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Abstract: Policy gradient methods are a kind of widely used model-free reinforcement learning methods in the field of deep
reinforcement learning, which have made breakthrough in practical applications. However, policy gradient methods have
been plagued by the large variance of gradient estimation. Policy gradients with parameter-based exploration (PGPE) has
alleviated this problem fundamentally. By introducing the optimal baseline technique, the variance of policy gradient estima-
tion has been further reduced. However, the existing optimal baseline techniques only use scalar values as baselines, ignoring
the differences between the dimensions of the policy gradient. Therefore, in this article we propose a concept of vector base-
line and derive the optimal vector baseline representation for PGPE. We theoretically proved that the PGPE with the optimal
vector baseline could obtain a smaller gradient estimation variance. Moreover, the effectiveness of the proposed PGPE based
on the optimal vector baseline was verified by experiments.

Key words: deep reinforcement learning; policy gradients; gradient estimation; variance

sl ) ML ) S — N R S, BB I DT AR, SRS ) T i B T E R U
PR 5 ARAIAEE A AR E] —FhIR AN, BB 22 Jr iRl w24 > ikl S E R A
WA BB TR M 1T I WREESRARS 2 ) ol 3o B s SO S PR A PP O e 28 B 1 3
S AEWERET LA AT R IAT T E R AR, AT LA RO B RS s £ s ) el Ry
i TEXE LA 3 55 SR O ) i KA pR RSO B E S S

TR SR AL ) R sAL S S U P RIEROREZR, I JC T b P A S Sl s (A] [R)R BT{ pR R 2 >
BTV PR TR, R S IR RS T IA B RIBRYE , BT SRS 02 > T R I O S

WFaHEE: 2022-11-04; fEEHHE. 2023-02-02
BEETH: HRAREEEESTIH (61976156) ;5 RHTT AL FRR 5195 H (20YDTPIC00560)
EEREAA: BIEE (1986—) , & GEHiK) , WEHRIEAN, BIZPZ, tingting@tust.edu.cn



70

PATEA, RIS EE R R R, i 4T 54k i
S E0 o AR s, O 2 T g e AT i 20k
A SIS Al AR ek R Ak I AT 550 BT bl -
PHEF (actor-critic , AC) 24 eI TS mK (124 3] )7
g AT B pREL, A 3T HRmE 15 > i At
THE KRBT EW 5 LR, Hdr Actor (78 51) 43 18
FEWE X — o, T AR R AR A AR LB AR, T
Critic B8 4E) WIARHE (A pREOTAL B ReAR S B 47 I8
IF4RT Actor X SRBEHEA TG o LRIk w] LIA A5
DA B WA 25 1) 34 22 BV 25 (A1 7E Y 11 45 B ik
W In)E

SRBEAD Iy R BT R 1~ > ik S H
e TS — Rt e 2SR
BT A HAS B BRI TR SRR AL T, AR
Wt A, U0 e SR B B % (REINFORCE) ! |
SRACUEBAEE I (NPG) 1%, REINFORCE SLIEAE K
2 ML SRS BR B 1, TE BRI 55 rh RS
SR Y BEALM: A4S REINFORCE BA7EAb 145
JERF AR T 22, Sk g 10 NPG
SN KL 0 I 2 SR B AR S A
SHHORNS T B A R B, RIS S EE S 2 i
KR BE B RS 1), SR e BT i () A o0 A U AR
/NI | DT DRI SR M B e AR A R RS A o

Ry T TR 1) Bt AL XS TR WA BE A T 22 1
S, FETSEARR I RIS EEE (policy gradients with
parameter-based exploration, PGPE) 4 v V3 43 fi J1]
i PR SR RN, KRR 5 | AR S E Ty UK B
WD T R AR TR BRI S] , B SRR S5 S i
WES 0 A R B S8, SR 1 PR e B A
AT 4 1 5 W 6 B Ak T A AR e Pk, IARAS B fig e 1
REINFORCE S5k thf FEAG 17 22 KA a) 8, SR T,
PGPE LR TG R FEAS A BR IR UE SR W A B A
THA R Pk R m WSSO B o BEMILAR BT R AR 8
O T REALAS I 7 2217 B A S s A
JEARTT Iy 240 BOm B R AR . R, KRI DR
NATT— ELAEWFFE 000 5 WA BE A T 22 B & Bh
P20 AC A 2 InRE A R AR
8] =1 R0 o RSO AL e ) Ak A Ry 2558 KR 1T
A RHFRAL T RMS B BEAG T 7 220 A6, Giit2a
P AR T VAR AEAN T LA 22 AR DL T Rl AT 3502
SRR IR B 22, W) N TR AR
FERL AR Rl NV E A 2 AR M i 2k
T, BIFFE N DA SR W Ao AR S o L2 R K

AEHEAREEE H38E F4l

o T 4 ) A2 e R R BUR TE 15 SR M A 32 s DA
g Al e 2 0 pRE, TR S P R A U 2R BT 1
SELR /NI B AT 0 22 0 SR, FSE R AR
BV B AR FE A Iy 28 293 rh IR AN R e LY .
R T 2B N BEAR T O 2%, RSB R T R
FELR AR 220 (B BUA IR SR R H
FAPR AR R L, Z W T SR WA B 45 4k B 22 [R] (1)
LSt

TE R BE s Ak 2% > s, TR BE 1 o R R W R
(DDPG) J5 1% DQN (deep Q-learning) 17
(A 2355 (] ACATL ) R s DX 2 1 FH AR SR 2R i
Hahn TR E P DDPG 4 vk U 5 xf [0 £ A
RIS T R A I 254 RIS Bk, HAC H IR A AE )
IR RS — R S SR R RE . FERS
CECHTRS, SRS B AR MER E AR K,
KRN G L A A R A B SSGR FE g, DK
I R o A B B A TR WS o {58 8 R g LAk
3 (TRPO) M@t 51 A KL #UE & SR 24 o
568 1) PR BT TH S s 2 ) 1 25 5, SO 3 20 G i
B PR 2K KB /N B0 )@, K77, TRPO 55
N KL Arsonsr Hok ek & S 80T E R E
ZLJEHR R . OpenAl X TRPO vk H AR pRBUEF ik
HE, AR TR AL (PPO) ) vk
i B SR R SR SRR P A TR Y, BRI
SEIRPE . Ak, PPO BEPUAR] LITE—UCRFEIR 2R
BRI SE, NI SR ASRI %

Pl AR vk 22 TS24 R I A 25 4
GO, BTSRRI kT R B AR T 22 H
AN A 25 o KB AH A 98 ) T BE e Ay s 4 o) A8
i, IS AR (RS A DGR A M pRESE
HSF RO O (P20, PP SRR
1B M T ARSI HE L s ) T 529 HgE Se
AR, SR EH I A= Y SRS AR BE TS SR AT R LA v 2
AR E AT b SRR I AT L 4
Hby 55 D ey S WA BB A T A DI, 38 FH SRS A Y
i i A5 5t AT DA — 25 00 R B Al b sl VR Y Bl AL
PR B Ty 2 o il , A W T A I (R 25 4
P BNVEAH G EE R Y e S Bl A DG BR R it — 2P /N 1
£,

Zi FRTIR, DA EASC AR T4 A8 s i iF o 3
SR TERS BAE AR R AL b AL S RS A
S, DA AR S 6 FE AR T 22 O sE R 0 £ R R
Fbr e L pR A SR B 1) i s (Al v, E— 2R R



2023 4F 8 f

R, A JET R BRI SRR BRI B <71 -

SRR AT 5 22 , RS R B . LA PGPE 533k
DR, SR T I R ) fo O i e R I AR
W FIEM T AR ALY PGPE Bk AT LIS
I /N Y SRR BE A T A4 5 22 o T 3o S 36 R AR S
il th i T il ) EEREER ) PGPE S0k S48
FRAUAR I FER AR L, AT LAE— 25 0/ N BEAG T 68 J7
75, B HRE HOB BNAEE

1 BUFEIEE

s Ak F ST 4530 H AT DA A R AT R 3R 2
&, H (S, 4,P,B,ry) oo, Hrp . S ZIRERESLE
A, 4 E'%“ﬁHZIKTTfLﬁE’JKME%A P(s|s.a) J& R
EU#M’E a B Y EERAS s Bl F — RS s RS
R, B(s) RWIRIRERIMEAR, r(s.a.s") EilL
RILEIE a D\ s PR 5" BIETAERN , 0<y<<t JEAK
LA . % pla|s,0) X HwAHSE 0 1)
BEALR NS , HACRIEL @RS s T RIGIE a BIZ5104F

BB h=(s.a,,s,,a,,, 5, a,) KR T 1)
17, B4 h B IEIEFE(XEXj‘J

R(h) = ZY"IV(S,,%%) (1

s e 25 E0 SR AR Rl () 12 AT DL R A K T2
Hoeo ek, B
J(8)= [p(h|O)R(h)dh (2)

Horbr, p(h)6)= p(sl)Hp(Sm |s,.a,)p(a,|s,.6) FKNTE

TERTI SR 0 B4 #FT TRARHAE h LA
s fbE > B HAn 2R B R g =406, i
e KA ER [l J(6) , B
6 =arg max J(0) 3)

M T W IR T Bk T 2 e - f%
23 S M o 8 1 P SRt Ao JRE A 5 22 R AR A S5 A
FET ARG RBEHLIE , EAERE IR EAREEREAILR IR
— AU, A HEME R AT T )y 22 AR

2 PGPEREZMIr=EE

PGPE 51k 4 H A S5t fire ok 17 50 s A B Ak 1
T 2 KIX—[A) . PGPE BIEIRFF T SR BS AN 2L
BEHLYE , R EPE R a=0"p(s) , Hh o(s) &5
pREI) 5. PGPE SRk M BEALM R A RIS S5, Rmk

286 RS K m WA, ol S8 p 1
p=(m7) , g NEERAE, ¢ MisHEZ M. 6
s —HE B 1 Al sy

4)

P61 p)= wl%exp( (”fz;?f)z]
LRI, 7 PGPE 33k, A% RS R
BRSO IBENAR T, 43450645 h 1= (L i — >
TSNS S50 0 s . 76 PGPE HEAR R, ST
SH p 1 EAT AL I (p) 1E XN
J(p)= [[p(h10)p(8] p)R(h)dhd6 (5)
WL FHRIBAE S p7 . NI H AR %K
i)
p = arg;nax J(p) (6)

PGPE SykiE it 6 TR R S5 p |, oAb

3R
V,J(p)=p(h|0)p@|p)V,,log

[[p(610)R(n)dhd6 (7)

11T p(h| @) KA1, b ISEREAR, FI L5 F-

(R R SRR . REAR IR AR IR ¢ 1 e

s SA M p(@| p) RFE N AN KL {6,))

SR FRSEME S HUE O R 1 N AR ARREAR ()

WU I REAS I 4 {(0,.h,)} " - PGPE FAik 5
W B 9 25 3o
V()= 2V, logp@ | PR(D) (®)

5| AL G ) PGPE S5t IO f H 355
%ﬂ@F%§WMMWWMWW%M ©)

W2, ffi PGPE BIL B EEA 7 25 e/ IME I i
L] E S

b" =argmax Var[ij" (»] (10)
XoFINE 8 AW A BE A e 2R Ry
g=V,logp(@|p)R(h)-b) (11)

XFF e R ) 25, R HE SO BT ZERE Y
i, BRI X EFTATTRZA, o 3R,
W2 d JERERBE AT g 1OT5 2270

Z Var[g

J=1

V[g]=tr Var[g



. 72 .
L @it /ME Vig] . TTLI%] PGPE Hikf
R LR Ny
. E|RW|V, log p©| p) |
E [||V,, log p(6| p)||2]

(13)

3 ANXEE

G e L IR FRSEAR LR, e % IR BB 1)
SRR Z A 25 5, ST bR A 1) S 1
ANYEFE Sy e T — A R A i AR oo G0 SRR SRR pR
S A A ) e PR, SR B 1) s i B — AR
A3 BE— BB LR, R BEA T8 T 25 AT LAAS B —
RN

w1 S PEERECEF S R, Hi,
be F,ceF', c JeMW5 j 43R, mlibrin R4
TR K

b" =argmin V[g"] (14)
beF
A m AL RN
¢ =argmin V[g*] (15)

DU LA B fe ) e 2R | e fIob i SRR I SR BE A 11
LOpE ISR
Vg 1< V[g"] (16)

WEBA - o, R b J& T A ) BG5S (R e B2
=0 b)) ATLLEAE ce F* B—FhERRIE O, 7T
LI33] Vg 1< V(g 1=VI[g" -

BT FRAarEb M4 PGPE 451k iY RELk pR gk
2[Ry A R A, 45 PGPE SBE M i)
LR

EE 1 WL R EERR

¢ =(c/(p). &5(p). -+ c(p)) (17)
Hidr g NEREEIYERS . PGPE B EE IS Mg AR BE 1145
VEBSIIEY e E)

2
0
Eh~p(h\0),0~p(0\p) |:(ap log p(€] p)J R(h)]

J

c(p)= —= (18)
0
Eh~p(h\t9),0~p(9\p) (apjlog p@| p)J
IERR . L RN
c(p)=(c/(P). c;(P), . ¢, () (19)

WIS LA SR e(p) ) PGPE S395 MR IE BB LAl 11

AEHEAREEE H38E F4l

TN
g8 =(g".8%,..85") (20)

Hifr; g0 =a%logp(e|p)(R(h)—c,(p>) el
Vb R B o) ) g — 24 3 T B ) S 2K i
e, (p) . B R A BEJ L 1] 5 BE 2R e(p) L XS L FY
BB RE ) 155 j 4B T 22K
Var[gj'f’ ] =E[(gj?’ )2}—E[g7 T 1)
HopL QD) o A —31Y ¢ (p) MHOE, T — 0
c,(p) JoK, BT UL /M Varlg) ] 55 7] T 45 /A
E|(er) | 1
argmin Var[g/]|=argmin E[(g)’] (22)
i ¢;(p) ’

c;(p)

J

Eﬂéﬂ1=EH§}bgmepﬂ(Rm»wxpﬁ} (23)
1)y 22 e/ NI ¢ (p) IO A 0 2% A -

a CciN2
_E[(g7)]=0
) [(g/)] (24)

= 2E[[a%logp<e|p)] (R(h)—c_,-(p))} =0

J

2
0
Eh~p(h\0),0~p(9\p) |:[ap log p(€] p)J R(h):|

J

=c(p)=

2
J
E, piiere-pop) [ap.log p@] P)J

HIHA3 5] PGPE 395 BUSRMS BB BEAL 1150 / ZEXS
IR AR R

4 ZWERESH

R T RUEASCTEARE, L OpenAIGym P
B Pendulum-v0 PREE RBARIIEE 55, Hon &K
WK1 R AR ASE—BE, SR &
AN GINE SN E i Rk ci ik e S 1 ¢ 5) BN B S WA =13 i D)
[ PR FF BT o IR A ] S J& = 4EE 20, A Er A
o BIESZAE AR AE A @ Ak ShEZS 1] 4 &
—AE T HAE L), X TS T e R S AL

ARSI N EAR ST BB AR T Jr 26 R 25
ZHCH B R by 22 ARk DL R T 2 SR R Pk RE R
RASCRA AN o BN 95 . (1) PGPE: WA



2023 4F 8 f

R, A JET R BRI SRR BRI B =73

IRk PGPE 51:"); (2) PGPE-OB: 3 T Il
PRk PGPE #1:PY; (3) PGPE-VOB : A3
F AL EFL N PGPE Bk,

By A\

4

~

Bl 1 Pendulum-v0 & REE
Fig.1 Schematic diagram of Pendulum-v0

41 FEMRE

%} PGPE. PGPE-OB. PGPE-VOB frH{AZ:
BN B0 Al 00 7 22 R 22 BT HEF T X5 HE o A AR U 5
B, DL BT AR AR R R S50 8 .
F AR R R SE IV E R = 0.3 , WIURhRiE2EYY
WENT=0.5, MM KK ERE T =200, K
PranEl -+ y=0.9 , BRI BCRBE I N =250 .
J T AR AT 2 , R 600 S&EARREAL T
(A FE A R ELSERE T it 80 WL A5 2 #E S
on=03 Fo=0.5 WHREEEAL T8 7 22 R 22 45 2R L
= 1,

F£1 3FEEEXFp=(0.3,0.5) i EHITH A ENRE

Tab.1 Variance and bias of gradient estimation of p= (0.3,0.5) for three comparison algorithms

oo T#E i
7=03 =05 =03 =05
PGPE 3.573£0.272 6.825+0.235 ~0.159 + 0.064 ~0.364 + 0.056
PGPE-OB 0.5910.126 1.018 +0.103 0.076 = 0.038 0.128 +0.031
PGPE-VOB 0.485 + 0.094 0.874 +0.106 ~0.059 + 0.028 0.103 +0.034

SEIZE W], PGPE-VOB 20k TH1H n Fbs
WE2E 7 (BREEAS T 2245/ PGPE-OB S A5 hs
() PGPE 5.3, HgI AW I A S 2
42 BHEFSERHNFTE

FEMSEE Y, BRI R K IR E A T =100 , %
BREAPBCR B N =10 , ZE0E R ECh 50
W o BAREZE S H ¢ TE IR I B el A rp s Sy f (L, )
P HAEE K 0.05, i1t 100 Yasf 7155 iy 5 w6 i
HIEAT 22 CH B BE) 3, A HR SR 10
W, MBS 10 T O T RMESE n B AT
T 223, A5 A 2 Bk .

2.0 +
- PGPE
1.5} -+ PGPE-OB
-+ PGPE-VOB
P 1.0
R 0.5 F
0 -
-0.5 :: ::ﬁ ﬁ
0 10 20 30 40 50
ARUHR

2 SYEHFISERHXTSH g BRI EHITH
RE
Fig. 2 Variance of policy gradient estimation with respect
to parameter  during parameter update

P& 2 TR, 5 LA ] A R N T S8
1 A R AN TR T 25 o (R, T e 2R Y

PGPE LAESHCH BAe e My 17 e LA 3k s Ay
.,
4.3 RESMERE

ORAEZS P, AU S50 b ) GG BN Ty 251
BN —3, W SETE = W o A B ALZE B, Bk 52
Bk ARIRECH 600 K, FRUGECRFE 250 A58 FaMEA
PEA TR WS AR BE BT, 15 10 IREEER I 3
R, SEg a5 R 3 Fros .

-200

—400F
-600F
~800F

-1000F

S AR

—e- PGPE
—+- PGPE-OB
-+ PGPE-VOB

-1200F

-1400F

0100 200 300 300 500 600
BB
B3 RESEIEREEPHNTEHERDER
Fig. 3 Average cumulative return over the iteration of the
policy parameters

& 3 Al%1: PGPE-VOB BILTES 200 WA
S LIRSS T 34 r35CR , 11 PGPE-OB .
BAERY) 300 B FIRS, BTS2 2R
RIS T PGPE-VOB 3%, il PGPE SikAE%
REE 400 W FFLRMSL, rfs SRAR I S A AT L
PR SR A ISR PGPE-VOB B itk



74

PGPE 7L PGPE-OB .1k HA HIFHITERE,
PR

g5 LR, SIS RS ) LR 5 | AE—2
Y/ T R A A 25, SR AR FRE ) SR SIS
S, WCBICH R B P AT S AP RE

L5/

5 & i&

SR AR R A 5 2 KRR SR A R0 T
FENE TR, AR SC LA/ NS W A LA 7 22 M E 9T H
b, S i T e A S o B e A R T
PGPE S0A MR 1] 5 FELR SR o it SRl , Ak
Tl LR PGPE S04 HAT /NI SR A L
T I7 2291 A T LT RE o TEASKRIFSE b 2 i
L i e B LR N A 85 4k S 2R AT 55 h it — P e U AT
Rtk

SRk

[1] SUTTON R S,BARTO A G. Reinforcement learning: an
introduction[M]. 2nd ed. Cambridge : MIT Press, 1998.

[2] RAJESWARAN A,MORDATCH I, KUMAR V. A game
theoretic framework for model based reinforcement
learning [EB/OL]. [2022-10-30]. http://arxiv.org/abs/
2004.07804.

(3] ks, 2R, W, 5. sifbsy Bk 5 2%
WL PRGN, 2020,29 (12) £ 13-25.

[4] IBARZJ,TAN J,FINN C,et al. How to train your robot
with deep reinforcement learning : lessons we have
learned[J]. The
research, 2021, 40 (4/5) : 698-721.

(5] J7HMS, 2o, skigi, &5, R s > Blip S 1
I ZEAR L], B 5 AT 6E, 2019, 32(1) < 67-
81.

L6] X4, Bafl, wogdc, 5. WA gk 1], it
SIHLAEAE, 2018, 41 (1) 1 1-27.

(7] ngRAh, woid, B HEms. 3 R BORN e 0 A6 B A TR S
sk ) 2Rk LI). LR AR, 2019, 42(6) : 1406-
1438.

[8] TEAZURO G. TD-Gammon,a self-teaching backgam-

international journal of robotics

mon program , achieves master-level play[J]. Neural
computation, 1994, 6(2) : 215-219.

[9] NG A Y,JORDAN M I. PEGASUS:a policy search
method for large MDPs and POMDPs[EB/OL]. [2022-
10-30]. http://arxiv.org/abs/1301.3878.

10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

AEHEAREEE H38E F4l

KONDA V, TSITSIKLIS J. Actor-critic algorithms[J].
Advances in neural information processing systems,
1999,12:1008-1014.

RONALD J, WILLIAMS. Simple statistical gradient-
following algorithms for connectionist reinforcement
learning[J]. Machine learning, 1992, 8 (3) : 229-256.
KAKADE S M. A natural policy gradient[J]. Advances
in neural information processing systems, 2001, 14 :
1531-1538.

LILLICRAP T P, HUNT J J, PRITZEL A, et al. Continu-
ous control with deep reinforcement learning[EB/OL].
[2022-10-30]. http://arxiv.org/abs/1509.02971v1.
SCHULMAN J, LEVINE S, MORITZ P,et al. Trust
region policy optimization[J]. Computer science,2015,
6(4) : 1889-1897.

SEHNKE F, OSENDORFER C,RUCKSTIEB T,et al.
Parameter-exploring policy gradients[J]. Neural net-
works,2010,23 (4) : 551-559.

PETERS J,SCHAAL S. Policy gradient methods for
robotics[C]//IEEE. 2006 IEEE/RSJ International Con-
ference on Intelligent Robots and Systems. New York:
IEEE, 2006:2219-2225.

GHADIMI S, LAN G, ZHANG H. Mini-batch stochastic
approximation methods for nonconvex stochastic com-
posite optimization[J]. Mathematical programming ,
2016, 155(1) : 267-305.

THOMAS P. Bias in natural actor-critic algorithms[C]//
PMLR. International Conference on Machine Learning.
New York: PMLR, 2014 :441-448.

SILVER D,LEVER G,HEESS N,et al. Deterministic
policy gradient algorithms[CJ//PMLR. International
Conference on Machine Learning. New York:PMLR,
2014:387-395.

SCHULMAN J,MORITZ P,LEVINE S,et al. High-
dimensional continuous control using generalized advan-
tage estimation[EB/OL]. [2022-10-30]. https:/arxiv.
org/pdf/1506.02438.pdf.

TESAURO G. Temporal difference learning and TD-
Gammon[J]. Communications of the ACM , 1995 ,
38(3) :58-68.

RUBINSTEIN R Y,MARCUS R. Efficiency of multi-
variate control variates in monte Carlo simulation[J].
Operations research, 1985,33(3) : 661-677.
GREENSMITH E,BARTLETT P L,BAXTER J. Vari-



2023 4F 8 f

R, A JET R BRI SRR BRI B

<75

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

ance reduction techniques for gradient estimates in re-
inforcement learning [J]. Journal of machine learning re-
search, 2004, 5 (9) : 1471-1530.

ZHAO T,HACHIYA H,NIU G,et al. Analysis and im-
provement of policy gradient estimation[J]. Neural net-
works,2012,26: 118-129.

SCHULMAN J, WOLSKI F, DHARIWAL P, et al.
policy algorithms[[EB/OL].
[2022-10-30]. http://arxiv.org/pdf/1707.06347.

MNIH V,BADIA A P,MIRZA M, et al. Asynchronous

Proximal optimization

methods for deep reinforcement learning[C]//PMLR.
International Conference on Machine Learning. New
York: PMLR,2016:1928-1937.

MNIH V,KAVUKCUOGLU K, SILVER D, et al. Play-
ing Atari with deep reinforcement learning[EB/OL].
[2022-12-23]. http://arxiv.org/abs/1312.5602v1.
GLYNN P W,SZECHTMAN R. Some new perspectives
on the method of control variates[M]/NIEDDERRE-
ITER H, SHIUE P J. Monte Carlo and Quasi-Monte
Carlo methods in scientific computing. Berlin: Springer,
2002:27-49.

GLASSERMAN P. Monte Carlo methods in financial
engineering[M]. Berlin: Springer, 2004.

WEAVER L, TAO N. The optimal reward baseline for
gradient-based reinforcement learning[EB/OL]. [2022-
10-30]. http://arxiv.org/abs/1301.2315.

GU S, LILLICRAP T, GHAHRAMANI Z,et al. Q-

[32]

[33]

[34]

[35]

[36]

[37]

prop: sample-efficient policy gradient with an off-policy
critic[EB/OL]J. [2022-10-30]. http:/arxiv.org/pdf/1611.
02247.
LIU H,FENG Y,MAO Y, et al. Action-dependent con-
trol variates for policy optimization via stein’s iden-
tity[EB/OL]. [2022-10-30]. http:/arxiv.org/abs/1710.
11198v4.
GRATHWOHL W,CHO D, WU Y,et al. Backpropaga-
tion through the void: optimizing control variates for
black-box gradient estimation[ EB/OL]. [2022-10-30].
http://arxiv.org/abs/1711.00123v3.
WU C,RAJESWARAN A,DUAN Y,et al. Variance
reduction for policy gradient with action-dependent fac-
torized baselines[EB/OL]. [2022-10-30]. http:/arxiv.
org/abs/1803.07246v1.
CHENG C A, YAN X,BOOTS B. Trajectory-wise con-
trol variates for variance reduction in policy gradient
methods[EB/OL]. [2022-10-30]. http://arxiv.org/abs/
1908.03263v1.
ZHONG Y,ZHOU Y, PENG J. Coordinate-wise control
variates for deep policy gradients|EB/OL]. [2022-10-
30]. https:/arxiv.org/abs/2107.04987v1.
ZHAO T,HACHIYA H, TANGKARATT V,et al. Effi-
cient sample reuse in policy gradients with parameter-
based exploration[J]. Neural computation, 2013,25 (6) :
1512-1547.

SRR AR 4T



