TE AR B v & AN > A 25 2R
25 [F) P BE B 1T 545 20 9. FE R b 2% > 78 43 . QD-RL 3
T TD3F B AHA [ B9S2 . HBA Pl Sz 9 Critic,
—A> Critic H] T 2 B #1950 £ . 17 5 — 4> Critic
TN RN Z R0, 738 5 ERL ARl 192, 78
TR v 1 T A A A S 5 S AT R B T, o — 2
RS AR e IR e R Ak o i 1) 7 U fefE Y B Critie 64T

BB o 100 55— 22 M 4 B fe KAk 28 4 1) O X4
ZREYE Critic 34T 3.

Marchesini ¢ A" 35 H LT A9 %6 T ERL (54
BARFEAETCIE 5 56 00 (8 10 VR B2 9 Ak 2 ) FPE A i
B 25 R 1) 8L, 42 T SUPE-RL, H 55 74 4E 48
& 8. SUPE-RL M8 T ERL W HE i 2. &R H
TR PEAL 1 5 2 FE SR AR 2 ) 0 B R D A
V1) o — 2 1 [ 5 o) B AT — RO AT 1 TR Al SRR
A LA ok R AR TP Aty 100 KR R AT B ) F . 2 i R 45
Hoe I VA I3 5 PR3 R 1) =R R s A 2 2T R
g ) 255 BAR S =K (22).

0, < 70, + (1 — )0 (22)

Horbro 0, o i AL 2 2 SR W I 45 19 2 880, O Ty FRE o

BRI 2% S50« i 7. B Bk

(K7 75 3K, SUPE-RL AU H] LA I F DDPG, TD3,

SAC 4534 25 2l VE B 1% J7 ¥, 36 7] L FH T PPO Al

Rainbow"*" &5 Jy 2 M 1T fife o 5 #5520 78 3 AT: 55 X 0l
J2f 4 5 D7 % BRI 1N FH AR B 45

[ 8 SUPE-RL k220

BT EiRE T ERL (B EA B HM T —
S 5 ERL BIE RS IL G540 5 I B S i 2 T Fh B
IR FE s Al ) B0 i A R kT4 S
Il R R B AR AR EE AT AT AT
A Actor W EEAE R FPRE A A AR 2% Actor
W25 (1) Z B0k AT A8 S T4 — 4> Actor [ 2% Fl—
A~ Critic P28 I8 AR — A AN 38 o B8 B2 01T
TR X R AT DL AR & 52 ERL AE 22 BUAH 52 i fif
A B — 2 T RO A TR B R A A o B Bk
Ut ERL S5 it T — AN iF b 500k 5 IR B oAb 2= )
e FEe B4 T LR AR Z ERL Bk
ARG R85 & AL s IR s AL 22 2] J7 i
(CE N S NEN
5.3 EEhS5aH

30O B 4T O A SRR X R T s Ak o )
HEAT T R B 48 T RA R 4R T 0 B AR TR
Xof 3% 86 7 B AT LR A PR X LG 5 A AT
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A JG S 5t 1) 1 3 5k e B> RZBON A
A 0. X AT BRI 0 S I A S S
P B/ - FA DU 5 1 HA RO 1 2 il
F [ L A HL () AL 8 3 A S vt A 4 S Rk
B AQL TR 5 SR T S 158 19 45 2 S0k AT ik — 2P 1Y
PRIUE I 0 T M DR 3 5 2 5T 5 R R R 4 () A
[F) I S Bt (9 4 S B i 4R A1 — S A S AL
BB T B Sk i TR T RSBk AT vk A
o DR IH e S0 A I 3 A D) 40 1 R -
{EE H AT 5 A7 28 0h B el

XFFRLERL AR A R BHE T8 J7 %R U
M 2 pal DU R 2800k (T A [R) F) TR 5
s S L MR Tk  (HE X 2 U7 3k R 2 JOB A
PEAT TF Rl S 6 o DT DG 9 A 0 M TR O B 0k 1
ik & N O FL e AL R 51 B A R i PR fE LAY 4R

Th. 78 ERL iy F2R F T8 UR B 5 Ak 2 ) AR B3
A BUFNEE 0 5T Jr 3O TR 0 b T B TR R T
LA CEM-RL ], oAt FH 00 6 66 B B AE T T 24>
AN SRR T SRR AR AR AR (R R
TN T B B B TR PRI  7E R SR B BIE S R A
i BT T AT AL T R I B 12k B R] T Y ) AL
T T T B R (14 1) R, 5 I 36 S 1 7 32 T g
HT T LA 15 4 AR J5R T 7 A AR AR R ) L, AT
ME DL DL i 1) 2505 A D o 2 [ 0 IR e, R A
SRR T 14 7 1% (R R85 ) 30 A 7 o a3 2K Ty ik
AE Ak 2L & J2 A0 SEFH (9 — S e L Beah . B SCiR B R £
B e S 5 LR 7E ERL SR AESE Bk Ay
{8 5 O L T ERL HE SR G #8 5 Jr 2ok 4k e %
2 BRI e W A 7 0l 2 ARk i — A5
5 1.

£2 HUBELRIESOREBRLSE ST EE L
: B g B VR S8 L7 2]
WSaE FE 1 AL BEH 3T 25 3 {7 4 1 e
Wz i It e e
Kby A0 Qo [72] STRLRTEN RERETHE 4 g e g s e W ELES Deep Qlearning
f3 Sk i
GEP-PG  [75] HERH%ME H bR gL B 5 DDPG
Y TR Y e A U RN e :
ERL - [78] e on S em SIS Y13 e AR A2 AR S DDPG
CEMRL (797 b P B AR TR B RERA 5040 16 11503 A5 5 DDPG/TDS3
CERL  [81] &3] % VeUtis SLas 4 Ve it 1650 ok RS 8T TD3
fibtty  PDERL  [82] JEPIZ5. B4 T i 11 HeF QiU AL MR DDPG
it RIM (841 $HBE-HOPHL AP0 M 25 2k il A T 0 AR B2 AR5 DDPG 2 ff
ESAC  [85] F12)7s SlsebLI Bk st sems 3k L oem Soft Winner ##£ %X B SAC
QDRI [87] (iR MP@RERMAM  WRITRIE o HE A5 DS
SUPERL [ss] J P HERRAT B D AC RO AT FF g gy W 5 PPO/Rainbow

BT A ek R stk Al 2 > O ik

A B B 0 TR O — 283 T W LR I o
M S BEE I et T 3  FC SR R A R R TR JE
7 ] —FE Y AT LR ke — R 81 RS T) R ) fiE 7. A 53R
P2 o BT L TR AR A > SR TE MuJoCo 35
B b B4R 73 R DAl A 3 2 Bl 1 8 B PR RE. AE R
Mot > B3k 5 BT 58 HOAR R 9 20 0 Ll o X E A
[F] 14 83 A () — R 58 b A5 0 1y e A0 T D7 6 3t
PUAS [ B30 02 O P RE o T LA B WL 3 A B o 0% 19 %
PEAHIR. 3 3 X EE T o0 A il 5k G oy BT AR
PERY R 38 A 22 2 05 ik 5 R e A4 T TR I
AL 2 2] I I AE MuJoCo HAS [l R e 1 i) M g
FB b A R B B T T 2 80 5
V8 SO R] BT A S35 AR 2 P X 10 /S [A] A9 Bl BIL
TN 2R 250 T 6 21 S5 45 R AE G430 858 I
45100 TG MBI SE R 5 3 F S5 45 R A Half-

Cheetah ¥ % 1 i)l Zx 200 J7 # , Hopper, Walker2d,
Swimmer Fl Ant ¥ 855 Hr )| gk 600 J7 2P 5 15 3 1Y 45
RN 3 Il LUE AT SR TE 5 i TR sk Ak
bl — PR B8 5 AL 2% 2 J7 VA AR LU AE KR 43 BR B8 R RE
ARAG A [R) B B Y 4 i X 10 B 00 A0 B s i 2 0
fi 3 R B R A2 203X — T ] 1 T R S B
M 3 ) — S IR B th R W] LUE L — R IR
JE 5 Ak 27 20 e — & W 2k A0 BUS 5 8OR 1 32 T AR
BT 456 IS W TR B a4k 7 A R BB/ X
Wt W45 £ 2 A0SR0 0 TR B B Ak 2 20 A U1 25 1Y) i D oK
FERCRAREL T — e 0 TR 32 i A 27 ) B 12 AR, {HL
A I ZRAD BO 58, 3 1 5 12 00 B B R BE TR
It 33 5 90 B 0% 328 34 . B Ok T — M A TR B R Ak
o) FOAAE MR © S e R, SR SR B FE
I BRI E OL T - 45 & 31058 12 1 R 3 iR 4k



71 BOIhAE . A IR TR R AL o S T TS kA 1493
x3 HUEELRIESHRERBLEIE R EREITEO?
R Hal{Cheetah Hopper Walker2d Swimmer Ant
Ll Mean Std. Median Mean Std. Median Mean Std. Median Mean Std. Median Mean Std. Median

CEML#0:79] 2940 353 3045 1055 14 1040 928 50 934 351 9 361 487 33 506
TD3t20:79] 9630 202 9606 3355 171 3626 3808 339 3882 63 9 47 4027 402 4587
ERLL78-79. 8684 130 8675 2288 240 2267 2188 328 2338 350 8 360 3716 673 4240
CEM-DDPGL) 11035 298 11276 3444 55 3499 2865 218 2985 268 32 279 2170 1128 3574
CEM-TD3l") 10725 397 11539 3613 105 3722 4711 155 4637 75 11 62 4251 251 4310
PDERL#2] 7891 445 7983 3178 101 3190 1484 493 1155 331 30 352 3282 1056 3201
TD3 * [20.82] 11534 713 11334 3231 213 3282 4925 476 5190 53 26 51 6212 216 6121
ERL * [78:82] 10963 225 11025 2049 841 1807 1666 737 1384 334 20 246 4330 1806 5164
PDERL * [82] 13522 287 13553 3397 202 3400 5184 477 5333 337 12 348 6845 407 6948

2 o RRMUIS BE AP I AR BE A . FE SR 3 s A kLR
2 B TR B A2 o) SRVE TR B T — R TR S R AL
2o AR AARE 22, 3K 2 B T X0 R e R AT VR AL B B
FEAEFH T 1815 2 0l 3k {8 75 2 A0 B30 b B R R AT Y
FE S BAR L 1 45 4 B 9 Ak 2= > Z v, DT AT DA AR R
5 k27 20 i B R e A R (] A

(A5 1 B A J2: » CEM A Ry — Fl 8 f7 2010 20 A £k
THA A Swimmer P58 b g BT BGRB8 1k 2 )
A S 2 9045 T 0 TR B S AL 2 T B 10 0 B
XZ ARy Swimmer FEE AL IR IR R E R A
A e W LR [ B B 9 T L BR T T 2R 5 B A J 3
PR, AT DL R A R 5 T 5 Ak 2 2] LA
XA 8 G0 7 AT 85 A AR S IR T B R
KEE S FPERE B SE IR R G I M T il AL ik
SA—ERES . NI TR G B R E T 2
FIRE AR R G 1 5 R BE ) Z [ # °F #f. CEM-
TD3 th T HEH IR E RS T EREBIENT
FRREAS A PR 2R 25 TR — PR - R K Be g 45 3
1E Swimmer P FE IS TD3 23k, i PDERL 7£
WAL Ab BEAS B 4, AT AE Swimmer ) R B 5
CEM #:3 . (HAK IH AN BB 34 3] CEM [ R0, B L 78
W2 Ty vk RS LR R BE A A N AL T 2 A R
FH)— D EE .

g bR L SR A 50 P8 T 1 IR R A2k
TELEF FEAS SR TR R BE H 3 DAL | 3d A 3K
(R 0 23 ) e A+ B RRE DG B 53 A A T B SR
D AR G T A T B A B R 2 R
P TR 2 5 27 2] v At SRR IS T 1) 22—

6 HEALEEMRENRRE B S
ARSI 2 R R T W IR I SR G5 ) D IR il i

STz 2 00 3 AR B2 A5 B 7 SO0 4 S 2
Bt 22 S0 I 1 B BIF 5 PP I A — SR A B Bk

A B T TR BE it A A i ok B b B O ik AT i
TP 5 SRR PR AN TR R R A 0 AL
R A TR BE SR AL 2 > Ty AT T B A 4

TESS & AL AL G2 2 b BR T
o FH AT 1 X 0 208 2 A T 4 R I O B AL A
POFETEAE S — A B 414 %o i A2 >0 2647 4 B 19 O
2 AH AL SR 5 5 A 2 2 R R R 4 HE A S HL
B B AR HLsR AL 27 ) — O T M 4% 1 BT FE
PSRk 2 U0 45 5 0 TR B 5 A 2 ) b T G R s Y
8 R UL, JEAL S S TR s AL A S RS B Y
XF A B R4 ok Ul ERL AHE 808 i 22 50 b 5 1
JEEAG B K W 2 AT I AR 3 b 5 AT LA A L 5
225 UR B v A2 >0 W DAGE S5 04 Hi A7 E 4T B B T
AR SR — P i 5 9 A S A D TR s AL
PR — o R 0 TR A A A SR A Ty — A S
LR R AT S 5 IR B 3 A 2 >0 1) 2ok A% b DA T 4
FHRFE s 2] 7 vE By R B H FE R St — A
RE LA 1] 5 S B2 O FE A7 FhAFE B 34 [R) It A g
FLHEAE 20 Il A Sy 9 A 53005 00 345 0 B o K,
TV R BRI AT R E T

Héamaldinen 25 AP2 #2H 7 —Fh i F§ CMA 7
A IE N ok PPO B IR R JE 1) PPO-CMA
Bk IR PPO MR Iy 22 23l Wl 46 0 5 205
a8 PPO-CMA 2l St it » WGE AR
LAEE I —FMELIF CMA-ES b2 )8 &
7 KU Gr— A J7 22 W 45 . I 38 23 76 5K W 1) 461 2k
BRI A I 5 22 T 4% A 1 %) 349 (RN 077 2 R 425 i) SR A
RS-, £ CMA thasfii ] T —Fh rank-
e W SR T X S Al T U 7 25 F S 0  (E, X AR AT LA
i 7 ZEAEAE R Ty ) BB R A DT B2 R S A R
@ T30 43 B 1 B3 o B AR AR T 2 S A 4 2R M 3R S B

ik B SCIRC79 15 ek 82].
@ H kR« B8R 3L 7E HalfCheetah W iil 25 200 J7 2 , £ Hopper .
Walker2d ., Swimmer, Ant H1 [k 600 J5 2.
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KRR, JLH . PPO-CMA 3£ 2%t GAE b 6 i 1 13
R A5 SR W 35 HE 47 4% ® 5% . PPO-CMA #] DL AE
A A0 R AR O TR BE s AR 2 2] b — R 0 I 4% Y
Ao DA el 75 4 £ B0 2 A Bt A 381 O 88 i Ak 2% ) 1Y
FuiLic
Houthooft & AN 48 1 — Ff fff FH 2 A6 5335 1)
JCoR A2 2 T EPGL B X 2k eR B T #i 48 )
ZEGHEAT R, e A 2 10 BR TR 1 SR m SR G Ak AN
PRRE 01 BRI X 2 S 800 T )2 A0 B U0 fe  Ah
J2 P SR AL 451 % eRBIOCR AT BB FE BT AR 2R 2T i
P b, GG P P 200 B 00 8 Re AR 2% ) iR/ M AM 2 R
BERHI R R L,
0" = arg rngin B, m [ Ly () ] (23)
T A1 J2 10 21 1 4% 451 2% eR AR ) S50 5 Re 1R 1Y
[ 1z i K -
¢* = arg rn;"tx Eaiepens Beop [ ()] (24)
Hop: My MDP 3 82,1 p (M) MDP ) 53 fii.
XA 5 vk AT LA AR {1 A 0 0 T B 5 Ak 2 2T 1Y
H b bR B A T 18 DT B4 T TR B s Ak 2 2T i
T A P DL S — b i A B30 3 A e i A R E
b2 20 1 5 .
Simmons-Edler 2 AP 424 7 CGP & i, 2
1% AR A R W 1 S M R R M B SR e T 4% I T
B AT T 454 . 78 CGP o, ffi il CEM 5 g %)
SIVE AT EACRAE T 15 Q learning 535 7] LA
T 2 S eSS IR AT L2 {540 CEM 5%
mee FEAT LD TN 25— > SR I 4% 7y
J($)= B, e (Voms (s)— mepn (5,7 (25)
Aok it , H CEM 2 X 8h 15 25 8] 42 B8 = 307 43
A AT RAEAG BN n A SRR I R B A4 Z )5
1 Q eRBCN H A B I HE I B e AR R 3 N
I WIHT & A Sl S8 e 0 4 A i 8E S 07 25, 0%
Z ZREN AR RN DEREEE. fEX — B A
Tl AL B R i A BIIR BE iR A2 S 2 A
T A 75 2 1 20V Sl ) s ] DA 7 34 282 2l 4 Je )
Wiz, CGP ik B AR Higik 2 5 Y411 K 240K
W A6 J32 7 1 0 ~F- R[] %) P S B AR I 10 3 7 v
RIATH EEE.
Shao % A" IA N Q learning 1 H 5 M 45 1)
FE SR T o 18 AR i o R R R S T — AP
T B M4 GRAC Bk, ity ik & CEM
AL TR T S RS 0 S T B A R Q E Y Bl
fE. ZJa 33X — s AE T 508 H AR Q M 4%, I 4%

XAl CEM S5 W 55 5 WA B2 E A7 45 5 DA T Jin 328 55 it
SRR X ROy e CEM B Bt A S T — &
WEESRAL 2 ) i B 2 v, JF il Q (E Ay L3 1 B
PR AR T T Q B A% T X M iy & s ) B
PR REHETH bt A 45 R T 0 1Y 2R R

AL T B — A B A Z 5 A e AT R Y
VPG AIE AR TR B A 2 ) W A B — A5 A
PR XA A R T E T SR A R
WATERE R E I NEE NS, H— &
HE TR T A ) R — B #0425 R 0 25 3R
Zr R Al i R 3 A oK R AR R
W62 T 5k 1 A0 B 3 40 B DA Ak o B M 1HG 2K T 9 T
5 P10 — A 5 g [ A a0 S T A s o 326 LI AN 24, ]
AE 23 0 B3 1% ) e P A R ) 5 T A
26 ) B 1R I 7 ) 2R AT BRI . DI S 05 i 15t BT
BUE. PPO-CMA F1 EPG %5 3 4 i JH 4% 2 ok 51
SRy 3 VB eRE A 3 Ah Oy A A PR IR
JE R A2 2] 2 BEAH G A B M 4% 1 CGP 5 GRAC
PIge 8 T Q AV Sk Ak 53 0k 9 35 1 B oR B, ROl Q
{E B2 22 I Y F B (0] 25 RS S VR X M (. B R 40
KRB Q (A5 B R IRl it — & — A A B, (2
KIS AE B — 25 I i i B b A5 210, JF X 224 1Y B )
B — A OB A 3 306 AR S B B i A
AR UR B iR b2 2] SR U R B OCE Y. H AT 25
1435 17 J3E DR BSIA Ll A8 3 - 4 st Ah G o] figg e 51 A X
T A T (BT 7 DA 1) 65 A P [ A 5 B2 R 47 25 I
I s R R AR SR R R i A B TR B B Ak 2 ) i
FITIEIRHE D XA 2 W ok A B8 5 IR B s b o
EEG W — A EEN I .

7T BRESRE

TE R M AL R W A JE EoR T L s Ak ) n] LUA R
T A S AT I SR IS 4 2% 1o A T A R D Y
A PR PRI L BE R 0 O 1) BEAT A R A G AR L X
ANT7 1A fff A (5] [ L B A AN R B e 3. e o
Tl o PR BT 2 HAR A R RE R S L
T A R — A B S Bl R R T AR A
JO7JE PR BT AR 5 B P IR AR R B T AR
Bt AL Rk SR sl A AT A5 B W T 15 X 45
R T AR GEsR AL 2~ A A PR BE » R I L 45
DRI i Al o7 ) B35 — BT Kk B PR B 4R R e 1 15 31
T AT DR B 52 BRI 5 AT PR 2R 3

ASSORE AR SR 1 5 Al > A5 B 0Tk 0 TR
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R FFHG b SO 3R 2 A S 503k i Al 2 > BB BT
o P A9 77 3 B o T 4 R LA R R 5 D 3 4.

MFE 4 HAl DL LI H 2807 3k 1 Y AR
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algorithms with deep reinforcement learning methods. It can
compensate for the inadequacy of deep reinforcement learning
methods mentioned above, and it usually can achieve better
performance than classical deep reinforcement learning methods
especially in environments with local optima, so it has become
a research hotspot recently.

In order to help researchers who are interested in deep
reinforcement learning follow the recent hotspot about evolu-
tionary reinforcement learning, our paper introduces the main
idea of evolutionary algorithms and reinforcement learning,
focuses to investigate the approaches of combining these two
methods, analyze the advantages and disadvantages, applica-
tions and performance of these methods, and discuss the
future research trends and directions in this field.
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