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Abstract Traditional deep reinforcement learning methods rely on a large number of samples and are difficult to adapt to new
tasks. By extracting prior knowledge from previous training tasks,meta reinforcement learning provides a fast and effective me-
thod for agents to adapt to new tasks. Meta deep reinforcement learning based on maximum entropy reinforcement learning
framework optimizes strategies by maximizing expected reward and strategy entropy. However, the current meta reinforcement
learning algorithms based on the maximum entropy reinforcement learning framework generally adopt fixed temperature parame-
ters,which is unreasonable in the multi-task scenario of meta reinforcement learning. To solve this problem,an adaptive adjust-
ment strategy entropy algorithm is proposed. Firstly,by limiting the entropy of the strategy.the original objective function opti-
mization problem is transformed into a constrained optimization problem. Then, the dual variable in the constrained optimization
problem is taken as the temperature parameters,and the updated formula is obtained by solving the dual variable by Lagrange dual
method. According to the updated formula,the temperature parameters will be adjusted adaptively after each round of meta trai-
ning. Experimental data show that the average score of the proposed algorithm on Ant -Fwd-back and Walker-2D increases by
200, the meta training efficiency improves by 82% . the strategy convergence on Human-Direc-2D requires 230 000 training steps,
and the convergence speed increases by 127 %. Experimental results show that the proposed algorithm has higher meta training
efficiency and better stability.

Keywords Meta learning.Reinforcement learning, Maximum entropy

FH5 H#1:2020-06-22  3RE H#I:2020-07-29  ASCEIMATFHRR IR (OSID) 35 L0 — 4k 3R BURN 7215 B

He T H T A TR TR AR 2 58 AR SRR 12 4 K RE AT FE (NB11800117) 5 YT 5 i A% A1t #2180 T 8 By i H

This work was supported by the Research on Data Mining and Application of Suzhou Intelligent Public Transportation System Based on Cloud
Computing(N311800117) and Project Funded by the Priority Academic Program Development of Jiangsu Higher Education Institutions.

S AEVEE % 2% % (lingxinghong@ suda. edu. en)



Wil B8R 45 < T 3 L 9 SR 0 Y 00 S ) Bk

169

1 3l

il

I 75 R iR Ak 2 ) F 5T 1 R B R R L VR B R A 2 ) T A
A TGO T 20 17— L85 R I, 4 AlphaGo” 7& [l
B BILI R v g 2 ot e A 2 T A v 0, AlphaStar”
5 N R 38 T 7 25 Mt BTN S5 W F G 98 U A R 4 200 19
TIPS A R T A SR T A B TR SR AR A T Y
B BBk 78 4 R AE DAAE AR 45 b2 B0 09 2 56 1R T I B
55 i 25 R I £ B 20 B AR R i 22 e e A, S B
SRt AR oy . TSR T IR A 5 RE RS s R T A
P S 30 AT DT R B 3 R B A 55 AT A A NS R XD T
2 N Z A TE Y DN GRAE 55 v £ 350 30 R (e 480 e 1 7 T
R R0 AT 55 I el 2D Pl 5 1) 8 S AR A, DA PR S R A 55
& BT B AL ) I RTI R

Je T MRRE A 434 2] B AR R I AE LA AT 55 vh 2%
2 E R ST R AR AT 55 1 o) R R R R A R
2JRE A7, AT I8 B e 2 S 49 H A9 . 2016 4F, Wang 5550 1
YR T 2] 1 B 5 A IR SR AL ] A AR A SR
THETTEA A RR TR AL . JnsR Ak o R — A
FATE LMEAE 55 b2 ) B9 28 30 R i DB A 55 2% > 1 05 s filE
Ao e A T I AR B0 7 7 A 55 6 AL 5 SR 4R 2D 1 1 2 06 HE R i g
g Pd S N G B . R TSR AL ) O Tk R AR S
220 R A B0 22 ) 28 0 A2 AE AAEAE 55 P 3R IRy SE 30 R
Wang 45 4 4 A& & @ 4% S & & #1 ic 12 (Long Short-Term
Memory, LSTM) (%%, & g AofF 21 /i 19 L2455 L 4 1/ 19 %
FUA K b AN I )20 1 S AR IR 47 i ik 0 4% S8 10 TR B L 2% >
Bk IR S AR b R R PR A 2 R 4K 1 S 8 (AR B A
25 W 45 e i Sy S I L IR SR AL = 2 i 2 . [ 4F, Duan
ZELTV R T T2 18 3R BT (Gated Recurrent Unit, GRU) [ 4 #4
TR RE A, JRRE R BB R 2 3T B 1Y Sl 06 0 U S B E T 46 1Y e 7
ARA . TR AE 55 I X 465 1 B 0K 25 e 68 S 4 e A4 42 it
JeB AR B B R BB 1A PR B & N BT AT 5. 2018 4F, Mishra
STV AL G VA 28 A [ SR S5 S T P B AU S AR
BHLE, 40T AR &8 h B G FT SUE B AE
FEA T SCH R E AT S ST JT SR AL A S B AR IR S A
REWRETIA R AR, DL b 5T R bl 25 0 45 ) 7 i E A
X 3 S A L HEAT AR A B H AT 45 1 AT B R R R A AR
(ERERY B JR R P, TG 1 9 R B HoA R & b . 2017 4§, Finn
TR T 5RO A I8 2 2] U5 1 (Model-Agnostic Meta-
Learning, MAML) , 3% J5 ¥4 3& I T A% 4] 38 2 86 B2 T B 3847 1)1
SRR, AR SRR R I SRS Y 1 0 6 A 2 %5, 24 T I BT
A 55 6], IR UG B LD 1 66 3 S 0T g T DA PR S e 8. TR
W EER B i 2 2 R W T O 5 v Gupta S0 R e
R 3] — AW AE (W 4R R 25 0] L 3% 25 8] 7T LA K 45 44 £k 14 Bl AL
PR B SRS rh L AR T SR I R R R R AT 3 4R
F+ T BERAEHE S P R R OR 5 Rothfuss %058 oF 7 1
TG 5 W48 2R 5k i e U 7 SR W RIS 7 SR W 2 [ Y 4 T R
e T LA J7 R AR 43 BC 22 RAT T J0 SR WS RS R Y JR) R
Rajeswaran %12 H T — BT A6 16 2% 2R BRI AR 7 B89 3
SRR BE 1 5 6 L I/ T SR AE TR B N BT T Y 0B 5 U

SR, 56 F 36 B 1% T 58 Ak 24 37 7 38 70 31 5000 B o 4R 08t K = 1
[Fi] 58 W A AR, 3 BT I i B 0 9 A ) T 3 3l IR 5 b b, S
T2 T vk 0 B R AR T T N A B8 B 9B A 55 B B 2 XA 5
AN MO A RO FE AL, SRR IR A, B X b R
Rakelly %10 48 1 T 2 AT 45 9 07 /9 oc 98 1k 2% > B %
PEARL, 5% b 82 7F e KOM 3 fh 2% 3] 5k SACTY 2 |,
WL B A — A B B ok R RAT 55, B 0 TR Ak 2 T R) 4 R A
TE LR W AT 55 HEWE AT 55 25 11 T ISR MG 222 .

FRI » LA BR OG22 A Z0 4 S B il i) 7T 58 Ak 2% 2
BT 5 SR F T R E IR S8 A TR E S 85
GAT 55 Z I XTI 6 R XA TCRAL# I M 2T S5 R T 2
ARG . sk 21 04k B bs i i K ik B3
Il 4R, 72 b Al L e O R Ak A ST HE S8 T A AN B R AL
W P 05 5 T A X b P R S B . R RE R DL B R
A0 w0 1y =X = 30 WAL TSR ) R, BT R A5 T B 1
R Sz LR )y, AT IRESEE BRI BS M
W NN TR A, F e B R B T AT &5 A B . AT 55 3¢
25 V) N 7 3 5 TR S A U R IR R M SRR
73 [i] % 45 I, I IR AR IR B 2 8 AR 1A R AR ORI . 7R AL G
b2 2] I B BT L RE R T I (44T 55 2 [ 8 AR AR, R I 3R
B S HO0T LA AE AL AU G AR P SRR R AR, T 7E TSR AL 2
3] 1) ity 5CF 2 R K T I & R W) B A 55, AT 55 19
WG A 6] 53 AR A A H R (A5 BT 0 B AR R T B A AN A TR
Pt L A T A AT 45 1 5 4 D 1 38 B 5 O AS & J1 T B0 1Y)
FE T IR MR AR 2 2T 1 TT 0 Ak 2= ) R 2 W T X — )
R, BRI, AR SCHR T IS N R R SR R . X
SRV T Sl 3 ek ke R 1 AT BRI K AR B E A e AR AL
[*) F 2 Ay 57 BRI Ak [ 8, 9% I 5 32 B A Ak 1) R0 e 1) of £ 2
B 1R R B0 8 1 bk B H X ok ok s B A X
RSB A B A X IR E S B — T lAS R 2 )5
HEAT B 38 R R YT . (A5 B R R A 2 2T HE 4R 5 TSR Ak 2E ST
SEAENA L,

2 HXIIE

2.1 mREizEd

TR AL 2 3 i P 19 S8 B AT 45 0 DR A% X ), O E Y R
i %8RB AR 2% 43 ) FH N LA AT 55 vh 2% B 19 4% Fih 22 56, DA T 76 T
I 7 AT 45 B RE 0 PR @ . FE T iR AkF T M i o R,
PCORAES (v} icr s BIBESR SN A, AT 55 < #B AT LAg
1k oy JR AT 9 e 5 3 F2 (Markov Decision Porcess, MDP)
M, = (S, A, pior) H S HRE LA HEIfES 0L, p R
REHBMRRE - R RE. SEENILA TN G
AR P ST A TCUNAAT S5 2 Ducrwvrain = (M s My o =00}
I HEAT YN o 8K S AR 45 AR A 7E JC K AT 45 2 Do = (M
M, oo HREG 2R BEOR PR A R PR BE . AE T B AT 55 b RS
6] 5 3h 1 25 8] 2 A S 00, T AT 45 22 180 1 2 30 iR S RS 3 B
RES R BB AT . PRIG AT 55 7T DA el 2 58 eR 2T Cs, oa ) FIDIR
B RRE p s s va) & Lit={pCsr1 s, va) s r(s,»
a) b o BRI, B A S5 B R R A e A% ME 26 bR 4
5 2 5 bR BN TR RE AT R SR A L A0 R A T LLGE ot



170

Computer Science THEHLEIZ  Vol. 48, No. 6.June 2021

5 BRI 110 52 THL Ok 0 IR A e R M R B B R AT R A

1ETC YN R 1R] 8RR K R A8 S I 25 AT 55 Hh SR 3 Y
Ze R o — A BRSPS N AT AE S5 R, 2 o = G,
@y st DERRES c P —RRESHB TR B4 GBS
TEASRFIEELS c PRRERWER, AT HRERZIL. T
XK B E . FETTIMIRKET X AR 5 o~ p (o) B R
A ] T I 545 20 1) SR m S T B PR A R AE 5% 7
2.2 WERETXEES5HERME

TETCHR AL > LB T T A A 55 v 19 sl 4 =5 |) 5 4R
A5 A) 2 A TR B AR 55 AR J2 ME— R 1B 23 . Rakelly
SECOVAR BT AR T R AR A T ) A B Sy E 3 A T ) L 2
T 15— A8 1 A T 55 I, 28 B A 5 22 ) AR 300 1) 28 o
I 24 A A 5 H AR TR %A 55 19 2 30 0RO PR i
LT AT 55

AT 55 56 50 R Y 32 5K 8 30K S, Rakelly 4679 58 X
THER LR SRR 2, K& T e 55 0Tl Z 0 T A 5
B FERLIERE [ SRR wals, =) Al LR A HOk P g i v AT 55 .
T 3 33X o S AT 45 B b e I I R e AL S R R SRR AR
HHERT AR . O T OR AR 0% DREUE N AR 5L AR R SO
A 2 AL IR RAE S5 TR E IR A SER . BT o
& T AR B M A, W LARI T ¢ SRR R R SCBR
Wiz WRRAE p(zlo) . BRI, pxle) 53108 2R R A
Mo N TP SR H AR S HE W Y O o AR SR
e WA A ISR — AT 4 g, (el o ORI 1 F 3¢
B = MEIERMR DA p (2o RARB LS T
Ry

E. 00 [QGsas2) +BDx (g (zlo) || pa)] )
Hh,QG,a, ) REM HIR; p () FRAE & = (98047 5 17 5
55 KL AR TR £ SO S0 (9 48 43 U5 B 45 51 L B R 6% JR il A
ShEE  5SEK c ZMMERFE EHRREE D REY
DB AT 5515 B AT 78 I 25l 72 vh 3 40 T B AR B TTAR T
FEA R I LA HEWT 4 g, (2 o) M 48 S50 ¢ AUAE ST i
AT O . T R, TR i B B 1Y 28 96 A A e
AR 1T R A s 2 ~q, (210,
2.3 BAMBELES

1&gk A2 > 8 H ] B R TT R e S AR AT AR . 7EE
b g i 2T i AL B bR J2 4% B B 0% dn KAk R B 2
5] 4% 1) 5 W

n’ =arg max Z’:E(,\“u‘)wﬁ [r(s sa)] (2)
T e A 58 A 2 20 HE ZR S 7 4% T 5 Ak 24 2 Ak E AR Y
filt LB T — A AN B A IO {6l 15 e fE SR W A e R 1k SRR A
B2 (w1 4% 1) 1) P R A% 05 I A U5 1) 3 A9 PR 2 B

n" =arg m:lx ;Em_“,wh[r(s/ va) FaHxCe |s,))] (3
SO o RS B0 B 05 A R XY B T T 3
Wi B A SR M A B AL . 24 o0 Bb 3% H AR 1B 1) 4% S i Ak
2] AL E B

TE B KR AL E T HEZR T, 283 I 25 i SR mg ml DA de K e
J3 b 7 199 (] i R =2 1) AT AT . 3 5 4R R RUR T I A A
A GBI S 2 A HE I 2 B4R R It LU (9

2 3] R TT LA Ik R W ok RSN R R AR,
A FE B E (9 BF 58 1, Eysenbach 2520048 W, B KM 3R AL 2% 3
Xt R LA B L TR AR R IS A BT eR BSOR W AR Ak 1
TC IR A2 3T 1) Y 1

2018 4, Haarnoja 5004 f K 5 1k 2% I HE 4R 5 17 3h
FIWSFRE R AL 4 R T AT 3 F B K B B (Solt
Actor-Critic, SAC) ., #H Fb Z R #2 H i 8 Q 2% > 5k (Soft Q-
Learning, SQL) ™ iZ 5595 BUAS T 5 v 14 B A R 356 L T A
FEME . A TR R ARSI i A 3 4 45 7 W) R, SAC 435 T
% Q(ssa) Ml my Cal ) RIE R QM REHIRME . K QM
B 2% S50 0 55 SR s W 25 S 40 ¢ #F 8 BE LM B R BRI AT
BT, A R RR BT O T K Q (B RREIGE o DLUR B 7 R AT
.

Qs sa)=r(s;sa) +E[QCs,11rar1) —a log nla, |

si01) ] 4)

T I 45 2 B0FE i O D L B Q 1B PR B I 4% 1) S 0 2 e/
VLR 8 5% 25 HEAT BT B 2R bR K J o (O I F L b 0 (R A
N

E [%(Qm, va) — sy va) - (Qi Cspor vtger ) —

a log (my Carry 54107007 ] S

SR 19 2% 1) 2 B0 2o F /DN 10 R 5 AR Q 1 BR BHE By

KL HCREEAT ST 00K B T (@) WTF Howp log Z (s ]
T AL 4 A0 1 X BOE 43 R B

Di. (s Cay |5 | exp(%Qg(s, .a) —log Z(sl))

7r¢(a/ ‘.\'/)
=E| —log exP(%Qﬂ(S, sa,) —logZ(s )

:E[logma/m—%Qo(s/,a/>+1ogz<.\~/>] 6)

3 BENATRBENITELES

3.1 BEMETREE
5 B BRI ] 25 6 47 F0 4 2% )1 B0, 4R B — A 7E B KA
JU) B [ 41 4[] B A5 3 R — T R 2 1R B9 SR

.
max E[ 2r(s,sa,)] s.t. Y, H(xr)=H, (D
Ry oo oy 1=0

Sob H, BRI, RV EC D (a0
LG A1 A I )25 %802 A1, T MDP o A2 7 /5
AT I A ¢ I SN e, R 20 b 2 S
S PR T LML — A B D25 B B K A
TR

n}rax(E[r(so sao )]Jrrr}rax (E[---]Jrn}rax Elr(srsar) )

®
HARMNESE—AIEZE T HF R
maximize E, .., [7(s7)sar]
s.t. Hr,)— H(rm,)=0
T E TR BRI S S A B AR LR AR
h(ry)=H(x;)—H,
=E¢, .cp~p, Llog nrpar|sr)1—H, (10)

€D



Wil B8R 45 < T 3 L 9 SR 0 Y 00 S ) Bk

171

h(me) =0

Eeuprp LrGsrsar) ],

()= an
— 0, h(mw)<<0

AL B iR ik i FIE

maximize f(7w;) s.t. h(xp)=0 (12)

T SRS R Y B KA A R A T — A
WA PR B B T B AR D o I9RLRS B B 2352, Ko hir
W HFF ap =0,

Lxysap)= () +arh (xp) 13

BRI WO 45 R o B SRR L (rrp s ) IR
RAME Y ar {H

min L(rrT,aT):mir(l S () +arh () 14

ap=0 ar=0

AR R A R4 B A (e ) =20, T oy 2 T 5 1849, )
ol 1 U ap BERIES] £ () RN G, Y 2 =0
B L Crpsap) BUAS B /ANE L BB L (npvap) =L (np00) =
S,

O WRE AT L AT, W A () <<0, 1T IA ar—>+oo
St /Mb LGy sar) Afi18 L(rsap) = —oo, Jolf Ly aap) =
Ly +o0)=—0=f(x;) .

TGS R AR B, # AT LA 30 R 4R,

Sf(rp) =min L{nysar) (15)
HitF e, 4k Bbr 2K £
maxf(rrr):m‘i"n max L(xr ap) (16)

T ERA fCr) s 4y T R R A, R A
s B T i max f (o) 88 & B KL (R £ () AN &t 1)
—o0) , WAL JE BR il 5 A 2 (er) =0,

min max L(mr,ap)

ar=0

=min max f(nr) +aph (xr)

ap =0 T
=min max E,, .., [7(srsar) JFar (Eq, 0
ap=0 T

[—log nrCar|sp)1—Hy)

=min max E, .-, [r(spsar) —aplogmr Car | sp)]—
ap=0  wp
arH,

=min max E, ..,»~, L7(s7sar) +arH () —arHo ]
a‘.f;() T

(QVD)
T EE ap il i R KA L Gry e ) 2K 23R4S 00 R W%
w1 o SRJE S IE or = wr 38 /MU LG ) SR ARG IALXT

AR ar o WA, AT LRI 7 Hoay
np =arg max Eq, .. ~, [r(styar) +arH () —arH, |
(18)
ar =arg minE¢ .-, LarH (7 ) —arH, ] (@LD)
Ak A bs (X 9O & 54k
max E[#(sysar)]=E¢, w0 Lr(srsar) tar H(xp ) —
ar Ho ] (20)

BUAE 2R Q H R (K D)

Qr 1 (sp—qsar—1)
=r(sr—1sar—1) TELQCsr var) —arlogn(ar | sr) ]
=r(sr—1sar—1) TELr(syar) J+arH () 2D

AL KW 77
Qr 1 Gsr—ysar ) =r(sr—1sar—1) Jrn}rax E[r(sroar) ]+
arH (1) (22)
LR W R AP T—1 0 0k B AR e o il 2
H(rr1)—Hy=0,
max(E[ 7(sr—1 sar—1) |+ max E[r(syyar) ]

:rFax(Q'}ﬂ(sTﬂ,apl)—a'} H.: ) (23)
O 7] 7 Ay
ufnig() THX(Qf—l (stovsar) —ar Hyp +ar (H(rp ) —
Ho)):ufnig() IKI}HX(Q{*ﬂ (sr—1sar—) tap  H(rp ) —
ar  H)—a;j H.,: (20)

HRA A A1) [F B, A -

T =arg max E<\T Lap )=, [Q; 1 Groysar—) +

ar H(rxp ) —ap_ Hy (25)
aj—y=argmin E( . ~, Lar— H(xi—1) —ar— Hy] (26)

T4

ap=0

FIRAE RSB TR op R Q26 S o MXADHEA
AFE ML, AW E S bR 8, 5 20T LUE i &/ kAR A
19 B R bR B SRR A I 8] 25 00 e D0 X AR L X A e A
SEBR N R e R E SR A G, R R T (o R
mF .

J@=E, . [—alogm(a|r)—aH,] 27
3.2 HiEigit

A APE Jrikxt PEARL S35 JEAT AL . B 448 B 9 T
Y25 ol Bk A 1 A 2 B,

&1 ook

A INGRAT S5 HER (1) r ~ PO 52 T X, Ay s A A,

1WA S8 o WK S8 ¢ AT 30 E MG S H ¢, AR
KL SH 0, A0, LLBX 1) HARME K S8 0,<0,, 0,0,

2. WEAMES o MGG B

3. While not done do

4, fortin {7;};—,..r do

B LR =1}

while not done do

FAEMLR 1R S0 2~q, (z]cD)

FI WS e, Cal's,2) WO B2 B IR V8 3 22 46 v BY

9. HOH ¢ ={(s;5a;55 1)}~ B

10. end while

11. end for

oIS N ]

12. for each training step do
13. for v in {t;}i=1..7 do

14, REE LR ~B BLK RL IZREHR LK b ~B'

15, RAEMEAR 1R 3¢ i 2~q, (2D
16. Ll =L, o(b.2)
17 L= Lee (b2

18, Ly, =BDkr(alzlc) [l r(z)
19.  Li=—log,(als.2) —aH
20. end for

21, ¢, vq,;(L;,"iﬁL;ﬂ)



172

Computer Science THEHELZ  Vol. 48, No. 6,June 2021

22, =, V, L Lior

23, 0,<0,—x VOE‘IL‘”,M for i€ {1,2}
24, a<a—A, VaZiLL

25,  0;<p0+(1—p 0, for i€ {1,2}
26. end for

27. end while

g%k 2 ok

A HHES o~ p(o
LW E RS =1}

2. While not done do

3. KRB R [T S0 2~ qy (2] ¢
4. FIFHHEM =y Cals,2) W Ko

D={(sj+a)s8; +1;) }j,1N
5. HEEFETFX c=cUD
6. end while

JCHRAL 3 Agent FELH LT 3 A3 ALY W 45 44 A - —
MHEWTINE g, (2O FIDTFIBE MY Q) (svar2) GE{1,2))
F— T E ML, (als. ) i ¢.0,,i€ (1.2} .9 43 B2
BTN RS H . WM g, IO REBRIEAT I H WL =,
Cals, DBIE B AT o MWL AR 5515 B = MRS 53640 10
p (IO TRIE R ML Qi (saay2) FEMEF M RBE BT 5 15
B2 M EOIRES s FORBUY SIAE o BEWE 3R A5 (4 101 22 [0 42 3k
T s T3 FH ML xy (el s, MRS Z B 057 2L A
SRR « SEIAE 55 i . 76 58 00 M 45 S B Z i, Agent ¥4
MAE 555 B AT p (el i RAEAS B Y 1A 55 10 4015 B, =,
e AT E MY m,Cals, D) PR E B = 728 — D II4AT
% v, HORAE— SRR o, I X S8 B DR A FE IR AT 55 90 4
B 45 B .

FETT I St B b, 1 S8 Ty S O T o A I R L
W, RS, N GRAE W W 4 g, (2| o) B T 9 088 dit ik
~BH5INHAThHE MY 7y Cals ) I RPFIBE R ML Q (als,
) BT B AL R o' ~B" KRR, Bk, = N REN
BAG Biow TORFESRAF YL UM 67 J2 WAL 50 4 B P B ML R
FEARAR . HOR 0T 3 n, SRR Qo IWWEBRE, K
GRS

Loor =E—p.0 ez g (210 [a 1Og(7r¢ (a ‘ s»2)) —min Qo, (ssa,
i=1.2

o] (28)
Lesse = Eovrratr sy [ (min Q, (svas2) = (b
i=1,2
min Qy, (s"»a’+2)))2] (29)

Hp, z REMERABIATHE L < BT EH. Qs CRIE
WK Q Xt I H AR M4 . ZE B Locor M Lonac B L X B35
SKRAT TD3 Bk ki Q % I W E T . AQ, (shas
D GE (L. 2D TE/NG Q EAEN HAr Q i, 88 2 40 15
SRS TS AR T R 4% g, (el o) PR B

L. =Dy (qlzl e |l 72 (30)

WRIE R 3.1 AR R DR S8 o
BEL,. fa. %8 2% % DDPG 5360 i i | bR 5 19 45 5
BT HARMERZ Q. (sha-2) IS 6, BEATFHER .

TE TG 0, Agent K T I — > R JE BAE 55 <~ pe.
Agent RERAT AT 22 58 - D FTHERT R 2% gy Gz ) 3R BUE 55 /9
FR AT p (o) I SRR BUE 555 B = 2 4731 & M 2%
myCals, DREFIE S F R = R WHHTE S < IF Y
AT 55 38 107 3o st P R B B B BB o3 3) HEWT M 4% gy ([ o) AT
R A W B ¢ TS MR B A p (=l o) TR R AR SR

BB BAES R =0 AWEE LR IR, Agent 5l GES P ik
L AHAE 55 6

4 KBWRILR

AT B R GEH 3 AR SCER M Y D7 EE AR T SR AL A ) S SR
#il baseline | IR .
4.1 LWEE

A CHE Mujoco ™ 528V & L #FAT 908, F T AR S
U R VR0 7 AL 55 A9 PR % 22 4 ] . Mujoco & — A4 5
B, SR HENLES A R ) VD A Sl i 2L R H A R
PR B B0 S R IE S AT K . AR SCHERE LA N B 3
1Y o A 3 S R AR R AT S IR S R R R AN 1 1
718 FL TN R TR 0L 4% 25 1] R Bl A A 1) 4 AR S a3k 1 A,
Fovb, WL 23 (8] S AL AR ST #3552 L gl 4 25 ) S L %
UNISESIIE S 5 S a7 P e P = e A N S AT A A NI
BT 55 B bR B0 D BE R F 89 B3 FR i 5 CAnt-Goal-2D) 5
DA J7 18147 2 (Half-Cheetah-Fwd-Back, Ant-Fwd-Back,
Humanoid-Direc-2D) ; 3) LI 45 5 19 3 J& A # ( Half-Cheetah-
Vel Hrb, BAr i i A7 877 1 DL K B AR R 2 B AL 28 X
19, JF B TR R AR S R R A . 7RIS B B AR A g S5
W B SIR T AL N B35 B bR M T B FE AR R O 1 AT
A B S o, BB O T L AR TR HTHE B R R O ] B AT
S TR TR LA SE I R T HE Y 5230 L 3B AR T LA Y T
RT3 B S B bR s B R e Xt . BR T ARIAE S Bz
Hb ARSI TR R AT T I A 7] PR 358 3 2 i (Walker-2D-
Params) i3 N AE 1 . 7RI BAE 55, B 8 1A T I Bl AL B9 26
BBl A REAARIRAT 1 22 B IO T T HE Y BB

(b) Humanoid

(¢) Ant

(d)Walker

B B

Fig. 1 Continuous control environments



ifi 7% 05K L 55 - 3T A AE N IR TSR B 19 o0 BiR Ak 2F o) BBk

173

F 1 SR F 5 T X L () W4 % [ R 2 A s i) 2k 4
Dimensions of observation space and action space dimensions

Table 1

corresponding to continuous control environments

Environment Obs Dim Action Dim
Half-Cheetah-Fwd-Back 20 6
Half-Cheetah-Vel 20 6
Humanoid-Direc-2D 376 17
Ant-Fwd-Back 27 8
Ant-Goal-2D 113 8
Walker-2D-Params 17
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