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Advantage Weighted Double Actors-Critics Algorithm Based on Key-Minor Architecture for Policy
Distillation

YANG Haolin' and LIU Quan'**
1 School of Computer and Technology,Soochow University, Suzhou, Jiangsu 215006 , China

2 Provincial Key Laboratory for Computer Information Processing Technology, Soochow University, Suzhou, Jiangsu 215006 , China

Abstract  Offline reinforcement learning(Offline RL) defines the task of learning from a fixed batch of dataset,which can avoid
the risk of interacting with environment and improve the efficiency and stability of learning. Advantage weighted actor-critic algo-
rithm, which combines sample efficient dynamic programming with maximum likelihood strategy updating, makes use of a large
number of offline data and quickly performs online fine-grained strategy adjustment. However, the algorithm uses a random expe-
rience replay mechanism, while the actor-critic model only uses one set of actors,and data sampling and playback are unbalanced.
In view of the above problems,an advantage weighted double actors-critics algorithm based on policy distillation with data expe-
rience optimization and replay is proposed(DOR-PDAWAC) , which adopts the mechanism of preferring new data and replaying
old and new data repeatedly,uses double actors to increase exploration,and uses key-minor architecture for policy distillation to
divide actors into key actor and minor actor to improve performance and efficiency. Applying algorithm to the MuJoCo task in the
general DARL dataset,and experimental results show that the proposed algorithm achieves better performance in terms of lear-
ning efficiency and other aspect.
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1 3l

il

B JE 58 4k % 2J (Deep Reinforcement Learning, DRL) 5%
Iy R AT P af 72 (Markov Decision Processes, MDPs) , [if ]
TP B R AT 55, RR A LEAKOBEAR D 1 SR IR RIS LR L %
MBI AR R SR Ak I B A IR ORI K g
J1 TR BE 2 o] LA SRR A S AIBE ) o TR B SR AL 2 2D SR AL 2
2] (Reinforcement Learning, RL) 5 ¥ & 2% 3] (Deep Learning,
DL)AHSS & FE RS ) L8 AP A sh 2 3t S0k
SRET Gy TR FE LA G R T W R

AR AN R (9 22 30 4K B 5 2 0 A AR L s Ak 2 ) Bk T
LAy MW K2 AR 4k % 2J (Online reinforcement learning,
Online RL) 5B 4k 5% 4k 2% >J (Offline Reinforcement Learning,
Offline RO, ELR AL 2% ) 18 76 2% > (L B2 P W AE AR 75
BN BRBE R AT A2 HL AR A B B 1 2 D S R R SR g . B koAb
FOHRAESF S W B B RN T E S AR N
P RAEREARZ I AT 243D AR R 2 R A W TE
228 B AU 5 R Y R AR B BT X T IR B AL
2] e R JH S T W 0 s RO B B i Ak ) AR A
AN 2 5 R B 28 1Tk AT DA R ARk 0 AT S AR

TE B 200 AL 2 o R 2 A AT A Ak B 3R R 2% 2] (Batch
reinforcement learning) 350, 7EZ B P IR BG4 5
2SR W N B I ST A3 A N A O L TS 4 sk 6 BRI e A ik A B
BB TR, 51 & Fh 90 5 0 8] 8 0 oAb #E 1% 25 (Ex-
trapolation error)™' , Sy T fif P 3% 8] 8, Fujimoto 252 T
L2 K JE Q %% 3 (Batch-Constrained Deep Q-learning,
BCQ B, fe/IME 3 & 18R 75 -3 18 Uy ) 46 b A 5 04 4k
A-BIEX Z [ B AR TLRL .

B Bk fb R R E 2 RAREREN B LR
F )RR BN 5] SR 22 20 R P (Bootstrapping
Error Accumulation Reduction, BEAR) & 30 R 5p L Q 2%
>J (Conservative Q-Learning, CQL) 573" (45 & 47 N 5 Y
W R 5 B i S M SE S R B (Twin Delayed Deep Determinis-
tic Policy Gradient Algorithm Combined with Behavior Clo-
ning. TD3+BOF L L H M ALAT 3 % W18 &K (Advantage
Weighted Actor-Critic, AWAC) 51351 4, i AWAC 57
AR T — R R R SR A S R, R AR T —
ol 19 28 TN 25 R AE LR AR0UR A 45 6 0 BT 2L A A5 TR B s AL 2
SHEAIRE 5 1R BERT 559k — R 78 WOUI 5= 00 47 300 L A
TR IROR

AWAC 53k 2 55 UL . AL et Se i 2
Fiti HL 1] i 28 % (Random Experience Replay) 77 200, {H )tk Fr
T AR AL A 1) 55 207 8 07 T % SRR B, O 1A D 1)
B, % R B 7 ¥ 2 5 F TD 3% 22 (Time Difference Error,
TD-error) PRS2 56 [l i, % 7 ¥ 5 22 % B 4> 28 3 09 1 5
P AT IS5 K Bl K AR 54 BEAT AF % X S B AE & 5 )
G M RN N OB TR AN 0 B R A 2% B OClogND 251
B R ., It Bz, &5 RFE 2 i b T RS, X
BEO R R MR B ) M SR R R 2 O RS

GRSl T A2 A B 22 L B R AL S Tl
FTD 5 22 09 A e 22 36 M A AL ) 80 REAA [a) A 2 LA 60 ) 442
SRR DT,

SCHRC18 T rb AR 418 20 0 2 il 1) I TR) K H: 3l 43 S 3 IH PR
HAR Y 7E A% e AL Z 36 [0, TH 48 36 40000 45 39 SR A 19 U 8
WA e L, L h, b — YR Ry [R] #8824 5
FIF ] 458 37 1) 28 0 o >4 T SR WS TR BE K 22 /. o L — ik
SRR ] (1) B 2 24 T L 0 8 e PR O T 2R IR I A X ST 28
B PEAT R 4 R E AT LA A (B PPN S A A . SClk(19 48 Hh
VAR MO B, I 43 5 T [R] R 25 LA K Sy B2 X
BEAR G . TERSERF T X Fh 7 1 23 A0 43 5 v 3 Bl 2%
B BAR AR SRR AR R, XL W,
AR SO — R 04 43 28 22 36 1T A WG L X 4 g R AT IR S i
B A4y 28 W om AR 500 e Y U7 50 A R AR 22 5
SR . 3 0T 2 0 O S [l 8 A5 B AR T g 4 T

FEIEMRE AR, HHMHT AWACH
B BCEE R B 3 1) AWAC (Advantage Weighted Dou-
ble Actors-Critics Based on Data Experience Optimization and
Replay , DOR-AWAC) & ¥,

A AWAC B33 2R I 47 3 1T 18 5 (Actor-Critic) £
BT A X T B PR R (Critic)  HH — 247 81 # (Actor)
AT FE AL A R — B PPIR R AT B PR KRR
26 IR VA AT 2 2 M BE L R 25 JEAE Y IR AR R SR s ot
J5 A AFTE I 25 . B X G IR) 8, A SCHR s XUAT 8l T i K
B AR PETIE 5ITIR KL A B TR U gl 2 4
FIAAEITSE A% AT E s R A A& ETIREK. A
W ER T R TR

TER NI — AT 3 35 BEAT % > 1 5] B, A SCR IO W
F# M8 (Policy Distillation, PD)"!Y Jy 3 B 2547 30 5 A1 1 B .
¥ Hoaz F 3 1 /M HE 28 (Key-Minor Architecture) , 78 Il % f) A~
[ B B o Bk T4 9 Wl AR 0 DX 43 247 8 DL K AT 3 L i —
AP T AW PR BB AR SO i T JE M SR SR B AR
(Key-Minor Architecture for Policy Association, KMAA) #l
T AWAC B3, 4 H L T 5 W 28 188 110y 34 IMATE 22 1y £ 34
TR AT 3 & -TF 8 & ( Advantage Weighted Double Actors-
Critics Based on Key-Minor Architecture for Policy Associa-
tion with Policy Distillation, PDAWAC) 5 %% ,

ARSCHY FEETTERAT LRSS N LUT 4 5

DRI T — oo £ife 47 22 56 00 8 ] 3 g L T T
AWAC 53 I 42 DOR-AWAC,

DR B BATIHH IR E B, AT SRR ——
e s, R TR R g

TERN Y IR BIAL Y [F] o, 32 1 — o TR MR 22 M
AMESE AT BN E 53 RPN B ZAER R T AWAC
Sk #2 8 PDAWAC,

D FAMER A AT 8 H - 10 FA R 55 B0 4 0 1 [l
WA 4E A 32 1 DOR-PDAWAC &%k . #5 H v A T3 1
19 DARL %44k i, 25 R R BIZ 07 L e 4R TH B i sk e
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2.1 BUE3

SRALEE ST B AR o BE R S B 3 5L I e
A FEIReE BRAT Bl e R msens . b e ER R AR 7E
KA EE AT E B B AE B — B )25 ¢, PRBRE 9 8 AR A 4R it
— AR Sy RN HERR [ BE MR 5 WS LB — A B E a,
PATAE T — B 25 o+ 1 3Rk A R B 225, TR —
BF 2R Siv o MG 3E HRE R SR JH B R AT 5% e o A e
WA TS AR PLy)  Horh SRIRIRE R R o/ R D E
HRE RRAREWRE P RARREHEH R,y BmITmA
To BRI WIIR IR So TFIR A Wi 2R SR W 7o 7>/ H IR
B H BB ¢ B 2 RR AR AL TOIRAS S, .38 DL B 58 i SR B
HE A RBUS R T — W2 5 Ry IR BRI T RS
S LR R HELE TR 2R RS S, T8 ae kK S
F R BT 422 5l LLE SO

ri},:iﬁiyff’n/ D
Hoh B etk BAr 2R B A BRI o TRIZ R IE = T
AT POR AR i R BT 5. X TR RS SE RS 4
AT LA R S-S EE PR AL . G50 e i, HoE SCH

¢ (s:a)=E.[G,|S,=s.A =a] (2)

L OFRRPRIRTER M » 93T T RS S, A73)
fEA, FrRESAS 0 FZH W BB 5. FEsR A2 o b, i R AR
B-BEE R g. Gsoa) B RN IEAN 24 657 35 76 1 37 3R57, LU
Ty b e A RE A E LR EAE S .

TESR AL 2= 2 AL, X T AR B AR S-S 1R X (s. a0, SIPEME
PR A5 R DR 2 BT

qn(x,a):E,mp[rJr)/Eum‘a’mn[q,r(s/,a')]] (3)

T PR RO SR AL A= ST 5 1 LUK (3) S Bl T SR W BB 2
G T 5 — R B bR R BOR fig g Ak T N, % H
T R B SO O T I 04 1) B R B B T R SR e g
Fr i, 6 2

JO=B.[2 7R\ ] o8
Hr,0 #mKmSH.

SRS A0 J8E B0 12 e e b B T ) O =R SR e 2R A SR L AT
13K W e AL 3 Tt . R A= (5) i 7w

01 =0,+a V,] (5
2.2 BEBEUFES

Bk s Ak 22 ) IR AT L) SE S i A B 42 B S Ay 5
2 ) B EAR S EE A B AL ik Hbr ok e, H
2 AR A (O iy BAR ., (A2, 8 Re RS B fil
FAAT o SR w55 BF 55 58 I WS AR A 1) e 4 T 2 4 i — A
BIRWBAGE =l valssivror) ) IF H A2 2] ff X A
B A 0 T H R s 0T FEES LR AL s S Bk s T 1 SR
R BAR A TRE R SER A CREIETAH G0 € TR
P s~drs Co) R AR, [ I AR A7 g 3 X 3l /R HE 47 SR A, 491 4

a~my(alHB,

PHE b AT AT S5 R W 100 5 A 2 ) B S ET DI AE Oy g Lk ik
Pl 2 R AT T K 22 B SR N R R A A ) SRR A )
T8 K R 5 2 2] (Growing Batch Learning) » o A 850405 5 i
A2 I 7% 2 25 3 ] % S 3 2 (Experience Replay Datasets) 1,
T AE #F— A WO O Z A I 2R e A, AR, 4 R B 4R
5 AR T RS ARG, LA R AR %, X
Fo2 B M 25 J BN, AT A LT SR b A B8R S A it Ab
B A1 5 R PEREE (Out of Distribution, OOD)M . R41 & Y Zh 1
1Y SR B ] B8 TG 1 2 B 18 BR B, TR L A R TRT SR b H 7 48 5 AL
o) H N TR b= S
2.3 TEE-EIERIESR

1781 & -V K (Actor-Critic) J2& 3 fb 2 > v 132 (8 H 1)
— P ERAESL 25 & T (H PRI (Critic) F1 3R W 584X (Actor) 1)
2P R YT 3 A MR AT 1 DL A B R A B A 2 )
W IR, I HL G2 ff 17 5 T R0 B ik I 4 2 K S A
AT Y [A)

SEEERAE AT AT E U RIFIR R, R E
WL AT B R BT R AT B R W R R AR AR R AT ) 3 SR L 1
5B 5B AT 2B, VRIS G0 (B o8 H0007 ¥k DFAG SR g JF =2
BRITAN 45 51 AT AT 3l 3 RBGZ R M N (H . 173l & AR IR 45
SRR FH SR W Ao 15 O =R

FEhE - FAELAE 1 iR, 3% M 5 P E ., 52 83 4F
AT 55 1 B AR SR (25 ) AT DR o % 28 ) 1R S ) R A
il )80, I HLRE 5 °% ) i 4R R3S = ) o i e A

MATHE A
FREAL. & FEER
BEHEE !
s

CINIET % e &4 0 1
Ik Ao FERHENE
Py AR AT 0 #
24 1
A RR B R
HARE R I W2 B A

HEAFQME

(173 F- B RAE R Bk 25 1 [

BB E GG | R A

1
TDi% %
Wik K v
v 18 2 R B
D G
A
THh#
Akl,fé

(D) F7 8 & - IR KAE QL R R
Bl 1 173 #F - I RHELL
Fig. 1 Schematic diagram of actor-critic framework algorithm
2.4 KEEEE
KW ZE 18 B Colmenarejo 4571 42 1, % 1 8k 2 T 24T
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A 1 W SR Y SR W A R ZE R AR R B I R R BB A
o) BHAAL ST S AR, B R 28 e iR
Ja HBARZ e oy R 0 5, oA 2 Re R ok 2 2 B
IRV TR 2 AL 2 S BT DL B HL At 4R X B R

FEWE ZE R 7 A & O AR AL b A A B A v i A AR
ot SR EE BT SR A R G kAR, D 2 A AR G vk B
WU 2 IR . BT LA b ) R, Lai ST B T MR T
%7 FR AR XL~ R MR, Bl Bk oy WU W Z8 18 . Bl s K 1%
T3 ¥ N T IR BE W S PR R WS B BE (DDPG) B3 v, 3048 T 8¢
P RYEE AR . EJRTE UL A L B b, O [ 9 1 1) 20 XA 7Y
[] ] G A7 AE M AR X 51, S BOSCR AN 4, B X I 8] 8, Nagara-
jan SO ANRZE W s I P AR I T R R R
B TR HEAT 22 SR Y 3B B 7R A [ G B AL R AR
— 25 W R R A AT B AE L (R B R AT TR R AR L B U
FERY PRI AR,

AR SCHE R WG R AR 5 B A ERTHARSS &L N T E
AT B PRI, LIS AT 3 5 AT S R, I
SR B A ) R R DA SR R R R AOR
2.5 ZWERHLE

2230 [l AL B2 T 2 F SR M R S Ak e 2 Bk
. A% G B ATL 23 50 [l AL 1 o 2 AN TR R AR ) B P 2K
HEAK . 75 DQN BP9 b MR TD-error %R Al KA 1 &
AN T A D 51 GRAS R, o) A0 T AR 1 2 B R AT A S IR ik, STk
(18T DA Hef 1] 2= 1 25 &, S8 Jah ol ikt e 3 48 9 . SCHRL 19 ] 43 5]
XF TD-error B B 57 BV 42 8¢ 5% I 43 28 2 46 M1 i, SCik (27 0%
R4t Q"7 X HEATWISE . K LA T) Il i 25 4 LA B B AR SE 1T 8 B
BEE AT DL TS g vk AR, O 48 L R 18 1E o0 MR B VE 3R
PR AR, SCHRC28 K 20 50 Il i FH F 4 B2 2] L3 T JL AR
2556 R B 0E , IT 3R B 3 2 1 28 50 %k B Oy vk T Dok A g U 1
W . R IETUE ST A5 A RN AT — i R R
MR, TR bR ), SCERC29 ]2k T 2 iy A, % )
22 [ 48 SF 18 48 22 06 3R AT IR0

FIAE LA % 2 Bk A SCHR T — Bl RO e R s
R 5 28 6 1] 0 28 3 B0 SR T B Ay R BEAT Lk . 5 4
FHRIEH N Z L BB B A F R REME LA, 1
SR W B ) 52 2 BE IR, SR VA A R AR E . AR SO kAT DLAE
Sl BB RE AR TR AR 10 (] B S AR R 5 R R =2 I i ASLA AR
2.6 MBMBUTHE-TFILREE
2.6.1 AWAC H*k%Hh

2 B I A B S B8 B WT LU 2 Rk R, B Ut Nair 55 42
T —FAS DA ART R A T7 2R AN (] 256 B B30 iy 33 vk —— AR
PN AL AT 3 FH-FFE 8 K ( Advantage Weighted Actor Critic,
AWAO SLEMY . BARGE LB R MR 2]y 4RIt T — b
I B 2 i B ML 710 L I 8 T ik 6 T T R BEE Y R
WE TR e AR S FRTFE, AWAC HEW EE
SEAE R0 S XS S R R D AT B S kA IR RS
W AR A AT RO T . B e, B AR Rk AR S O ik R I 2
T U B 1) Sk R LR S H B AR D={ (a0’ ), 0. R

D AT BN G5 IR A AR Bk 2 S SRR «° (al
s 2 R, B EACRT I 2 B AR IR AL o) ik
AR AT DU S R . AR A A 2 T T RE L A
e AE W SR A PR AR 19 28 LA Jn a8 Bl B R gy il

B2 AWAC Bk B AR EE
Fig. 2 Schematic diagram of idea of AWAC algorithm

2.6.2 AWAC A4
AW AC Bk 1) 5 W Bt J2 3 3o 2% ~F SREm ok S B0 L 3R
W& AT LUl TD 515 id B ok f R AL TE SR W DAl 26 3R vh 22 B Y
HEVT B (8. 38 A BR ) SR A ke e e 47 3 & S 19 1) 14
Bt R i e RATFIS K A8 ke Ab ki 22, R E £ 2P
F s AWAC A0 A6 3R W d5e R AL 3 A RS T Al 3 Q s Bk
Q™ (ssa) » [FIRS BRI LM B (Y g1, Ak Q@ o) MM T
AL A™ Csiad o B W] ORI R AL SRS 5 2R
-1 = arg max Eonc. 19 LA™ (sya) ] (6)
scte D (nCe [9) [ mpCe [ <e €
LA 55T T BB BT AR B
SCHC R B A5 LT, AWAC S0 HE A7 HOR B 2 24
S 6) T Y AR B A L LR A5 AT 3 1 3R S 8k R
3o SRIF B AR D TT 5 W 55 ) S 80K W ¢ 1L T JE R AT A i
AT AR, A C6) 1A BT 7 w] DL S 5 ) AT KKT & 1
e ARAFE H AR I H R
P (s =By 10 [A™ (s50a) ] FA(e— Dy (xC+ |5) |
e [$)) €))
XA i) R P A A
" (a\s)OCTr,g(a\s)cxp(%A"‘ (x,a)) 9
24 o BOE T 5% B L T BN AR S RO IR B RN & 1)
Xof T RV 5K W 7y, 308 3 FE RO O3 A o, () F dR/ME 0 5 IR AR
KW o B KL U R 5E B .
argﬂmin ]E,,K’?WEDKL(fr” Co ) [[mCe [s))]=
argﬂmin B, [E.* .1»[—logm (e |9)]] (10
SRR T LU KL 8O A —J7 T #EAT IO . e %
] KL 27 A B AR ST O i %07 AR T PP A 2 S 47
UM% . MR AT I KL, W] LUE R B 82 B4R D R
e T 5 SR W TR
01 =arg max Ei..~p logm}(a\.\‘)exp(%A”‘ (s,a) ) ]

1D
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TER LM L PRI AT A, 1T LU i b 22 W% S 5017 3h &
MIFIE R IERIER D IR Q2 AT H -
¢, =arg mgsin]Eu[(Q?;(s,a)*y)Z] (12)

3 DOR-PDAWAC &%

AR H DOR-PDAWAC B %% AWAC 53 17 2¢
#t, DOR-PDAWAC FiEA4E 3 A 45« 1) X [ i %4 % b
B 25 36 B5UHI 4 A 00 2 B9 SR W O O 47 8T 28 3 5 20 XUAT Bl -
VS GRITY 5 3) 3 iob B T R W 25 1R A T DAAE 28 1B M 17 3 3 LU
KNATEH .
3.1 RIFHEARMENBBERLIESZ

1% G2 14 BE AL AR 1l i T =X e R B DA 0 B 2 5 4 I
Zr HEIEE D N S5, G2 i RN N AR R RE R DA [
FEMEARE D 2% 3 0 R — A i 20, #8023 il IBOBT 1 28 56 1
BN vhyt b, FRE A BEAT OIS . DAECHE 45 v BE AL 4 BRI 2
Bt REAS BRI MR By M W A St 72
B 207 A 1 22 56, AR [ Ok B0 2 n =X (13) BT

M M, M

Ne=7 Jrt+1Jr N 13
S B8 A [ 0 ) A A N A = (14D TR -

N - 4M MM

Nu.,fM( Sttt +N) (14)

B AR 1 <oy TR A AT N R 25 56 359 B B W 1B TR
Bz 2R A5 FiR .

N1]7N13:¥+"'+ A£1>o (15)
1

(7 i, o 7 228 56 401 B 5 [ s ) B AL A Ny

2

_1loN —;
Nu, = Nu, =37 (N, =N, )>0 (16)

B IH 0 22 36 B AR LU BORT 0 22 B B R BT RE s
%, I 2 30 T i 00 SRR B 22 B RN A . BR AR T Y
B o3 A I S 6 BT 2 T R A ST SR [ R T RE 2 3 A 1
PRKCH) A (AN R o (ELTE S B b BT A B EIE 2 6 10 LE 2 Y
Bl 2 4 B e B U A R TR )

AN DOR AL L 38 3 o5 — Bl o AL 72 30 94 5T
LR Ry G2 T B IR RN, 2% 5 vk AE AL G2 BE L[] oK
G Al 2 IR 2 6 B B [T B Bk e A B — A B
s TR H n D B nsim B9 2R B AL R BT 2 5 R 1T
& & EANEAY v /sl |= EY e il 4 NN Y € R
Bt B 22 96 vh BE AL Ny ASREAAE Sy — 820 5 [ I6F %o 3 3%
i 45 5 22 B0 RE AR HE AT D020 - MBI A BT 2 0 P ANl I N, A
FEA AR o5 — sy . AR 2 50 40 R R B e L e . R
T3 A R A e R U B SR A BT A — B A B S
PR AR . THIT PRI KUK R BN PTE A B2 B o AL
B If . I BT A B 22 0 AT — AR I, LR I )
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Fig.5 Experiments and results with new experience selected

according to several proportions
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