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Reinforcement learning for event-triggered multi-agent systems

ZHANG Wenxu, MA Lei, WANG Xiaodong
(School of Electrical Engineering,Southwest Jiaotong University, Chengdu 610031, China)

Abstract : Focusing on the existing multi-agent reinforcement learning problems such as huge consumption of com-
munication and calculation, a novel event-triggered multi-agent reinforcement learning algorithm was presented. The
algorithm focused on an event-triggered idea at the strategic level of multi-agent learning. In particular, during the
interactive process between agents and the learning environment, the communication and learning were triggered
through the change rate of observation.Using an appropriate event-triggered design, the discontinuous threshold was
employed, and thus real-time or periodical communication and learning can be avoided, and the number of commu-
nications and calculations were reduced within the same time. Moreover, the consumption of computing resource
and the convergence of the proposed algorithm were analyzed and proven. Finally, the simulation results show that
the number of communications and traversals were reduced in learning, thus saving the computing and communica-
tion resources.

Keywords : event-triggered ; multi-agent; reinforcement learning; decentralized Markov decision processes ; conver-

gence

'/,

UTARR  ZE T RIS W I AR 2R BB SE ACRT UAR B e 52 22 (] i 14 S AR 2, s 2l £
AR Z Y fER RS A e BRI R SCER[ 4] B IRTE 2R R R L B
YErbiz FI RS i SRms , I B0t 7 2 T 2RI sh

WS E#E.2016-04-05. W4 AR H #:2017-03-01. MLHI RS R dil s . BlS, SCRR[S-7 BT
BETUE : B5CHSPHAAE 77 AT H (61304166) HOR s E R AT R AR R G, VAR SR

EIS1EE 3 . Email : wenxu_zhang@ 163.com.



513

RSN, 55 - BE T SR AR 3 14 28 R AR AL 24 T D5 - 83 -

LRGN, B, BTSSR S a5 &
IFIXIAS S0 I 32 B AR e X 228 e AR A F il
ar It b B A e B G A 2 ) R SR I
TEBA W 28 etk A2 S Sk | T3 e A %
AR B PR B S PR R A B, o2 > i f
W AEERAN A 1) B RE AR]85 B A2 B 5
R BEAF A 985 2) 7627 2 Wil A Ak A #
THAE T RERIFRE IR, DL R AR s D g ik
B TAERT ], s34 i it B & etk AR SCIX T
e 2R et S Sk M T f IR S e 2
REAARS ) SR I I, 1 S\ A i & R 5 ik
PHAJ7 T A S fih 2 PR, SR J5 TE 5345 X JR AT AR
R T3 TR i 2 B R v Ak 2 S
25, B S A A RS A T T IRIE,
1 [H ALk
1.1 SHXGRATRKEER

& — 1A 2 IR AT R AR Y (decentralized
markov decision processes, DEC-MDPs) , & H —/ 1.
TCH (T, SY, (A PR MR, Horp 1 SRR A IR
IR REREE G [ ST RN — AR REREES;
[A L RoRBRRIR | FERIUBIERSES ;P R R
GEEERS s R 2on IR %, DEC-MDPs 5 2 Gk
PR TR AT FAEAY (multi agent-MDPs, M-MDPs) f)
ME— X BI7E T, 76 M-MDPs H 2 58 1) 4 & 5 2 Bt e
HEReRSE 23845, i fE DEC-MDPs 1, & — %
REMAUEA R AU | 5 302 4/ 5 B i — 4
THE A B TR — AR I AR I | 3% 28 J&y 7
BRE A W — N2 RER, 22l E g
LT ,DEC-MDPs 1] L1 #§ fai fb. > M-MDPs #2781 3K
fit DEC-MDPs 1y H ({2 3| — ARG oem 7= (7,
my ey, K RAL R 5K %L R, K% DEC-MDPs
R R A A 2 B ol NEXPH'O) i B8 B0 [ S50 R 0K 2
Wit A0 B0 T 2 EBUHE HIOE K
1.2 Q-%3]

SCHR[ 1T 42 T — S ik 5 | A B2 % 4E i (]
e, >R TE5¢ 25 BORY MDPs 2K [a) BB 5 9% FR A
Q-2 (Q-learning ) , Q-2¢ > J&— PR AU TG 5% 1 5%
A2 20 D5 1% 3 X AR A = B A X (4 (B oR ERHE AT A
T, ORGSR, Q-2 B AL T .
Q" (s,a)= R(s,a) +vy 2 ‘(,ESP(s,a,s')maxQ* (s",a")
K07 (s,0) BB BEMTERE s TRAZNE o
FrAF R ST FE My AP TP (s,a,s")
FERMERE SRAL SR UL SR R BRI AERAS s M
Q EERIRNE , Q-2 2 FEAE M e K I R, 8 g
P B IR 0 T R B R U R, SRR T =K
115 Q-2 ) F5E 25 I A 1Y Al BB I, AT e 22 1H
FER BRI,

2 AL 3%

FESEROR S AR b R B AR BRI TR A5 21 1Y
NI 52 25 hy B2 PE R bR, B R — A ik
14 [ L 1 ik 2, 8 B AR S B RS IR T
TR, 17T S fish 2 178 SRR F X fish 2 iR T T
2.1 BEHmEIEIT
DEC-MDPs #AIH | & — /™2 BE 1A 38 3 4 37 79
SR BRI FA5E B LSR5 T 3G 2 4B, BT AR — N
AR Jeme 2 H il R it fERTZ e, R — 1 e
PRI 25 SR I, HAR G E — Z2) LI 5 54 iy 00 30 g 72
B3 T — R A il i AR B RE AR A fil % T ok
FIWHE ST ET 1% A FROMINE S, BReR i M -
1 B 20031 ¢ B 220 A LI AR A SR 2 Sk
e(t)=lo(t) =0, (t=1)[/o,(t = 1) (1)
K 0,(0) BIE ¢ BFZIBIMAE, E L O<e<1 A H
H Al A pRER A, S AR LA B AR fE R
e,() KT e BFEATHAE . BLBT, AN —E BT AT 18 he
TRER IR Bl , & A SR 5 BRI {5 2 )4 BB AR AN 2
Wefd B, 78 A S 1R B e R O TR B — )
WA AT, e /D e AR Bl 5 TH AL
22 BEAEHMEIEIT
BB il & i 0 52 2 B e R BB, 5 I8 &
— AR I ) AR A B R ERT 2 ¢ R e AR A
PAARAS MR IER A 0 ()= (0,(1),0,(t) -,
0,(t)) o VLB, BB BN ¢—1 B 20 3 ¢ B 20 /4
BB I AR {0 S
E(t) = (e (1) ,e,(t) e, (1)) (2)
Aie(1)=lo,(1)~0,(1=1) |/o,(t=1),
R T 220158 A B 20 1) i 22 m AL R, & Bk

SUMBLAIEY F(1) = Y (1) /n, TN

D(t)=21(ei(t) - F(t))> - p (3)
Krfp=1/n R e () o MHEE, %
H(t) = [D(t) = F(1) |/F (1) (4)
FE L 0<G<1 R AT NS S f & pRECI(E, 24
H() KT G AN REIRHAI AR E Sk AR
AR TR Q AR T DT, R — R AR
W, 75 DU BEAA BT 2E L — 2 B AR
H 1 i & FNER A Sk A 1Y X B E T
1) F =R fih & B 0T 52 02 B 5 e A, X i i =
1 R REAAR A 5 A I AR Ak B ek % il & AT
ST GRS, A SRR B B T
DB AR TR URTHFE ; 0 6 A S5 ik A R X B R e AR
A BA A L AR A6 3R il & J5 AT sl 2 TS
WM, H e T T IR IEFE
2) MEAANEREAR 1 LI & A AR AR R — 2
SR BRI A I A AR e AR e ks, B4R
B AR R AR AR, BROAR R — AN RE AR B UL R &



-84 - OB AR

VN S 14 128

A 1AL (XIS WL I, BT A R REARAE P I
Z B AARNS T A, i L] 52 3R 5 5K mT g
JEH] AR, LA R RE AR AT BAAS 5 ZE Bl Az
FEAnTE LA AR BR IR, o= 1 I 2200 & 14T BA Y
A Rms o Blds A A Al BRAT 3 HOHAB B A #0247
g, B BZUG  HLER A A FIHABBL AR B (XY
Jrflas N sl 00 R ES ) #0 % 2E T R AR AL, Blds
A BAFE S i) 6l AR 2R AT 2 R WL A5 RUR , R 3
WL A7 S HEAT W, A B 220 X7 AL e A F AR X
(AR EDG B B 5 TNt P A R (1B I T N g
R SR AR LAS AN A iR ELHAB BA A B
fr, 5 =1 I ZIAHEE SRS AR TR . BT L A AT A
¢ I 220 Do SR B IR SR, T DL R L —
ZI RS, B 1 S A R

I

WL S HTRES

T AR
e [l

Bl EHmMEniEE
Fig.1 The flow chart of event-triggered

3 ETE#HEsnEfis

AN T T FRIR ) 5E fb 2 > Bk, L
KA IR S T 5 IR IE FEHEAT T 434, [ B X
LIS EETT T IR IE,

3.1 ETFTEHEELZESIFIT

TESE 4 A5 15 0 K, DEC-MDPs # faj 1k M-
MDPs 5 AY | ffr DL B 42 7% T8O T F - IR B i 2 3 e
PRI /R AT RAE A (event-triggered M-MDPs ) |, H: il —
AINICHCLL S AL PR o) FIRL, i e o
4 fioh 2 pR S, > 1A A fik e pRESCOR T BI L E, 1A BA
fil % I PATER G AT IR MG | Rl K A AR FE RS et
BRECH P= {5, |s,,a,el . HET IR 150 Ak
i EAR TEM AR E T i 2 Fos, B Rk
T LB AR i i R BSOR 4 W =B A A K
R fih e A AT — D BRE AT B IR R
.

k13478

WA Il 4

A LN

B2 ETHEHEINRBLFEIER

Fig.2 The frame of reinforcement learning with event-triggered

SR 2T 0 H R AR 3] — A SR AT AR i
KNGS . WERTEFT A RS T, Kig =
FHRAEARR T o055 TRmE 7' 09, IR AP 2 R et ok
W&, ERAUREE FTREA 24>, R HARVE AL RN i
" ML AW Xt g RS BB B VEX (5, 0) 1
A AR R P S R AR e Q7

FETFFAFIBN Q-F 2 Tk B U TS Q-2
2 BPEAN FAG VISR IR AL — ] ik
FITER Q W%, XAHTET, &M Q-2 b F ik
IRAE R — B 2R T 2 X Q (AT AT, i 5k
TR BB Q-2 21, AUAE R RE VR fih & 19 1%
T, Q A ARG, M, E L Q RECHTE
R s, g &I PITE A IE o, , Tk R

Q,.,(s,,a,e)=r - maxat{QH,(st,gt,e) | a, € A}
(5)

XTARE— DR AT — RS ERE s 1Y
BG4 RSEZ AT R .

Q" = Elr,, +y0,.,(s,,a,e) |'s, = s,a, = a,e = el =
Y PL(RE +ymax;Q"(s',d,e))  (6)

K(6) MIUREANA, BFRR T HHARE R
JARREZ B R, B 3 For TimfbEI Q
HIECHIRESHBMEWCR, K 3(a)h, B—1
T MFR— R E KA S ER, B — D20
FIOR—RES B AR N — RS B A S EXT
R MRKFBNE T — RS, 7EE 3 (b) i, B RE A A
BATE s, RS T 13 B e LKW (s, , @), BRI BAFE
T RSB B WA TR 7% | B
WELE b 2 SRR s,y ,a) o

(a) fBGEHY Q-2

(s,d)
/ ~
() (\ S

‘\/

(b) BT EIRE Y Q-]
B3 marXoE
Fig.3 The backtracking of two methods

e

(8,,158)

(8,54



513

RSN, 55 - BE T SR AR 3 14 28 R AR AL 24 T D5 -85 -

FRE DR 2354, Q BB BT 8B — A AL Q
{8, TEAE GRS AL S B — A2 2 DR BRI
B A Ry BN KW Q i, Hak kA
AQ(s,,a,) =r, +ymax;,0,(s,,a,) = Q(s,,a,)
(7)
Q.(s,,a,)=0,(s,,a,) +aAQ,(s,,a,) =
Q,(s,pa,) +alr, +ymax;,Q,(s,.1,a,) = Qs,,a,)) =
(1 -a)Q,(s,,a,) +al(r, +ymax,;_,0Q,(s,,,a,))
(8)
S IR 2 L DU A ] 4 BRSO i fink
TEOUT B EE ] E—4> Q AN MHTn Q f&,
FERET IR Q-2 2], Q (HEACS AT AR
|
Q.(s,,a,,e) = (1 =a)Q,,(s,,a,,e) +
ar, +ymaxy,Q(s0dne)) (9
AP k2o Ui 2 i 20 S R 20 B 251
3.2 HEREREHER
Q-2 TR BRI TH AR, B IR A A
T BT T A R AT IR . NSRRI A 2R RIAR
VR A X6 1 25 i AR AT A 1) R A 55 0000, oA g —
YOI, MR8 A [] o W8 00 8 2 e 7% 2R [R] A R —
TURES Bl s, s, 1(51a) } o FEAG— R T
REAA P BN L3 a3 7 Q (E3R, A 4845 B — A IR fi
Femg, Q HRMELIR A Lookup FAE K KR Q pR
B, & Q(s,a) N—~ Lookup &#%,s e S Hl aed
NARES  RIGKNET SxA R IRF Py
TCR AL 2B B AEAE @ DR REIR, B —
MREBIRE m A EE, B —BZ1H 0 DM RE,Q H
RKIYR/NR o' xm', TEH ¢ B, B e RS T
(n'xm') xt W Q 18, MZ 55 I MR R L,
DL B — AR BRAR 1 S AR FUIR S B A BRI, A 3R
2 b R SRR
XF T2 T R 3l () D SR, 70 Re AR A 1 3K
SRHZE T T — ZDIR M B4 5 T Y DR |
S =5, REFBAME R
PE;M = Pr{s,,, =s, ‘E,H = gl} =1
REFEFAMERE Pr=1 WA, AR th A
BB B AR R AN AR OB AR, T ek 2D T — SR PR
e R AR AR (R3S A BT AR A , A BE At T
TN Y HIRE A B Q (AT T, Bk fr
o AR ¢ P HAETE B IRABEIR SN IR A7 « 202>
it FE 3 T Q ERTIRECH (n'xm') x (1—k) IR,
3.3 BRI S
BB SR VAL ) RO SRS R4, AR 2 PATI
— AR B PR BT I . 7R 1 3K B s Ak 2 >
o B RBIR HAA I B AR BT A R E &

23 (A IFHEA T AR VEART , 75 D) B 42 fdi 1T b — Ik 20 %) 3R
W ARIAE ¢ B2 R BRI I A B = 4 Pk &, I 4
BREMAE ¢ NZIAZS 5 (9) Bk, BRI -1
I 2RSS B Q (H ., I, 75 31K 3] 55 L 5 s 1) o) i
H Q E YIRS 8 B — I 2R 5, by
FF il & B AR
m, Q" —m = Q" —m, > Q7 > — Q7 — e’
(10)
7, Q" o m Q" —m, QR T, Q7 T
(11)
WA 4(a) F=0(10) Bz, Q EAHIIRBDECE
Al Q7 By A R — AN S R Q (B T
TEAR, DN e=1 A1 3 ¢ 5 220528 e e AL 5 an &1 4(b)
A1) FoR, ER BRI AP RS B L T, Q 1E
AHATIEAC, TE -1 2 B H] ¢ 2089 Q 18, Uk
DT QERYEATH,

(b) ST A IR 1 Q-2 ) HEms At
E4 mHATRKIER
Fig.4 Policy iteration of two methods
L1 ETHMAWNN Q- BIE AL
M) B g WA et
SIE 1 I, A X - MMEERE
& B B X A A RS, BB,
T:BX)—>BX), v" N TH—AMEEM, 2 7=
(T, Ty, ) NKH F,(0") WAME, 7 78 0" 58T
T AR Fy B P — AR, & VyeF,(v"),5E
MV, =T,(V,,V,) . WRAFLERHLRE O<F, (x) <
1 FOS<G,(x) <1 DIRER 1 2 LLT &4, B 478
BQ) H v, AR 1 B3 v .
DXETAER U, MU, e Fy STITAER x eX,
[ T,(U, 0 ) (x) = T(U, V) (2) | <
G(x) | U\ (x) = Uy(x) | (12)



- 86 - O R 4 ¥ W 124
DM UM Ve F, XA xeX, ANRETEI 90% 17 55 1, IA R LR AT 45 R g, Hvp
(T(U, v ) (x) = T(U,V)(x)|< X 2EEHy 0.6, FrHIHF R 0.2,
F(o)(lo” =V +A) (13) 10
A2 o] A, ML 1 083 0, 9
)M B k>0, 24 t—oofif, T17, G, (x) Yk 8
# 0, 7 II
4) Y ool FEIE 0<y<] WA xeX A 6
F(x) svy(1-6/(x)) (14) 3
SERE 6P UK S BR f2E T , A T = : ||
(TO’Tl"",Tk’TkH:Tk T,,)?ﬂﬂ/l\?jﬂ"ﬁf?ﬁﬂ,%% 3
N REARPATAT B R MY BRIR A B — R i e 2
S (oo T T o) 36080 R R E AT SRR R R
SEBL R BRI T, MTEh&E T4 T, M7 X
2y, [, A R 5 SERAELEaE
frin = k+1(fz+1 S =T, (ﬁ J) (15) Fig.5 The coverage problem of multi-agent
LV, Uy, Vo e B(X), U, =T,(U,, V), V., =T,(V, Bl 6 i 7 H IR 8 515 50 Q-2% 2T 4155 i)
v7),8,(x)= | U(x)=V,(x) |, HIGUEG A A DIE IR R R — B HER T QA
8,,(x) = [ U, (%) =V, (x)[= AR D, 145 F IR 3l Q-2 > A i S5k

[ T,(U,,v") (x) = T,(V,,V,) (x)|<
| T,(U,,v") (x) = T,(V,,v") (x) [+
[T,(V,,0") (x) = T,(V,,V) (%) | <
G(x) [ U(x) =V(x) [+ F(x)(llo” =V, || +A,) =
G(x)8,(x) +F(x)(|lo" =V, || +1,) <
G(x)3,(x) +F(x)([[o” =V [ + [1U, =V, | +A,) =
G(x)8,(x) + F(x) v =V, | +A, (16)
TENH A5 1) 1 2) BT, iﬁkﬁ?$ﬁt
W shtE)F 5 T A M s T, =T, , (845
SR 25 G 07 25, BT AR 2 R ) Q-2 > A i
B, JERE

4 GRERRDN

ZE— N2 e TR, 2 S R R AL
HELE—AK/NA 10x10 B’ﬁ%%ﬁﬁﬂiﬂ g s fr
o B—MERAREE LN AL 4 A58, B
S A B 5 R — P 3L 8 A% T, WL 3 A% 140
R B L RN BRAG T 3 A RES, 43 % R
#30.,-5 F1-10 B9 B R AR, T A9 i A 2 e A1
AR H AR — A Be R mT DA T #E 2 GE
ERXA s B — RIS 19— R
W eI T BB A, TR R R
PR IE— R A LI, {H 2 pE S At ) 4
Jey RN 5 AR R B T 55 o, T LA S B iR B — BT?IJ
MR RERIEAR T, T AR (5 B EATm &

— A~ SR X

BB A BN AT 55 R PR 52 B A A -, B
FE RO T AL B 55, 2 o A% Tl At 90% LA
b A R 35T 55 T, S BERALE 1000 245

ol x10°
0.10.2 03 0.4 0.5 0.6 0.7 0.8 0.9 1.0
SRR

Eo6 HHEIHMEES Q-FIMINE
Fig.6. The success rate of event-triggered Q and classical Q

&7 BEHH TR i & pR S A WSO 1 5C
T LU H G i A pREICEE IBOBR /) | Sk I S
18, PRIOMIBRG fik & bR BSOBR /IS, =B 478 ik 2 1) UCEIURE 8
b, IS Q A AR B W SGH e
101 filik K%G=0.1
I L T I—

06t

. %V |
0.4 m filh & B G=0.4
m;f

JBL g B

< i 4z R G=0.3

x103

0102 03040506 0.7 0809 1.0
EE )

B 7 BXEME RS WSEE

Fig.7 The joint event-triggered function and conver-

gence speed

FE2E 2] AR e A A BATE — A 5 B T
O HBE K (3¥x4)2 =223k, i 1 AT LUEH, B
2 AR, A IR SR R Q (BB s
DUE, 4k v 0 AR UR O M AR S Q-
2 S A AE A S R A 34



51 RSN, 55 - BE T SR AR 3 14 28 R AR AL 24 T D5 - 87 -
F1 EHRIMES Q-FiBHRE [5]ZOU Lei, WANG Zidong, GAO Huijun, et al. Event-trig-
Table 1 The number of traverse of event-triggered and gered state estimation for complex networks with mixed time
classical Q delays via sampled data information: the continuous-time
; N _ N . o case[ J]. IEEE transactions on cybernetics, 2015, 45(12) ;
BRC Q- RIS Q- b B D R 2904-2315
50 ~2°x50 ~2"7x42 ~2% [6]SAHOO A, XU Hao, JAGANNATHAN S. Adaptive neural
100 ~223%100 ~223%79 ~%0 network-based event-triggered control of single-input single-
200 =~2%*x200 ~2%3%153 ~239 output nonlinear discrete-time systems [ J]. IEEE transac-
300 =~2%*x300 ~27Ix221 ~2%¢ tions on neural networks and learning systems, 2016, 27
500 =2%°x500  ~2"’x386 ~2%2 (1): 151-164.

2 WE TAE— O AT 55 AR S
gt Q-2 I B F UK, AT LA, S A sl i b
TR BB E E X, RS R, AT LR
HE A i i IR K B X

*2 EHREHSER Q-FIERERY
Table 2 The number of communication of event-triggered
and classical Q

B Q-2 HWh Q- W BEAR R
50 50 45 5
100 100 89 11
200 200 172 28
300 300 258 42
500 500 410 90
5 SFRE

ARSI T — BTSRRI s B 258 RE IR iR 1L
) Bk M T 28 R A 27~ SR = B SR K
ZHHTE, B REMAAE 5B BTS2 B Al LRSS WL
RS AR i A AN~ 2T S AR, R R T P SR
PGSl AT LR AR K0 £ R, 1 238 15 B AL
(IR, B REAAAN TG 24— I 20 AT it R kA, T
WA HEEIR , Ba R RE ST TR,
D HAS R R AR ] DU~ ) i e gl b —
P18 380 1 O RSCRIT SR i 3 L T 0 g £ M5
URIFAE, BE—2 TAR E2EE T HA 5T R 0K
SRR TA RIS > kb JF 4 & F
PRSBSOS A fi A PR

SEH .

[1]ZHU Wei, JIANG ZhongPing, FENG Gang. Event—based
consensus of multi-agent systems with general linear models
[J]. Automatica, 2014, 50(2) . 552-558.

[2] FAN Yuan, FENG Gang, WANG Yong, et al. Distributed
event-triggered control of multi-agent systems with combina-
tional measurements| J]. Automatica, 2013, 49(2) . 671-675.

[3] WANG Xiaofeng, LEMMON M D. Event-triggering in

distributed networked control systems[]J]. IEEE transactions
on automatic control, 2011, 56(3): 586—601.

[ 4] TABUADA P. Event-triggered real-time scheduling of

stabilizing control tasks[ J]. TEEE transactions on automatic

control, 2007, 52(9) : 1680~-1685.

[7] HU Wenfeng, LIU Lu, FENG Gang. Consensus of linear
multi-agent systems by distributed event-triggered strategy
[J]. IEEE transactions on cybernetics, 2016, 46 (1)
148-157.

[ 8]ZHONG Xiangnan, NI Zhen, HE Haibo, et al. Event-trig-
gered reinforcement learning approach for unknown nonlinear
continuous-time system [ C ]//Proceedings of 2014 Interna-
tional Joint Conference on Neural Networks. Beijing, China,
2014 3677-3684.

[9]XU Hao, JAGANNATHAN S. Near optimal event-triggered
control of nonlinear continuous-time systems using input and
output data[ C]//Proceedings of the 11th World Congress
on Intelligent Control and Automation. Shenyang, China,
2014 1799-1804.

[ 10] BERNSTEIN D S, GIVAN R, IMMERMAN N, et al. The
complexity of decentralized control of Markov decision
processes[ J ]. Mathematics of operations research, 2002,
27(4) . 819-840.

[117WATKINS C J C H, DAYAN P. Q-learning[ J]. Machine
learning, 1992, 8(3/4) . 279-292.

[ 12] SZEPESVARI C, LITTMAN M L. A unified analysis of
value-function-based  reinforcement-learning  algorithms
[J]. Neural computation, 1999, 11(8) : 2017-2060.

EZE R
SKICH, 55,1985 4R A, 1 L B 5T

A, BEEBETTT 1A N Z R RER RS AL

), KRR 4G, K EL

Oy

& B 1972 44 ik A, &
BEAIFGE T ) A i B K HAEHL AR
BT RE IR R LT < 0 R 4 R R B A
FHEE NS E 14 W1, K RIS 40 4
L, HA R ETARR 37 5.

EMEZR, B, 1992 £ 4 W+ BF 5%
A BB T MR 2R ST, IR
FRARGF] 310, LRI 45,




