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Y FRILAT CF ARG LA I REA U, GCSSD F ik £ A F RAXAM R L E 5+ EA K
N GECR, 5 LEER S GAEH5 TR 6/ TTH AT 5T, 6498 A F & B A 2 AE S AT Pk &
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Abstract: Reinforcement learning has achieved remarkable results in decision-making tasks like intelligent dialogue systems, yet its
efficiency diminishes notably in scenarios with intricate structures and scarce rewards. Researchers have integrated the skill discovery
framework into reinforcement learning, aiming to maximize skill disparities to establish policies and boost agent performance in such tasks.
However, the constraint posed by the limited diversity of sampled trajectory data confines existing skill discovery methods to learning a
single skill per reinforcement learning episode. Consequently, this limitation results in subpar performance in complex tasks requiring
sequential skill combinations within a single episode. To address this challenge, a group-wise contrastive learning based sequence-aware

skill discovery method (GCSSD) is proposed, which integrates contrastive learning into the skill discovery framework. Initially, to augment
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trajectory data diversity, the complete trajectories interacting with the environment are segmented and grouped, employing contrastive loss
to learn skill embedding representations from grouped trajectories. Subsequently, skill policy training is conducted by combining the skill
embedding representation with reinforcement learning. Lastly, to enhance performance in tasks featuring diverse sequential skill
combinations, the sampled trajectories are segmented into skill representations and embedded into the learned policy network, facilitating
the sequential combination of learned skill policies. Experimental results demonstrate the efficacy of the GCSSD method in tasks
characterized by sparse rewards and sequential skill combinations, showcasing its capability to swiftly adapt to tasks with varying
sequential skill combinations using learned skills.

Key words: reinforcement learning; trajectory grouping; contrastive learning; sequence-aware; skill discovery

TE#RA %% 2] (reinforcement learning, RL) 1, &4 BE1A (agent) 5 AR NI IHAS HFAFRIHE S, BB % I 5—4
B RAE BB A S TSR, PR BE A ISR IR R, SRk ST O 2 B RS R U HLEE AR
il VAT 25 ch SR, T DB R EHRAN SRAF A EREAS (37 SR [, 7R G B sh 2 5 AL L IS B
W RBUR R 2 & R AR R, BRI A SSRGS =] BE A RE 3R AR L0 A R

W FEE AT B3 e RS [E] I A T F T BN I BIB9S . W 23T 45 (R] SR B AL/, TR T 2415554k
%] (multi-task RL) 58 ) MICEIRZRILG 2 (AR A, TFE T 76365 2] (meta RL) BF 50175 WFIFI L 536
WAL TS, TR T B4Rk 5 ST (offline RL) WFFE 1T MM 3 SR TR/, TF R 1T stk =]
(transfer RL). 2 &5k 5] (lifelong RL) BF 78 U550 240, S (0T 70 R AR M L3R 22 N0 A R ok b3 1)
B, Horb, 456 T ot o) 508 5 ) S AR E e IR (skill discovery) J7 A& AT [ — AMFF 7T 4 .

PRI ST R R R I T, 2B T NI B 45 Gl ZHAEAR DT 55 = ST B 2 P RE SR SE T AT 55
XSS K. 5 TR 2 BB B I SR 55 AT i B SR A Ak Ak 2 5] ik U AR, TR R R B
(¥ 2 o] Dy i 2 >0 5 4k eh R T S /R 4L A IR SR R (option)!'”, AR SCRRZ A g, KRR E 2 1K AT
5. FAT S5 (8] BAG ZS BN A R, T2 REARTHI I S ACh (R8I AF 55 T, AATTRT DA v 2ok h 485 6 3k 64 R 8 IR T 5% 126
B AT DA I PR 2 0 3 Ak U7, 2 SR P PR A ST R IR LRI B E B R T AT S], PR
7 BE I R SRR P S N BRI E S 2 R, NTTTTE B — MTE R A n(a | s,2) BIHEBESR B, fEami 5 >
— ANl B A B 22 AN IR 25 B A (8] P AR R A 2 57200 SR, A IR R BT I8 LR A 2. B2k, X
U7 R F B T AN N T SCER AR AT 2 >0 U202 fg TS T s B e AN IE A 0 0% TAE S5 B A
H A, LA S gl ) SRl 2 =), B E i DR R HO 2 I B Re. K, I 7 i i) R RE B9 TR B AT TEE ]
SE AR S F B, AN EIA B BRI U020 —ANEA N B — R, S ) Rk R AR T — AN
HWNAETEZ A HiR, BARIEA R H RS HAR, S8—NEE NAATET T ERRA A TS, XK TVEATEH R
AR R, AR SCOERGER AL N B2 B AR TR A 2% ST 1], BT A 12 A A 4 R R I T . % TR IR E
HMIN AT % 2 B A B8, JF BAEMRT S R TR A SRl T A

FARTE, AR T — P T 73 40 b 3] 9 Fp BUR RN B e A LTV (GCSSD). GCSSD B & 3 ANl
gy, BIIEF 0 255 bl 2 ST BE AR N SRAE . 25 TR BERAE M s b 22 ST U R A i3 s R B R P DT AL & 5 13
g, BAVNA, B REARLE AL HS T LS 1 R B, WXL AT 7 B 7 BOG T 47 40 4,
Sy 4R JE BRI T Re L B REAE .. DR, 3 R b2 ST 5 4 A HEAT GRS, I 5 HA o> A B AT ELER, DASR
R RERRARAE. 28 2 B 57, 1 BRI N\ RAF 4% FRHL BE FIAT 55 K0T RLAS RHEAT 44, 15 9% BE R SR I IR TG & %
N, 85 HHUT S5ES MR A RE. R BA YNGRtk N 28 R SRS 2%, DLEZEIR > N Tt HBE O0 T 22 ST H RE R
RS AR BT T4 & 58 3 #9r, U5 UIMES A R FF ST RE LA IR AT 45 1, ) P i 2 SRS R AT 55K
LS o RS, BE SR HME 5 B RE IR AN RAEAE A % ST SRS B G . RATERAS L5 g seh 5 B r
[ S v B Ak 2 o) SR A IR MR B R L SVR AT T LR, ISR AN S8 (1) 45 SRR BH 1 A ST 77 V0 2501k

AR FETTHREFELLT 3 AL

(1) I ) S B B2 A R AEAE 3R il AR B . BRe Y BALEBh, 2 T M 220 T £ H bR T 18 54k 5 2J 18]/, 1)
ML), 18 43 20T b & 2T 107 U ST H e iR N SR AE.

(2) BLAk, £33 2 HAR S R R 22 ST A8, 3 Bl E g DRI BOw 2 B b #E 4T e ST BB IR N SRALE, IR &
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RS AE MR AT 55 SE DR e e 7 BT AL A

ASCH 1A A A S P ECRE R IR AR S DT IR FEBR . 5 2 A G AR SO AR R R I B E L, N
Mo 42l T )2 HAR S sl s 2], 55 3 39/ AR H A EE T 70 0] B2 S (9 e BUB RN 52 RE A BT GCSSD.
55 4 B AR S b SIS IR T TR VA A R, R Bas A

1 #8xIME

FEAATH, FATT 32 BEA AN ASCHIE 7 P9 25 AH DG RO 9 LA

o SETHFFHERL (K153 Z aAb 2 31 A T AR AT NI 2 51, fE 3R F PR e 22 U ¥ 8 s A ] DATE — 4[]
B AR [P 2 R D) e, o rh HRAs i i 7 A 28 1 2 1 1 S B W N B e . T PR 1 43 2 i A 2 o) A
MDP [ J2 YRG5 P27, ot - LR (1 1 0 J2 TR 0, 5 v A V) SR P A B, S AR 1) SR i B R T B 1. 4R
M7, 3K 77 Y25 1R %o} 7 78 22 AT 4638 FH P A 99, L ) 8t 2 DA T B, At T T (0 3RS o 2 ) B, A [l & H Al
St . M TH G 22 AT 55 Th AN W AR I IR B &S I, AT T 20T g T H 4l Bh AT 45 2 ST %

o ILTH e R ILRISRA2E 3T, SRR BT 2 i s Ab 2 SIE S, H e R I N B AR5 B R R Bl . B
i, DIAYNVRT VICP 3@ 3o 5 KA 325 5 A I 5 Al 2 18] B A5 2ok S) B Rk, VALOR™ il it 5 K Ah P42 o
SR S PR, FEA L R . DADSPONE it B AL B B AR IAT B 1 5 AR A R BE RE R AE 2 1] A LA B
OV HRE. XTI — AN B A AT — Al AR, S I BOR BT, BN T AR A AR A B AR, SR AR
G RAAE T BB RS & AT 55, X TTIEFAEA L.

o XL AL 2] W LA o) R —Fh MBI 2 2 i, B AR N TCARVE (B R IR EROR, T R AT %5
o i 4ESk, CPCP. MoCol”, SimCLRP', SimSiam 41 BY OLP %% by 2 ) J7 V78 T+ S 3 AU B AR T
Z ). RIS SImCLR A (R4 2% bR B, TR = — R 50 s AR 2. R 1 22 8 0 TAE Sk 2tdE SimCLR, {H
BAMISRIERE T SimCLR fE A A SCR HE 2 I AESE, AFRATH H FATE T SO 2 I A &, Bfi13% T
SimCLR 4% 0o BS54 2 44 3543

o HAnS sRILEE ], ASCHT 7t H AR T sk 5] B4, 700 b, 2 RE AR D 305 22 5. B AR S i Ak 7 >)
h, B REARR) B BRI S — NS RS B B A SN T IELSEnE, HEE 2 TAE T IFE T M B R
BT U E R IC PSR SR AR e 3] H bR S s Ak 3] b AR B S0 ), ELE e KR SR AR S5,
2] B3R EAR S A R S SRR R AEE BRI . A% UVEARY 4 B AR SRS A VE BRI 2 ] SRS SN

o TR LS 5] B 22l aR Ak 2 3] — B — AN S A FE AT, BF 7T BGE i 43 2 AR P e R
21 R A N e SR e R B i) R AE A SR, FRATTAITHR A BB R R B AR AT DA A i e L
PRI PO 2 il R ) — o A U R T R

2 B RTIR, A SCIH 18] 52 PR B R AR E R R . HRE T B A B, B MR T 1 £ B AR T Rk
> 1A, %A R B E A E 1R, 2 B AR S ESUAN R E SRR A R A IR AT 45 8 A, —AMESS N —FIMT S
FAFRFE= A, — MBS RN AR ZA BiR, FA—T5RE FRTET BERSET AR, ER— A EsE 24
H AR R T — iz e, X T8 Re R S, IIZRAINRET (4T 45 25 B4 ] ge AN

E5EM T, KM T
e R Smmmesssmsseememe ==
EXZEANN LS T, | @ 2N - | e Lo |

1 { } f I
VFIE%S T | @ VTS T, | @ o — - | @, o
| [ | . “:" ]l’s- T, J< e “" : e
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| FIE% T | @ 1 FHE% T, @7 0] - | @ e
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2 EEENX

TEANTH, F A PA ST TR 220 T 2 H AR 2 ik 2% 2] vl e S R 920 2T, B /e Ak
2 ST X, R S TR e s S B AR R ISR A B AR
2.1 EKED)

TESRAL S 2] o, S REAR TN H AR R TR I 2R Bl I 5 AR SR8 1 38 L, 2 2 B — 0T LLSR1G o = SR TH 22l 1) 3R
W, XA Bk AR AT A b e SO S R BT R USRI FE (Markov decision process, MDP). 5 2 A & T- 1 fe f s b 2
STF ST SIS, A SO 9t T BRI S 4T 411 i) MDP (infinite discounted MDP), k4112545 tH 1% MDP %A 5 SUAIAR
KT S RRE. 5, T4h i Re e SORUA SCE R DL i) BARAE 55

TE X 1. B/R] KRR FOTFE (MDP). MDP 0] UL FL G4 (S, A, R, T, y) Hiik, Hdt, SREAF |S|MREIRE S
[/, ARAE A ANENERSIEZ, R: SXAXS — RAZFERN IR EEL, T: SxAXxS - [0,1] 2
REERRE, yel0, ) —RITHEFET.

W F— A BARRISRIL2E ST ST &, /£ — NS (episode) FFAEHT, & REARNL T WIURIRES 50, TE5R ¢t ANIF[R]2E,
BRI SR 71, 0 SX A — [0, 1| FHEEHDIRES 5, IBBEHPATINE a,, REHRBEIZEE UL T (s, an 501) = P(Sia | S15a,)
FIREREERE BN — AR 5,01, B REASRIB RN 2205 r, = R(s,ay, sia1) - B BEAR A H bR IRE]— M AL B 2251
LR

= argmfxE[ZZo ver| n].
9T VPAS AN ) S, 8 E SCIRESE MR BOFRES S VR BR 2, b 35608 o RS s HUE SOR:
Vi(s) = E[Zzoy’-r, | 7,80 = s].
REFEERECE Ly
0'(s,a) = E[Z:O Yoer | m,se=s,a0 = a].

RTEIIR, Ao HI V(s) F OCs,a) /B V(s) Bl Q7(s,a) . IACIREEREL V' (s) = max, V7 (s) , BRAIRAEZ)
YE(E R EL Q' (s,a) = max, Q" (s, a) , P TRME AT LUE L 2% 3] Bk ANt f eR 5075 2.

22 BUFEIDREESHEELD

AL 3T R R B R BRI FBURT DA 24k 3 T PR (option) HEZE U7 2 57 1) B, iZHESEH 3R MDP 5 X
M E T ENE a 57 R 3t R 1 S0 E 7 UM B 4% o . FEAR G P27 SIRE B v, B 7838 TR 22 D013 22 B I R AR %5 1)
Yy 5e, TERRER S AT 55, ZAE BN S5 2 A B PR AR SR B BRI . O T T 7E M B 2 i (R R 5% rp 2 ) P8, R
Fefig, A5 NIBTES 4L (latent parameter) z € Z SRF N E ) B BEATERR BT P 4ERe. B0 b, R —HiRE= A1)
PSR, A RIHE fE = A 0 2 R ABOK, SIRA 1A AR Re AR B SR MG = 3] R, SIANE RIS E S M z e £ 5
SRS IR IR 22 R 5 B R B R IR T 280 TR FRATTKE 2 1R ON B B A 0 S A 3] e, 45 B RE SR e
n(al s,z) . z RIS —Fh B0 A0 2 S SR PUZE I — PR AE, B 1A A R I R AE 7T LLRAEA B B, I HARLT
LR IE S RAE. 2Tk, FIRATH E XAE—A> MDP H1, B RE R I > H 7.

TEX 2. BRER IS BS. FE— AN BRI R IF TR M, 458 — AR w(a | s), IXRES T P24 B — %50
TR NT= (80505715 S15eevsSH) s Z A AR I 43 AT

7~ p@) = Plsy) [ |, a1 s)P(sia | 51,

TER BB IAE L T, FRATVEHL B A I 1) j 8 SR 2] — AN IE A AR B R R0 m(a | s,2), Ho, ze Z4R
RERBESH, B—A d g, 482 —MESE. HiRe2 S BFRRes 2% 3] —RAE 5 T BUERAE > A0
q(z) , T RACAEAS [F] R AE T 7= AR (R B0dE 43 A0 (145 B, T =04k

q’(2) = argmax..,,)h (p(t | n(al s,2))),
Ho, h()) oA —NBENIAS 5 ) BEATLRE BE ) B2 i, AR &
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h(x) =E,., [~ log(x)].
23 HRZEM TS BirSEEtES]

1 IR BN, AR G0 EE T PR HE SR 4y 2 5 Ak 5 5T 7 VEAE AL 3 L RS 5 RO B AT 5% R UL ISR
ZE. HATEE TR R R I J5 ik AR P LATE TR il 0 T 2% 2 SR, AT M i e 5. — AN RIS R R R
BeH A AN O & 2 (0B RS AR 22 B, AR AR A BE I 5 H A A sk U0 2 Sk 9 — R 165 2450 T B0 2 B A
T A58 %2 3] (multi goal-oriented RL with sparse rewards) 8@, T [, FA T R4 SOZ 1A, IF H 295 I 4E
25 FIRAT 55 1 BAd 22 .

EX 3. B AH T2 HirS msiib 3 ). H T @ X1, BB LY R — AN 6od (S, AR, T,G. 6,7)
H, 8. A TRy 521 HH—5 ¢ & BEFTIE, ¢ — MBI REL FOIRTS s JORZS 0] S Bl 2= B Ax 2[R
G W— R R, R, XA, 5 B g e @ MK, B RECE MBI, RATER ek 2 B AR, M4
S RhE S, B
r, f(s1,8) €10,6]

0, otherwise

Rg(sn Ay, Sp1) = {

o, 5 A HBIMI IE SAC

P B3k SO, 3 g RAHIEKI FRR, WAL r= 1, % ¢ RFYBI AT, WIS r=—1, =% f(s.1.9) =
ICsie1) — gll 5 B REPRTEFARIRA RINEDAE, R LAATHID, Aok — ek, i B 0 7%, I ELIA B BOI M7 B 0.

PERRBEACIE 0 B bR S BRI o, i1 H ORI, LT REAEE A H b, MR IRG B RRE A & S8
AR LS . RATiE ST, NFEAMES KA, L5 K00 77 AR BRI T (T, T Ton) TAESS AT, T
USRI T (T3 T, TSRS AE AN E A TR, BRE BB RERMARE s € S,
SRSAAR 55 2SR SRR 75 726 LA BT (1, 80,0080} € G, FE T AR A, LA FAR R RL 7 £F
S HATE, AR ERRAG S A0 BRI (1, AR 00 A R L AR 1), 80l A S 7 PR 2 b A 5 B
55 AR F 455 2RI RN 0 17 95 220 T R AR .

TN 1 7 A 1 H RS A, O T B AR HE SR RO BRI 045 AR 5 P 3L 2 ST 10 H BRI 2 ST A I
HRERAE NS n(a ) 5,8,2) , (ELLT H AR BB AL

B0 [V (50,8.2)],

H, g=(g1.80..-81) » LD BBRSEAENTHE, 2= (21.2,....2y) & N DREEES BRI HEHE, X HH
N <L, BA— AR AL & A EBR, vo S & TFAART BB AV AR 5, 5 AR g BOBEA S 4.

3 ETHENEF INFREMKRELIFE GCSSD

AFTHATRE AN /43 GCSSD Hh AN Rt 73 ZH % bl 27 3 fi £ 22 558 A 2 ST B0 SRS 1 2% v 2 5 B B AN TRl B RE )
HRNRAL, ASERER 22 1 B I BRI N RALAE AT AN A e BT RE AL A IO A 55 v EAT PRIEE 2. GCSSD J7
200 T oy BN EEE ST I ECRE RN SR AIE 2 T RERAL I 5 AL 7 S I ZRA IR AR 55 h I e BT & 3 B
oy, R, $Z S PR AN E D IR,

3.1 ETHEXEEFE SIRREERRARIE

FERGER 2NN N (K H AR S 1 5k 27 5], B REAA T EEAE R 55 28 77 AR IR BAAT A L (R B RE SRS . O T U AN
Rl 55 T N2 AZ AT W L6 457 B L S B BEIRIRAT U, BATT 75 2 FH SR A SR SRAT PR VP A 4 55 28 . S AN T
R85 RAT BERFEFULHEAT 73 B, FHARIEBCRE 20 477 2008 70 B EAT 20 41, 0 — ZLAACL AR BT 32— R e, X
AN RIS RE A 73 LR AT B2 3T, SRSRAGELRE TR AN GRAIL. PRI, BA TS 27 ST BB IR A RAL 20 9 RAE AR EL 22 2
PIANBT B TS 2350 S SX P B B S

B RERAE B MRS R & PR — DN K T, (T, T To) 5 WOE HIIR BE LR A S0
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Tan(a | 5,2) - MRYETAE RS AEIR G FRAE H A, SRS R HIIZ S 7, ABLENE p, . 18BN 7 552 L2 i
— 2, A
T; = (80,00, 15 S1s--->SH),
BIEE p, B 7, 0 BIS 22h B1 R4k, B
pi=(ri,ray.., ry) .

HI T3 e v] LA B 5¢ TAE 552880 77 M5 2. i, 22 Jal (B O M 75 AT B A £ 75 2 8 10 H b, 22 e =
I3t 7 AT REAFAE T BEHEIE A H AR, I84, 7EGR8E H AR, B REA TG 58 IOGRE I B RE, ARSI, 7E8IT HARHT, 7 72 K
FEUTMIERE. T REAMESS R T BE 2 DM ECREL AR, AN TRHIZ B HE 7 AL o, 29939 N BLoy BOpuis, B

(‘r},‘r,.z,...,Tf’)'i(p},pf,...,pf’),
Sob, BRI, 1
T7 = (Sue1yhs ety 15 Fom 1y dot 1s Srm 1yl - - - 3 S ) »

07 = (Fumtynets Fanmtyheas - > ) -
X LB BN R JE — BERTREAN AL h 28, LASKEBRBT R BONHE. 45 pr HAFAEAR 2205, Wb AT gg
FAE T R eSS AN F AR, AT

Ri= ZZ(n—l)-hn Tar Ta € 0
Horb, R BIR/NROBE T e AR AR X B BT RE. 0, W Ry < 0, M2 B2 2 R 75 $RAT ShoBERL g,
M FPAT IR, 72 GCSSD H1, AT AT 55288 7, 4T 2 RBGERAE, 3K145 N BT B3 s fa, B
(RLR....RY), R =E,.7R; .

[FIAE L, R ZRAE 7RI T B AR S5 28, 19 21 HABAE 55 R N By BUE R b ME, 2 UCRAE AN
B (B A AALLEE, B

—n T =ny

niny pil 'Diz

ini2 —ni ||| zm2 ||

O || 1P,
Forb, pr FORBGE v, B n BUK) 2 UCRAE J5 B4k FE 2250 IO 3048, H RE AU B3 1K 43 BOPUZE 73 9 — 4, RVl 45 3]
K AARABNENAE, A SN — A R i i — i B S 7 A

NI, AR L ST B AR SRR B AR B 2 MRS AL R 1) K AL, B e AR 7 o o1 % BCRE XS L HY
TRERAE. FALS5 FIRLREAT BT ¥ N DM ECRERAEDHZ, I3 ZME S5 RN RAE. 285 K% R AL HRN SRS X 2% v
16 B AR IL FPARAT AN R B RE R R AR N2 B A

AR E NIRRT RN LN mp(a | 5,8,2,) , 3o 2, WIGRAE ISR 0, 4EE 09 N - dim (z) . X INZRATSS
KRS, B RN BORAS T K HBE, SRR N — R R, K58 k PR R I 4 52 B S0 [ Tl 2 A7
(replay buffer) B, H, 1l SR ENZEAE B, B

R TR, LLN = 2, EVSRRERI 40 2 BRI, M 2 B, 7 0050 B () 22) 2 0% Bl 1 45
HoRE 2, T (0050 BUBTE (r),72) 4> B REEE RS 2 S5 B 1, BRLHEAS o F22 1E 9 — SN LGB N B, , ¥ 72 A 1 f
R ALIIAEN B, , (T SR F 3008 43 S AT R L2 5T,

FHH RS FAE % o, () 0B 4 LT, PR30 M 2 M R 2 6, 49 LU0 I R A T LR 2 % BT 15
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THIFRAT K A B AT RAE 25 e, RO I 4% 7, SEAT 38 B I 5.

FERFEM B, B SR — AN GRESS 7, RIEHIIEBENL SRS mon(a | 5, @) TEFREEORAE, SR BEAK (112 3 L2
7, MU TINTE p, , 8 T A4S BT 55 B R S AT IR . o, B R LURFEAS B A RAEBIE 7, A R B, X SR
2%y BATARAL.

1% b ST B, FRATTHS B [ 11 2 R AT 190 24 A0 SRS D 4. 4688 [0 5 B (1] &, M L0 22 e X PP B B )
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3.3 MRESPRIREFRES

TEIXANH B, & Re AR B 14T 55 K BT BE AT ISR (AT %5 8 BN #E GCSSD H, 1E AT 55 1, AR
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Birain » T T RERILFITNGEAF B={B,,B,,..., B} ;

i BRERAEM S Sy « FISHE S 40 .

1. X EATSS, WY man(a | s, @) KAEAR BB BNPNIE 1, FIALFHENIE p, , i THE AR B K FERE, VI 2gain = 121, ... 2k)
DL AFAMT 5 2R 75 06 N BEBAT I
2.For e=0,..., E do

3. REHALSS T, R T HRT iy, .. Liy, F mo(al s,8,2) REFEPUE 1 EN Biin» FeH 2 = (21,200 20y) 5 d1seeosin €
{1,....,K}.

4. if v RINIE, W 7, 5328 (2], 72,7 S AAEAN B IB,, B, ... Bi ), i1s..iv (L, K}

5. M B IR, AN Q) WH £, HEH 7, .

6. if e%Freq=0 and Vkel,..., K, |B|=M

7. MBI K ANEATH I M 55 T EAE, AR () T £, HE e, .

8. I Zeain = {21,225+ i), Pz =2, k=1,..., K.

9. End

1E GCSSD 1, MR AN 2 fros.

&% 2. GCSSD Hik (k).

BN WHALFE DRSS Tew =T 5., T}, WHETBR I RERIEME S H y « KIS 40, Wik [BREAF
Bies =Bt -» Byt (B, % s Bwls
B MRS

1. For e=0,..., E do

2. KRS T, Hrals,g.2) Kttt .

30 f o RN, K 7, A (oY), BN By T (B B
4. if e% Freq=0 and Vnel,..., N8Bl >M

5. MAB, 1., B} TR EL M 5557 B, A 3) THEH B H e RAE 2, .
6. End
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%, YLK GCSSD MISHUAIE; fefa, 456 st g AN R B GCSSD [k .

41 LWFEH

FEAR S, FAE FH — > B ESI A 25 (AT 25 Wt 53R — A2 22 30 1F 25 (AT 45 00 A 42 ol P T £ 1)
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OC ik, 16N H AT HRE = S (3828 )7 i, IR, @il _EiRi% )55 GCSSD HEAT Eh i, REWS R R RE 2 ST L34,

® PPO & —FhIE T SR Bf 5 (i Ab 22 ) Bick 1)) Ao 45 A 1 SEMS 6 P IV A B Y] (clipping) FR, AT fig
BT Rk 3R G Jo P BT SR, B SR AR AR R

® RPPO i FH G HR 11 I 2 (RNIN) SR 7R S ok % 101, S8 1Kt 17 otk A RIS A5 B AE AN, {3175 S ok 4
R B 0 A B B A, R THT 19) 24T 25 IR 85 253 PPO R 100 i 9 .

© HFBIERAIEIFIDN  hipsswww. jos. org. en



MR AT ot J 65 R Bl a0 2089

o SAC f&—FEak. Fase HLAENE 2 >] S K00 SR fr) s A2 > i U0, o0 JBAR R 2 5] — AN IR K I 55, 1%
RIS FEPAT SNVERT R AT BE bR ZRAS 25 8], AT I R Ak 8 P [T 3.

o OC /& —Fh 2 L f) 3 TP 22 (B R B AL 2 S B0 U 78 OC vh, B B A m] LI BT — LR T3 5
G AP NSRS AN — AN E o8 SRR CE AT PRI, B RE AR T DUAE — B ) Py ST e rp e U R T
EFF, LAl — 1 B bx.

® ROC /&% OC J7¥A— Rk, 15 RPPO Fik—HF, (ff FIAE IR 4 22 4% (RNN) SR 275 SR s ok 4 1), Wi 50
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5 RPPO SLEEAE ISR ATIR IR 8 3k 47 7 % b, B 6 AN 3 AT LUE i, GCSSD-2 ZE AR IF 1 3w T3k
22770 FLIR, AT R WA 43 A U AT i 2 S AR AT 45 R R SE 7, FRATTHE VI R AR IR 58 A AN
Sy BT B4 GCSSD-1 (B N=1). ¥ H1 53 Be i 43 4 0 B 2 1 B RE 0 GCSSD-2 J#EAT 1 L. MK 6 ik 3
A LUE H, PR T ELE I ZRE 85 b i DUAH 24, T AE DR ER BT P, GCSSD-2 (25 R 2 & T GCSSD-1. f& )&, A1
TSR KINTT % OC HHAT T HLER, R /RFRA TSI, [FIFE ] 6 FI5E 3 hal LUE H, AT ITET OC
S SR RE A, FRATTR IAE FH RNIN 284 R SR X 28 2 KRBT S8 3801, b BR AT HeAth 72 5
] RNN R84 Ny 5w X 2 3047 T 5T EL

— GCSSD-2 %3 Wk R SR T %
0.8 F — PPO-LSTM N s v .
v Hik YRR )2 TR T 2
" oe b GCSSD-2 (N=2) 0.840 0.251
g GCSSD-1 (N=1) 0.834 0.204
% 0a | RPPO 0.778 0.180
E PPO 0.059 0.046
os | ROC 0.719 0.226
ocC 0.208 0.092
0 L
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Episodes (x200)

K6 Mk Zhih 2k

o (ESUR M . O TR 2 AR RS o 3D A5 B B RE S A E SR IR P th B — 5@ AR, FRATTRE AT
f177i%5 SAC. PPO. OC SLiEAE I ZRAI IR th b AT TS b, AP 7 M1 4 W DA i, AT 7 i L B 2 3
PRSI s e e, I HLAE U AN 32 28 58 i 1 2 fa L.

ot FA4 B ARG SRR

20 ik V4l T2 A
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2 40 SAC ~8.569 ~73.878
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é —60 oC -90.562 -97.434
S 80

=100

(‘) 5 1.0 1.5 2‘0 2.5 3‘0 3.5
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FERFE B, SBILTH 557 BOPUZR D (B AR UBE wil* R0y K A Beie, AT SHR ko p A ECRERAL KA L
Z wy, , I HZAR LB RAG XS B R, 2 ST BE RAE N E% . T I UE L BEAH LS wy , X SIS FR S, FAT TR F)

© PEBEERKCEIFR  htps/www. jos. org. cn



MR AT ot J 65 R Bl a0 2091

P wi e SAT 55 B HEAT BCRERI 73 9F LA ow, TH B REALLEE RS AT 55 B 1k AT RE AL B3 BE R 23 7 X RS HHE S 3R 85 vt
177 BB S g SRR I, FEREALE e R 2> N SEIRBORA RPPO J5 VA3, IR T AT T %, IMTSAE T AT %
AT 2. SR 4 R AR 6 .

FR5  BEEXE RN 6 HiRekl ot RERm
Bk VIERnES WA T 2 ik WG % TR R Th 2
GCSSD-2 (N=2) 0.840 0.251 FEARBURE 1 7 4 R 0.840 0.251
GCSSD-4 (N=4) 0.827 0.245 BEALER 4345 fE 0.795 0.179
GCSSD-1 (N=1) 0.834 0.204 RPPO 0.778 0.180
RPPO 0.778 0.180

5 B %

ARSCHRY T — T3 T F b 3T (0 BUREN L B R I 5% (GCSSD), £ H i 4 T 52 e K HESE () 34K
5 2 JTIAFAE R AL B P BT AR AL G B8 U AN B I R, R NS B 20, 093 4SO BEAT RN RAE 2 2T . IR R AE
RN ZE AL 2 ] HEm, 5 AT RS IR, FENAAE S5 b, GCSSD A EL28 22 4 O RERAE W 46, AT LABRIEE i 7 F
AAF 7B R & AR SS. AE LU I IE 1 TR RE R A k. AR LA G P 7 1, He— R AT RE AR UL e i
AT 3 21, e SR A S ORISR 14 S 6 6 IE P 2 A b
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