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Abstract The optimization algorithm of monotonous improvement of strategy in reinforcement learning is a current research
hotspotsand it has achieved good performance in both discrete and continuous control tasks. Proximal policy optimization(PPO)
algorithm is a classic strategy monotonic promotion algorithm, but it is an on-policy algorithm with low sample utilization. To
solve this problem,an algorithm named proximal policy optimization based on self-directed action selection(SDAS-PPO)is pro-
posed. The SDAS-PPO algorithm not only uses the sample experience according to the importance sampling weight.but also adds
a synchronously updated experience pool to store its own excellent sample experience,and uses the self-directed network learned
from the experience pool to guide the choice of actions. The SDAS-PPO algorithm greatly improves the sample utilization rate and
ensures that the intelligent body can learn quickly and effectively when training the network model. In order to verify the effec-
tiveness of the SDAS-PPO algorithm, the SDAS-PPO algorithm and the TRPO algorithm,PPO algorithm and PPO-AMBER algo-
rithm are used in the continuous control task Mujoco simulation platform for comparative experiments. Experimental results show
that this method has better performance in most environments.
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iR Ak 2% 2 1Y (Reinforcement Learning, RL) & — Flt 28 56 o
KITE HEAR R BRI (Ageny) 5 BE R HAR18  5t, I
HIEEBAR BTG, T4 2] B — Al Agent 345 1 B ]
(5] 4 5 B e KA B dre U0 SR M R A 0 208 A AR g 1 19 RS ) L R
b2 3T LAY LU LS 56 R B0 R Ak 2% 2T 5 i 3
TR MG R b 25 3 Oy IR RS A L BT 2RO I B AT Bl
F-1FiE K (Actor-Critic) Jr ¥k .

5T R B0 SR AL A% ST 5 1% 1 T % AU A 1R 1 R A B
VEBIU 1, JT AR 8 Joe 5 O (R S BE S 4 L 38 T 4 3 8 1 ) A
23 8] (4 38 1L 2% 2J 4T 45 , U Sarsa™ 84 fl Q Learning™ &,
T B SN 1 R Ak 2 T A 55 b, E R 5 BT B SRR TR B
VEAH PR T 75 3 doe A0 2 VE (B R . B X T 3% £E 3 1R 25 1)
HIAE S5 T & SRR R TR A . 7E X RSO0 56 T o6 K
B 5 Ak 2 > J7 B DL o — 1 [ 7 3 A TRk TG kA 3 3% &
Bl A A 8] B MU IR S Bl 15 2 R Y Ak 2 ST 55T

2013 4F, 4 ¥k DeepMind 2> ] (1) Mnih % 45 — UK 38 1k
2] Y Q-Learning 5 15 F1 IR BE 45 T4 28 W 4681 (Convolu-
tional Neural Network, CNN)AHZS &, # HH TIR B Q W 41
(Deep Q-Network, DQN) &5 45, #E 45 T K &R . Hoig & 78
Atari2600 JE 3 o A9 R B T AN 8 EAKCEBo R B iRk
2% 30 (Deep Reinforcement Learning, DRL) B BF 58N T
U S . LR T B TR M 2 AE D (R B TR Y
—RI5 ik, EE L IAAE T A TR BE i 48 9 46 XIR 25 FRAE
HEAT A SR R TN T SCIRAS R AR AT 2k i S vERf 4 il
Agent BEMEAE T JE M IR T AT . fEICEEAL B RS
HAHEH TR 20 Q M4, R E w4 Q MM (Due-
ling Deep Q-Network, Dueling-DQN) , ¥ F X Q K £z
(Double Deep Q-Network, DDQN) | & J# 1 ¥ Q M 451
(Deep Recurrent Q-Network, DRQN) 4,

T SR 1 R K27 2] O Bl R A T BT AL M R,
Fedi T — 25 BRI 25 R Z AR B9 BE AR L SRS AR G A R SR B
13l A~ S VRS AT B T A ER , g — A ME 2R 43 A 1 3% &%
B L BURE 8 SR AT 2% 2, W SR WS B BE J5 1k (Policy Gra-
dient,PG), AC(Actor-Critio) 3L 454 T UL L 28 7 i iyt
P AT (Actor) W 48 5 T M 3k B 3 4F L 7718 % (Critic) 4
LREF X ERERENAE 4 B E R P T PG k2 )
B,

X TSR AL S F i T S EEH 2 A vl H g
Y TE VR 4 B A SR AR S Sh 7R I i DQN 53 3% %t
TS HES BAE 55 IEANE H . 2014 4R, Silver 5742 11 T 38
FH T 3 52 3h 1 25 18] In) 23004 o 28 Mk 5 & B T (Deterministic
Policy Gradient, DPG)& %, Lillicrap 2 7E DPG % ¥: 4 L Al
AR T R B E 1 SR g BR E S (Deep Deterministic Policy
Gradient, DDPG) 5535 , i i ¥ U8 2 2% ~1 5 o 2 V47 8 % 3F
WHREBAEE A, k% 2 KB %S 8h fE %5 M AE % . Schul-
man %5 5 B (E B M A1 1 (Trust Region Policy Optimi-
zation, TRPO) 535 ik W] T I 5006 76 — MR BE HLAR T Bleatt oK
W& BRI M . S OpenAl 28 6 F 2017 4F 4 H T 3T i 5 W

AU (Proximal Policy Optimization, PPO) 5% , fii F —
WAL TT i — B WAk T TRPO 2 E it 8 8 e e, &k
Bl FH - R RRAS i) v

IEAESK 78 PPO Sk W58 J7 I, Han 5848 1L T T HIE
N 22 it 22 56 (R 3 3 O mE A 46T (Adaptive Multi-Batch
Experience Replay, PPO-AMBER) & ¥ , il 11t 5 JH 88 B Pk R A
RN IR RE A XS Bk AT 4k . B T PPO-AMBER # %
R AE PPO B335 (4 B il L) FH AR A 20 46 6] J B0 0 A 7 e gt
HILTEA SCEE 4 45 dfs SDAS-PPO & ¥k 5 22 k47 8 i %) 1
Sy, Liu 553 52 F 8l AR RO Y S0 H PR 4 o AR ok R AR
7, L PPO Bk dE AT A6 . Ling &4 T —Ff Agent
TG 5E T BE AT A ROR R W 5 ik, B 2 B 42 SR w1 1k
(Multi-Path Policy Optimization, MPPO)™) | Pan % #2 1 1)
FE TR 1Y 35 25 4% & 18 4K (Policy Optimization with Model-
based Explorations, POME)™Y J5 % , 76 )i i F PPO 53k i
BH] T RIS AR . Touati S50 3 58 Mg 22 5 1E 4k 7 i
A PPO FEvL ™20, DU A% 58 0 B i SR e pR Ak . Li S50
PPO Bk 550 Bk 2= M S BB T —Fh A sk A 1 25
53 2 G5 AE) A5 A BN B F M SR AL 2 3] kT

PPO 553 fff F A W7 1) A3 B b oR 25068 Y Rl 5K m #F 47 78
B LSRR E 125 S, R T AR E AR R 0 25 48 25 5
AL AR TR A 1 R B O T T K, S BUAE 7 SR B A S AR 55
Agent % 2 BORAK . PPO 532 4 JEHT 1H 5 W& 04 A8 5 43 A7 % H
s bR ESCHE AT AL, B8 P R P R A A B T 0 R AR 4 G
TR AR 2 3 1 H 3 PR SRR BE LAY , BRI Agent 7624 2 3o
R BEDLYE TR R REIEA T B R E A e 3] . Bk, Rl
5 Agent 75 &30 0 24 2 38 S 00 75 BEA IO R 28, el
1k B R A SCIR I T SDAS-PPO B8, A 3010 3 5 5Tk
mF.

(DT —A W2 T 25w, AR A ST
2230 I FE U 3k R v XA 5 20 90 B AT [ 28 TR

(2)$8 3 0 4% O 75 28 50 0t v 0 £ 75 0 3 I 2445 31, 9 X
SER BT S

(3 1E BA ¥ 22 9 1E 25 1 Y Mujoco 15 ELHLES A FE S 19 6
A8 L % SDAS-PPO B 76 5 TRPO & i, PPO B k.
PPO-AMBER % i i 47 # ] LU % 92 %, 55 3 45 2R 3R 0,
SDAS-PPO . 32: BE fif HU A4 5 47 (9 SE IR RIOR

AL 2 AT RSB 7 1% Actor-Critic J7 1 DL I
PPO B ¥ ;45 3 IR T SDAS-PPO B i p A6 25 28 4 L Bz 3
PR 5 4 T A X b G R Bk A AL L IR AT T
2 B DL A AE 1 TR R s e 5 RS A SO R AR

2.1 %S

oy JR A e o 3 53 #E (Markov Decision Process, MDP) J&
R Ak 2 3T v S R ATE A, T 6] SR Ak A T ) AT, A AT Y
MDP 7] & LA —DFILHIE X M= (S, A, P.R, . K S
WP IT ARSI A Agent 75 ¢ B Z0 7 Ab 19 FR 8 4R 25
iCHs, €S;A & Agent MR B NERES , Agent 7 ¢ B ZI K
THBIEIC Ha, EA3P.SXAXS>[0,1 172 IRESHEB KK
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B0, Agent 7E T Ak BR B AR Dy s, B AR 5 5 0 PUAT B ME @, B 3K
T—AREs, o FIERIE K s, 0 ~P (s, va,) s R &1 B2 5 R %L,
Agent 7 ¢ B ZIRASs, F AR 45 5K & AT Bl VEa, 3145 19 57 B 2
FIL ARG ER;yE (0, D BT F, v K F /R KK H
Xof 24 HIAF T B0 A 16 B 0 B R B Ak 2 T 1) R B &
H b5 & 315 e KAk R B T SR, 4 Agent i
A 1 3R s A T A RS T A 9 300 B 2 B K A L AT T 3R
WS ST A 1 00 2 2 B B, 2R AR Ry B LSRR L iE R (sha) =
argmax Q" (s.a), HHF.,Q"(s,a)=E, (R, |s,=s,a, =a) HIK
BNEME R AL RR Agent IF R b, R R s, T AT IE
a JE B WS R AR B W BB S, R A R SV
(D=E, (R, s, =) Fm Agent BIEHME h JOIRES s B 744
TR AR R BR B, AE % S RS Bl A A ) Y i Ak 2 ) )
b HE DURRIR ZS B A A G 3R ok IR X I HEAT T AR, R AR
J7 05 I 4 D R A A b A DR L AR % 252 B A 5 [R) ) A N (] T
2.2 KEEHHE

WA By 1 R DR Ak S S — AN E Ok, &
T bR B Y SR Ak 2% ) 5 1 R Ol B A 3k AT SR eR B,
R I8 1 oA BSK B0 SR 5 22 O [R) 9 2 o 6 T SR 1 s Ak 2= )
J7 %38 A L X SR RS R AT S B0MR R TR R AT R R W
], AR A s . F 4 U B AR RS K TR e S B TR s
W) J7 I 2 Sy sk .

TR WA JBE 7 3l 3 A A S 0 W BRI SR W I 4 (s, v a)
KT SR W AT SR AE I Gk R e S O 1 A B R BE BT OR

W, e 20l H AR R EGE B B . B bR pR BT DLE X 56 F 5K

W 1 50 2R Il , =X (D) i

JO=ELS77]= 3P (DR §8)
H, P(o; ) RR)F 5] « BB HESR .,

TE A R B R B Y O I 6 A R B AT R AR, ISR H
bR fﬁwé?ﬁE@E‘F%ﬁﬁﬁ%ﬁﬁi}iﬂuﬂuiﬁ@)ﬂ?m:

L =0,+a V,] (O (2
Eﬂh,aﬁﬂé%%i&ﬁ%ﬁéﬁ}k Fifi 2 325 £ 09 AN I B 7 L &
(CEes
2.3 THhE-EFRRA X

Actor-Critic J7 2K oF £ 7 ¥ 1R W 6 1 J7 35 i A8
ARG TR BV A SR S S5 A B FR O Actor, T ITAG 3R
W& B 3843 W Bk A Critic, Critic Xt Actor $04T B4R 5 W 37 09 5K
W& 2 B AT FE AN, PF M DL E) 25 43 19 8 200K 15 Actor AR ¥
Critic i I B 2E 17 5K W S 5000 B33

fEAC 53 S Ve By % B R Pl 3T i K 1 3h VR A R 4R
Sk BTS2 B B Actor IR S HOk R, Wik, /\C%‘Ji&
i FF AR 1 eR BOHE DL g 52 3R Hh ok 1 3% Bk S B 1R s
LR ISR M. Hop TD R 22™ J& Critic ?F# Actor B’JW
P IR TD R 2 K FZ UL Actor T RIS 1EA FF F-
WML ZIER B R S R 2 R TD %
2Z2/NTE U] Actor BT R HURY 2 /E 23 /0 W B 22 5 i B Ak

WOR BRI MR 2208/, TDIRZEH AR W) PR
3:53m++rvuh)—vu> 3
TE Agent 2% > {3 F2 v o] L3R 15 Sl AF B9 3% £ %, R R

it 22 BB I 100 B AT R R L R B AILAE 2R 1 U =X e DR M
Xt Bl 1 38 B 3R AT 4R T o 78 M P S B 1 5 Ak 2 2 ] R LA AR
PR v
2.4 EwmEBEMALEE
PPO 27 TRPO [y &l I #47 M 2ti# . TRPO Bk
B YR AR AR 23 S 1 S P B — A B S B R
SEMEAT B A BT R R R R . B AR R B = (O BTR
Jo(O=E, . [A, (ra)]

=By o [k (DA, (s5va)]
ZRT
Dy (0,0)<6 4
Hi AL Goa)=Q,, (siva) =V, (s AL R R £, () =

T; Ca,|s)

,m(a D BN R o, (a, |s,) 3275 97 5K W 114 4 % 4

i omy Ca, |s,) Feon IH WS B AE 2 40 A . TRPO 5355 X 45 7 f1y
BRI E T A XL T SR AR L Bk
AL FB S 8 3 3 AV L T A A 9 R R R KL O
5 SR SR 55 1SR e 1) A S 4 A R RE A 25 R R, AR
FE MR

SR T A 5 W Y BE IR L PPO SR SR T R A 4
HbR BB, %5 R, (O BT TH 58 WS 59 1L (B BR 76— A IX
b 3 g XA I O BRI SE BT 9 2B i . AR EE TRPO
o KL T80 HEAT BRI, PPO sk, (6) B K ) 55 fin 7 8 b 58
Ay M. PPO BLM H bR R BN (5) FR

JOP (O =E, _, .. [min(k (0),clip(k,(0),1— e,
by =g b
A
14+e)) * Ay(sya)] (5

Hdtoclip(k, (0) 1~ e 1+ ) 4§ WEERFER T L, (0) 413
E(l—e, 1+ BN, el S H. min B&EYE R X
Uy 0 01 4 B 3T R /1 DAL O 2 SR e T 1) i R Y U XA
FRF A8 T A 2 e 3] R 4 4

PPO F 3z Fl 1 It 3 o Ak 31 I 122 55 I 40 41 00 2%
O AL T vk ok 3k — 0 3R M gL v AR A0 Bl
(Generalized Advantage Estimation, GAE) ¥ & f # b £1 AE %%
R 22 R A S AR KRN ED . GAE Bit5 X n
K (6) F7R

Av=8+ I O 8 6)
Hrp o, =r+yVis, )=V,

B PPO B9 W F 78 5K 1% ( Actor) F1 {8 pR %X (Critic) L
ZEN W 2% 25 0 LR LB T #R T I =z A B bR s Es i B T
K T {H oK BUAG T 0 35 22 00 L R S A R %) 0 1 0] 10T, FH T
R E . H R AL E 1 E AR R ECn XD s

T =By LIV (O) =) (Vi () =V e H

(som) ] 7
Horfr oy e, AP E OB S (Vo () = Vi) SRS AH b
B R 2 TR 22N LT s H sy ) 32 7R 3R W oy 1) 10 1L, I
LT

PPO 81 /2 —Fi on-policy B . £ B F5 bR 4 # B
EAT I W T B A — W A R T B 2 A AR Y R
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Wi AE 0 A 52 TSR A R A5 B AR RO B AR A FF 51 5 DL R R AT 66
JERGTHE . TR S TS R A 2 i BRI i
B SR A A TH B IS M R 00 A SR AR B R AT L I e L I8 7
A 2 3 14 I T AR AR A

3 ETEESHEEEMNERRBALER

A4 T T B AR R S AR BE J kUL e SDAS-PPO B %
B 25 K RUEAR SRS R T Bk I IR AR IR AT T AT
3.1 BIEGEEERE

PPO 5331 F] T TH 58 s e 14 B AR 28 965 3k T 307 >4 17 S w2
L3 b 7 SR R R O S, {H KRR AR 25 56 1 1 FH A TE
JRBRPE AN BEA R S BIHR B IR B A LR . 7E PPO
LU SRt B b, Agent [ B 2% 3 1 (1 — 26 & 8] #2455 15 5L
WA WA ORI . L, R X 28 4 5, SDAS-PPO 5
TR EXT =AM FE LR B F T A7 6 5 18 05 7 5
WLIFE X T — ARG Gss, [0 AR TE L 5w b iy
i AT R 25 T

TEN Gt B AB BB LA s, vay oryvs1 000 BIIE N AE i
Fzwu Bh, MEFLRM B S22 AE M. KBLR L
ssp) BB AR 0. T N5 45 A b k.
T 28 30 i v 114 28 38 9 AR XS B AN B (8] 25 R HEAT T AF A L TR
FEAG AN 155 A W 0 B R E B K TIRF &5
b AR T TR ST 2 (B L SR R KT YR 0 T
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S,
G, = e L G H’Z;'"H"" 9
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LI % 25 R0 58 £+ 1 I A 2880 AR B AR 5L (9)
BB R BE 5 F NG, + G+ 4G, + G e B
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AE L 428 I 30 45 1) 9 2 B BT S DL O R AR LI
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(12>

e *Al(«vl,al)] (13)
SDAS-PPO E U5l T PPO & ¥k 78 H b i& 50 in A #%

W 1 AR L R (L) R clip (e, (0) s 1— e, 1+ e) g 2t 45

S T R A E S SRR E ¢, (0) AT
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Critic P £ FEB I, 2R FH T fi /> £k BR Al 45 2% bR 450109 77 =
W M RIR S (E PR RS b — 20 00 R 25 18 PR KUY 22 A PR o 7
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A B HR DR 20 PR BT 5 1 SR 3 1R 25 5 M H IR
751 PR BT T A 38 O 4 22 AT L B LA IR /IMEL L AT AR
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LTE AR
3.2 EikgW

SDAS-PPO B ¥:Md Hl T Actor-Critic J57 ¥ RIMEZR . 7E1)I
iy B b, Actor 45 T B (W H A oR B OIR 25 30 45 18 R B0
B Critic P 451745 S mg 5 424k 19 . 76 B — A FIE 25 ¢, Actor
) 2 KR 4% 24 T SR s A 4 5 T 4% 14 46 5 1 48 O PuAT S fEa,
FEEREAR B We, = (spvaysr s i1 s 0) 5 B HAF B B 2 56 1
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THBIME F5 & 30t v, I % 4 2 W %% #E 47 R L B8 37, SDAS
PPO Bk (AL AL AR M Q1 18] 1 s
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# i 7 #
E 4
s s S R%) "
(s.a,r,5'v)| S
BB

(s,asd',....,T) *

#

4

#

REZER

1 SDAS-PPO 5 ik iR AI4E 1
Fig. 1 Model architecture of SDAS-PPO algorithm
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7 LR RATREE 5 W PUE A 730, % T8 %, L
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