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Fig. 1 The schematic diagram of the PC-ESG algorithm
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. (-
Ei<p,t>=YL.(p,t)—H(p,t){A“ ”}, (72)
ai(t_l)

r(0)=r(=1)+ [l (1) || *=

r(=D+ [ (o) || >+l e,() 1>, r(0)=1,(73)

L(p,0)=[,(t) ,.(1=1) . (t=p+1) ], (74)
Yi(p’l):[yi(l),yi(t_l),""yi(t_P"'l)]T, (75>
. V,-(t)]
()= . i=1,2,-,m, (76)
@, (1)
@.(1)=[9"(1=1) 3" (t=2) 5" (t-n,) 1", (77)
P(1)=y(1)-D(1)0(1)-&"(1) e, (1), (78)
D (1)=[,(1),b,(1), ", ()], (79)
9(t)=01(t)+02(l;+m+0m<t), (80)
a(r)=[a (1) ,a,(r), &, (1)]. (81)
Mgk T D A R A Tk s 8

TR B 19 388 2 K F PC-S-MI-ESG &1 Ff& IF PC-
S-MI-ESG &1
T PC-S-MI-ESG & .

0.(0) | [8G-1) | Ii(p,0)

Liq(t)}_ L‘ui(t—l)]F 0 E(p,t), (82)

E(p,t)=Y(p,t)-T}(p, ){0((t 11))} (83)

r(D= A=)+ [ (1) |7+ [ @,(0) |7,
0<A<I, (84)

I(p,0)=[P.(t) (1=1) b (t=p+1) ], (85)

Y.(p,t)=[y,(t),y,(t=1) = y,(t=p+1) 1", (86)

V(t)]
l,b(t) i=1,2,--,m, (87)
o, (1)
@,(1)=[#"(1=1) 9" (1=2) ;3" (t=n,) ", (88)
P(1)=y(1)-D(1)0(1)-&"(1)e,(1), (89)
D ()=, (1), (1), (1)]", (90)
a(t):01(t)+02(t;+---+0m(t)’ (o1)
a(t)=1[a(r),a, (), &, ()] (92)
@ &IF PC-S-MI-ESG %41 .
b.(1)|_ |:0<l_1):|+ri(p’t)Ei(p,t),
a(t) | |aC=1)| (o)
%<s$1, (93)
Ei(p,t)=Yi(p,t)-Ff(p,t)[?(t_l)}, (94)
ai(t_1>
r(D=r(=D+ () |2+l @,(1) |7, (95)
L(p,0)=[d,(0) 3, (1=1) - b, (=p+1) ], (96)
Yi(pst>:I:yi(t>syi<t_1)"“’yi(t_p+1):|rrs (97>
. {dn(t)]
b(t)=| . . i=1,2,,m, (98)
@, (1)
@, (1)=[9"(1=1) 3" (¢=2) ;9" (t=n,) 1", (99)
P()=y(1)-D(1)0(1)-d" (1)@, (1), (100)
¢s(t)=[¢l(t> 9¢2(t>s“"¢m(t)]'l‘s (101>
9“):01(t)+02<z)+--~+0,,,,(t)’ (102)
a(t)=1[a(1),a, (), &, ()] (103)
2) %Ma\%%é.%%ﬁair” BEAILAS B B
BT 228 B RGN BB R4 14 T FE AL

BREESR (60) —(67) 1 TU\@@PK Trl G 28 B
I BE HLAS BE 88 3% ( Partially Coupled Multi-Innovation
Extended Stochastic Gradient algorithm , PC-MI-ESG %

%)

91(0 _ 9,”(t—1) F(]J t)
[&1“)}[&10—1)} “n( Bleen, (104
T é,,l(t—l)
E‘<p’l>:YI(P")‘Fl(p,t){A } (105)
@, (1-1)
ai(t) _ aifl(t) Fi(P,t)
[‘A’i(’f)}_{di(t—l) o B,
=23, m, (106)
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E Y rlv 9i*1(l> 107 é"(t)z [ﬁvr(t_1> "’)‘T(t_z) "“aﬁ'r(t_nd> II‘, (112)
. t)= . t)—1 . 13 A N Py Py
;(pa ) L(p’ ) L(p’ ) é{i(t—1> ’ ( ) V([): [Ul(t) ,Uz(t),"',l)m(i)JT, (113)
~ A _ _ AT y; _A'[' A
r(O)=r (=) + [ §.(0) [ 2,i=1,2,,m, (108)  P(D=y()=di()0.(1) -, (1) (1), (114)
- - - D (t)= 1), (1), (1)]". 115
Lp0)= [0 -1 o diGpr) ], (109)  PLO=LA0B(0) ., (1)) A1
Y (p.1)= [y(0) g (t=1) ooy (1pt D) ] (110) PC-MI-ESG Sk Ry T3 Bt 13k 3 FT/R. PC-MI-
s ¢’(t)’ L o ’ ESG H5(104) —(115) RS HAG T i @, (1)
b (1)= { ] (111)  6,(0) MATRINF.
@.(1)
%3 PC-MI-ESG EZxHitEE
Table 3 The computational efficiency of the PC-MI-ESG algorithm
HHERT PIRY € ik &
éi(t) _ éH(l) Ii(p.t) n+mn
l:di(l):|_ [di(t—l):|+ ) E.(p,t) e R"™d m(p+1) (n+mn,) mp(n+mn,)
E(p.)=Y.(p.) T (p.) [f’“‘“) } R’ mp () mp(tman,)
&, (1-1)
ri(e)=r,(t=1)+ | 1&.(;) |2 m(n+mn,) m(n+mn,)
J=¥48 m(2p+2) (n+mn,) m(2p+1) (n+mn,)
=3 flop M m(4p+3) (n+mn,)

O BYME: % 1=1,0,(0)=1,/p,,r,(0)=1,
C’&i(o): 1mnd/p0’ﬁ(_j): l/pO’j:()’lsn"ndsi: 1’2’
we,m,p,=10°.

@ HR(112) MM 7 5 B o ¢, (1), At
(115) @ (¢) i fE B i ¢, (¢) A (111)
(4 ().

@ H(108) 3 r.(¢) , FHR(109) F1(110) #
W (p,e)f Y, (p,t) (105 E (p,1).

@ FI3R(104) RFSEA 0,(0) 71 @, (1).

G KM i=2,3, -, m B, A (107) 8
E(p,t), =X (106) Fil# 2 KAl i+ 1 & 0, () A
a.(t).

® R (114) 35 6,(e) AR (113) M 5 (1)

@ ¢ 381, 5354,

MR AT DAt — 205 | A s - sl s £,
BB 3 B B 22 B T B AILBR
(PC-MI-ESG B3k ) M A& IEH /& 28 B ) bl
WU E B (PC-MI-ESG &.3%).

BT R 2 o0 Oh vk 1 3 F 34 2R S 1 B
W WA A LR I A SRR 2 on b2k B LA B0
- R GE IR R A BB R T k.

2 Zuf%EBRIABENEHRSE(D)
FIEZ LN A AT B P RS

2,
Hfry (o) :=[y,(0) ,3,(0) 9, (1) I" e R" W
I e, (1) e R™ 2 p i A B S 2500 )
B ENEME B, 0 e R" A RESE A &2, w (1) =
P0(0) e R Yy m AT v (1) <R
m YEFA MRS [ i e (2) A D (z2) HERNERE T '
Z2 I N 22 0 AR

c(z) = 1+clz_l+czz_2+--'+cncz_"" eR,

D(z) :=I,+Dz"'+D,z " +---+D, z " e R™".

B m,n,n, Mo, OH, HX1<OHBf,y(t)=0,
@ (1)=0,v(1)=0.FHRMN Hbr 2 TG IR
2 B PRI, U R G WI B {y (o),
D (1):0=1,2,3, | FINFFIE, MHTT R G
SR i 0, L) KRR SHL o, MISHEUERE D.,.
2.1 WMOBE(FRS) ] BT R E PR

"k

E LR O, BB o, {5 BAERE @ (¢) F
fFEIE @, (1) T .
3:=[0" ,cz,---,cn“]vr e R"™™,
«':=[D D, D J=[a &, - a,l] eR™",

D(1) =[P (1), w(t=1),w(t=2),,w(n)]=
[, (1) ,y(1) -+ b, (1) ] e R

y(1)=@(1)0+

(116)
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o, (1) =[v'(t=1) y"(1+-2) -+ v"(t-n,) " eR™,
FRAHI(116) i LIFRR N
y(1)=@(1) Ia'e, (1) +v(1). (117)
SHEINTFREFEM ‘RSN ¢, (1) 1=
(1)
La(t)
y ()= (1) I+a @, (1) +v,(1)=
& ()I+el(Da+v,(1)=

. . D4
CAORAON uwm:

} e R TR i ARG

o!(1) [j}wi(t) , i=1,2,--.m. (118)
1) TRG ST RS BRI
ZIRT RGBS Bk e, AT LS
FNFRGL) LI LS B2 5% (Subsystem Gener-
alized Extended Stochastic Gradient algorithm,S-GESG
AP SF

dw ] [de-n] dof o [da-1)
LM} {au—n}rm {W) ""’“{au—w]}’
(119)

(120)
(121)

9.(0)=1,, /p,, @(0)=1,, /p,,
r()=r,(=D+ [ g(0) |7, r(0)=1,
()= (1) ,0(1)]",
D(1)=[,(1),by(1) -}, (1)]"=

(D (1), W(1=1) ,~W(1-2) ,---,~W(t—n,) ],
@,(1)=[9"(t=1) ;5" (1=2) -+, 9" (t-n,) ",
()= 1[0](1),e,(1) ,e,(1) -2, ()",
w(e)=[w, (1) ,(t) -, (t)]",
w.()=y.(t)-[ D (1) i 1710.(¢) ,
P(0)=[0,(1) ,0,() ,-,0,(1)]", (127)
0.()=y,(1) =, (1) D.(1) -] (1) e, (1). (128)

2) WATHE A T RS L B AL RS B B
Bk

KT Y bR S-GESG & ik 8y T 4 Al it
B.(t) AT U HAEIME - 1) B LR iy
(1) MU A BHRAE & BRI 13 B4 4 HE & T
RGO BEMLES B (Partially Coupled Sub-
system Generalized Extended Stochastic Gradient algo-

rithm , PC-S-GESG .35 ) .

S| [ da-1) (1) EYPNE ()
Lv,-u)} Lw—l)}rm {y‘m 1/,,,@){%_1)}},

(122)
(123)
(124)
(125)
(126)

H0)=1,.,/p,, @&(0)=1, /p,, (129)
r()=r(=D)+ [ g(0) |7, r(0)=1, (130)
()= (1), 00 (1)]", (131)
D)= (1), (1), ,b,(1)]"=

[D(1),~W(1-1) ,~W(1-2) -+, ~W(t-n,) ], (132)
e.(0)=[3"(t=1) 5" (1=2) -, 9" (1-n,) ", (133)
D()=10/(1),2,(1) ,2,(1) 2, ()17, (134)
w()=y(t)-D(1)0(1), (135)
P(1)=y(t)-D()d1)-&" (1) e,(1), (136)
é(z)=0‘(t)+02<l;+m+0”(t), (137)
%)z8l<t>+az<t>+---+0m<t>’ (138)
@(t)=[a&(1),d,(1), &, (1) ]. (139)

3) WROTREG T ST BEALAR B HE R

FFFEHERME S, AT LIS B 6 SO
IRl ML AS B 332 ( Partially Coupled Generalized Ex-
tended Stochastic Gradient algorithm, PC-GESG %
%)

[&(z)]z {&n(t—n] (1) {y (w_wt{an(t-l)}}

&) | | aG-1) | n) & (1-1)
9,(0)=1,,, /p,, @(0)=1,, /p,, (140)
n()=r,(=D+ 1§, () %, r(0)=1,  (141)

dow ] [d.m g0 .o [d.0)
[év,m} [@(H)}’i(t) :y,.u) wf(l{w—l)“’

&(0)=1,, /p,, i=2,3,,m, (142)
r()=r o (O+ [ (o) 117, r(0)=1, (143)
F()=[d/ (1), 00 (1)]", i=1,2,,m,  (144)
D(1)=[,(1),by(1) -, b, (1)]"=

(D.(1),-w(t-1),-W(t-2),---,—W(¢t—n,) ], (145)
@, ()= [9"(t=1) 3" (1=2) - 9" (t=n,) 1", (146)
N)=8,(0)=[8(1) 2,,(1) 2,0(0) -2, ()], (147)
w()=y(1)-®(1)0,(1), (148)
P(1)=y(0)-D(1)d(1)-&" (1) e, (1), (149)
a(t)=1[a(1),a,(t), &, ()] (150)

Fds (1) ARG, 20 (141) F1(143) BN
r()=r.(t=D+ || () | *,r(0)=1,i=1,2,---,m. (151)
2 BMAWME(FES) SHET T HHEEE
PHRE X
1) WA T REZH B X AL E
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RPN 2) WG BT ST BERLRE B

FESUFREHERE L (p,e) RIS Y,(p,t)
MHEME E(p, ) T

L(p,t) =[.(1) P(1=1) -, (1-p+1) ] €

R(’l+"l"<‘+"l”(l) Xp
)

yi(t)
v = 7Y | ere
yi(t=p+1)
Y {9(1?—1)
y,'(t) ¢i<t>|:&i(l_1):l

INEYNE (50
E(p,i): y(1=1) = (1 1)|:&i(t_1)i1 cR’

Ii-1)
&i(t_l)

y.(t=p+1) = (1—p+1) [

WAl LIS BRI G T RGEZ BRSO RS
JE8. 3 (Partially Coupled Subsystem Multi-Innovation
Generalized Extended Stochastic Gradient algorithm,
PC-S-MI-GESG 5i2) :

d.(t) d3-1) | Ii(p,v)
Li(z)}{&i((ﬂ))} r.(t) Ep.0).

¥0)=1,,, /p,, @&(0)=1,, /p,, (152)
Ei<p,t>=Yi<p,r>—ﬂ‘<p,t>{z<(:11))}, (153)
r(O=r(=D+ [ ) I+ @) |7, r(0)=1, (154)
Lip,0)= [§.(0) r(e=1) - Grep+1) ], (155)
Y.(p,t)=[y,(t) ,y.(t=1) =y, (t=p+1) ]", (156)
P()=Lo!(1) @ (1)]", (157)
D(1)=[,(1),b,(1) -, b, (1)]"=

(D (1), W(t=1) ,~®(1=2) ,---,~W(t-n,) ], (158)
@, ()= [9"(t=1) 3" (+=2) - 9"(t-n,) 1", (159)
H)=[0"(1),e,(1) ,6,(1) e, ()]",  (160)
W()=y(t)-D(1)0(1), (161)
P(1)=y(0)-D(1)d1)-&" (1) e, (1), (162)
%):0l<t>+02<z>+---+0m<t>’ (163)
a(0)=[a,(1),a,(1),,&,(1)]. (164)

BT 28 B HHRIIE, ol UG R 5 2
BUET SCHE T BEALAS B 531 ( Partially Coupled Multi-

Innovation Generalized Extended Stochastic Gradient

algorithm , PC-MI-GESG #.3%) .
3 & (i I
[&(t)}[ﬂm(t 1)}+ l(p,t)El(p’t)’

&, (1) & (-1) | n()
3,.(0=1,,/p,, &0)=1,/p,,  (165)
. 3, (1-1)
El(p’t):Yl<p7t)_rl(p’t)':A :|’ (166)
a1<l_1)
d(o)| [ | Tilp,o)
= E.(p
[&iu)} Liu—])} ri(t) o)
&(0)=1,, /p,, i=2,3,,m, (167)
i :’i—l(t)
Ei(p’t):Yi<p5t>_l_'i(p7t>|:A :l; (168)
ai(t_l)
r(O)=r(=D+ (o) |+l e.(1) |2,
r(0)=1, i=1,2,-,m, (169)
L(p,0)=[d.(0) b .(1=1) -, (1=p+1) ], (170)
Yi(p’t):[yi(t)?yi(t_l)9'“7yi(t_p+1>:|T7 (171)
F(D)=[/(1),er()]", (172)
D(1)=[,(1),b,(1),+,b,(1)]"=
[D(1),~W(1-1) ,~W(1-2) -+, ~W(tn,) ], (173)
e.(0)=[3"(t=1) 5" (1=2) -, 9" (1=n,) ",  (174)
N)=9,()=[8,(1) 2,,(1) 2,0(1) -+, (D], (175)
w(t)=y(t)-®(1)8,(1), (176)
P(1)=y(1)-D()d1)-&" (1) e,(1), (177)
a&(0)=[a&(1),a,(1),,&,(1)]. (178)

3 &R RIEFEHFHRSE(2)

I8 2t A AW 3h X R 4

y()=D(1)0+C ' (2)d(2)v(1), (179)
Hrpy(t) eR", @ (1) e R™ 0 eR" f5E XA |,
w(t) :=C"'(2)d(z)v(t) e R" N m 4k TP M5 |a)
H,v (1) eR" Ny m HEFAMES i, C(2) Fl d(2) HH
MEBET 7 2 2w,

C(z) :=Im+C1z_1+C2z_2+---+Cn(‘z_"" e R™™,

d(z) =1+d,z" +dyz*+++-+d, " e R.

e m,n,n, Mn, EF1, H2 <0l ,y(1)=0,
D (1)=0,v(t)=0.FRMN B e 5 THS I E
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FZH B HER IS, R &R SR [y (¢)
D (1) :0=1,2,3, | S F AR, T R
SR 0, VL L R SRR €, B,
3.1 BAWE(FTRS) T XET BEVLEE IR

"

XSO, SEUE I a5 BAERE @ (1) F
R B ¢, () WF .
0:=[0v'v,d1,dz,---,d”d]vr e R"™,
a':=[C,C,.C J]=la,a,, - ,a, ]T e R
D(1):=[D(1),v(t=1),v(t=2),--,v(t-n,) ] =

[ (1) (1), b, (1) ]" e R,
@,(t) =[-Ww' (=1) ,-w'(t=2) ,--,-w'(1-n,) ] eR™,
FRAERL(179) AT LAFR N

y()=®(1)d+a'e (1) +v(1). (180)

SHINTREFERIMERRA ¢, (1) :=
{fﬁi(t)
e, (1)

yi()=; (1) O+aie (1) +v,(1)=

wf(t)[ﬂﬂi(z), i=1,2,-,m. (181)

1) TRGE SCHTFEHLES BN

It 2L, BE AT R Z T th &tk A [0 )3 3
ST-HI RS (180) (T RGE) LI T BEALES B 5 1%
(Subsystem Generalized Extended Stochastic Gradient
algorithm , S-GESG &%) .

{&m}{&u—n} !,[\’i(t){y(t)_&,,(t){&.(t—l)}}

} R WA G i AT RIS N

a(t) | |a@(e-1)] r() é(t-1)
9.(0)=1,,, /py, @(0)=1,, /p,, (182)

r(O)=r(=D)+ [ §.(0) |7, r(0)=1, (183)

(=1 (1) i (1)]", (184)

D(1)= [ (1), (1) ., (1)]"=
(D (t),9(t=1),9(t=2),--,9(t-n,) ], (185)

@,(1)= [ (1=1) ;=% (1=2) -, =" (1-n,) ]", (186)
(0)=[0/(1),d,(0) ,dy(1) -+, ()], (187)
w(t)=L[w,(1) ,i,(t) - ,0,(t)]", (188)
w(t)=y.()-[ @ (1) i 1710.(¢) , (189)
p(1)=[0,(1),0,(¢) ,-,0,()]", (190)

0.(0)=y,(1) =@ () (1)=& (1) g, (1). (191)
2) HAHEA T RG) UK TR HLES BE BN
ZR7S

£ L3R S-GESG S5k, AP EI(-1) 1%
9,(1-1) RERE R EIEAM RS F R G0 I BEHLES
B4 ( Partially Coupled Subsystem Generalized Ex-
tended Stochastic Gradient algorithm, PC-S-GESG &
%)

[""K”}: {"“‘”}W{yxt)—fb;-"u{ﬂ“_l)}} :

a(t) | |&@-1)| (1) &(1-1)

H0)=1,, /p,, @(0)=1,, /p,, (192)
r()=r(=D)+ [ g(0) |7, r(0)=1, (193)
b (=1 (1), o ()]", (194)
D)= (1) ,dy(1),,b,(1)]"=

(D (t),p(t=1),9(t=2),--,9(t-n,) ], (195)
@,(1)=[-W"(1=1) ,=#"(1=2) -+, -#"(¢-n,) 1", (196)
:’i(t):[a:'r(t)’gil(t)’;liz(t)9“.1gi£n,i<l)JT9 (197>
w()=y(1)-P()0(1), (198)
P(1)=y(1)-D(1)¥1)-&" (1) e,(1), (199)
9(1:):0‘(t)+02(t;+m+0”(t), (200)
19(}1‘):1?1(t)+1?2(z)+---+1?m(t)’ (201)
a(t)=[a,(1),d,(1), &, (1)]. (202)

3) WO T BE AL BE B

FHFE S PR S BB A BN Z oo th 2 ik
F A S R S8 (179) BT #E5) LA B
HUBS B 515 (Partially Coupled Generalized Extended
Stochastic Gradient algorithm , PC-GESG ﬁ{%) .

[&mH&m—n] (1) {y m_wt{izu-n}}

&) | | @G-1)| n@) & (1-1)
3,(0)=1,,, /p,, &(0)=1, /p,, (203)
r(O)=r,=D)+ g, (0) |, r(0)=1,  (204)

SOOI ROER O] NENEVNE N0
[fvxt)} L«i@_n}rm :y’m d”'(l{c‘ut—lj}’

&i(0)=1mn‘:/p0, 1=2,3,--,m, (205)
r()=r(O+ [ ) 17, r(0)=1, (206)
F(0)=[d/(1) 00 ()]", i=1,2,,m,  (207)
D(1)=[,(1),by(1) -, b, (1)]"=

(D (t),9(t=1),9(t=2),--,9(t-n,) ], (208)

@,()=[ ' (1=1) , %" (1-2) -+, =#"(1-n,) ]", (209)
H)=8,(0)=[8,(1),d, (1) ,dx(1) -+, (1) ]", (210)
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w()=y(1)-®(1)0,(1), (211)
P(1)=y(1)-D()d1)-a&"(1)e, (1), (212)
@(1)=[a&(1),d,(1), &, (1) ]. (213)

AT 4550 (203) F1(206) H r, (o) [ AYHE S, 5
HEPCh
r(=r,)+ | d@) |I°, r(0)=1, i=12m (214)
3.2 WOBE(FESR) SR XIGT FEHLEEE

Hix

1) WG TREZHET LI YL E
Ak

X T2 I th v A W 32 R S8 (179) X
PRI FERAERL (181) , FI I 2387 SR BE , B 15
FIFRME G T REZH R ) RIS Bk
( Partially Coupled Subsystem Multi-Innovation Gener-
alized Extended Stochastic Gradient algorithm, PC-S-
MI-GESG &%) .

{&-(t)}= {f?u—l) }Fi(p,t)E(p N
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ai(t_l)
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D(1)=[d,(1),by(1) -, (1)]"=

(D (t),p(t=1),9(t=2),---,9(t-n,) ], (221)
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P()=y(0)-P(1) (1) -a" (1), (1), (225)
3(t)=0l(t)+02(zri+~-~+ﬂm(t), (226)
a(r)=[a (1) ,a,(r), &, (1)]. (227)

2) WG ZR R )T BELS R R

HE—2B 0] LI BIER RS 20 ) T BEAL
T B 58090 (Partially Coupled Multi-Innovation General-
ized Extended Stochastic Gradient algorithm, PC-MI-
GESG Hi%) .
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El(p,t)=Yl(p,t)-Fl(p,t){A } (229)
al(t_l)
()| | 9.0 | Tp.t)
[C’ii(t)j|_|:di(t—l) MTORRARE
&(0)=1,, /p,, i=2,3,---,m, (230)
T &'—1('5)
Ei<p’t>:Yi(pst>_l-'i(p’t)|:A :l’ (231>
ai(t_1>
r()=r(=D+ [ () |+ | ¢,(1) 1|7,
r(0)=1, i=1,2,--,m, (232)
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Yi(p’t):[yi(t)?yi(t_l)9'“7yi(t_p+1>:|T7 (234)
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w(t)=y(t)-®(1)0,(1), (239)
P(1)=y(1)-D(1)d1)-&" () e,(1), (240)
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TIERGE(242) TR A
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y()=D(t)I+v(1). (244)
HERBI R @ () AL T R R S I 75 15
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(Multivariate Generalized Extended Stochastic Gradient
algorithm , M-GESG 5.7 ) .
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w()=y(t)-D()0(1), W(-i)=1,/p,,
i=0,1,-,n,, (249)

$()=y(t)~W(1)Nt) $(=i)=1/p,,i=0,1,--,n,.(250)
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system Generalized Extended Stochastic Gradient algo-
rithm,S-GESG &%) .

o] [0G-D] & .o [B0-1)
L‘vm]_ Lw—n} 0 {W) ‘”"“{au—l)”’

0.(0)=1,/p,, @&(0)=1,,... /o, (252)
r()=r(=D+ [l g(0) |2, r(0)=1, (253)
. o, (1)

G ()= . , (254)
@, (1)

@.()=[-®"(1=1),-w"(1=2) =+, -®"(1-n,)

ﬁT(z—l),ﬁT(z—z),~~-,ﬁT(t—nd)]T, (255)
D (1)=[b,(1),d,(1), ., (1)]", (256)
w(e)=[w,(1) ,by(0) -+ ,,(1)]", (257)
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1) B T RS L) BELE B B R
REN

HRAGHE A HERRES, 4918 8C-1) R 8,1
1), Al AR R0 A 1 R GE ) T LR 57
£ (Partially Coupled Subsystem Generalized Extended
Stochastic Gradient algorithm , PC-S-GESG #.3%) .
. () o
Q(t)za(t—l)%[%(t)—d’i(t)0(t—1)—¢n(t)6%(t—1)],

0(0)=1,/p,, (263)

- o
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&i< 0) = 1nm,6+mn,d/p0 ’ ( 264)
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r()=r(=D)+ [ d(0) |7, r(0)=1, (265)

. é.(1)
F(0)=|. : (266)
@, (1)
@, (1)=[-"(1=1),-%"(1-2) -+, -#"(1-n,)
ﬁT(t—l),ﬁT(t—Z),---,ﬁT(t—nd)]T, (267)
D (1)=[,(1),d,(1), ., (1)]", (268)
w()=y(1)-D(1)0(1), (269)

P(1)=y(1)-D(1)0(1)-&"(1)e,(1),
by DO+, (0

m

(270)

(271)

a(r)=[a&/(1),a,(1),,a,(1)].
2) WA xt-*r“ BEHLAS E HHR A
FIFHAS G HHRME S, 2L T PC-S-GESG H.1%, §
i1 ?U%/\*%Aﬁxi‘rpﬁmﬁ%rﬁ%(Pdrtlally

Coupled Generalized Extended Stochastic Gradient al-
gorithm , PC-GESG .3%) .

0| [0,G-D] () ) (1-1)
{&l(t)}_{&l(t—l)} 1(t>:y1< ) W”LI(HJ:’

ém(()): ln/pO dl<0): lmnc+mnd/p0? (273>

NOIRENOERAG (1)
{@(t)}{c‘vi(t—l)} ('f){ SRt { i(t—l)]}’

(272)
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w(t)=y(1)-®(1)8,(1), (279)
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IR T r (o) RS R SR
i1tk 0(e) =0 () Fa(r).

4.3 WMABE(FRSE) EHAT LT BEIHE
PRE %
1) #RHEG T RGELH BT LT HEHLR
RPN
XFFZIethZ vt A ol 9 1 8l F 1 2R 48 (242) X
I AR (243) , 2 HER o0  1 BE LR 5 50k

(71)—(81) , ATLIRRIFR S T RE LB BT X
a7 BE ML BR BE F 9% ( Partially Coupled Subsystem

Multi-Innovation Generalized Extended Stochastic Gra-

dient algorithm, PC-S-MI-GESG ﬁ{f) :
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0(0)=1,/p,, @&(0)=1,,,. /p,, (282)
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r()=r(t=D+[1 ) I+ ) |7, r(0)=1, (284)
L(p,)=[,(t) P,(1=1) . (1-p+1) ], (285)
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F(0)=|. : (287)
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v (t-1) 9" (1=2) -, 9" (1-n,) 1", (288)
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T B 3803 (Partially Coupled Multi-Innovation General-
ized Extended Stochastic Gradient algorithm, PC-MI-
GESG 5i%)

0.()| [6,-1)| I'(p,1)
= + E
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Y.(p,t)=[y,(t),y.(t=1),-,y.(t=p+1) 1", (300)
. #.(1)
P(1)=| . : (301)
o, (1)
@,(1)=[—®"(1=1) ,=W"(1=2) -+, ~W"(1=n,) ,
P (=1),9"(t=2) -+, 9" (1-n,) 1", (302)
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Partially coupled multi-innovation stochastic
gradient type identification methods for multivariate
pseudo-linear regressive systems

DING Feng'?*’ WANG Feifei' WANG Xuehai'
1 School of Internet of Things Engineering, Jiangnan University, Wuxi 214122

2 Control Science and Engineering Research Center, Jiangnan University, Wuxi 214122

3 Key Laboratory of Advanced Process Control for Light Industry( Ministry of Education) ,Jiangnan University, Wuxi 214122

Abstract For multivariate pseudo-linear regressive moving average systems,a multivariate extended stochastic gra-
dient( ESG) algorithm is discussed.In order to reduce the computational cost of the identification algorithm,we de-
compose a multivariate system into several subsystems, and derive a partially coupled ( subsystem) ESG algorithm
and a partially coupled ( subsystem) multi-innovation ESG algorithm according to the coupling identification concept
and the multi-innovation identification theory. Furthermore , we extend these methods to multivariate pseudo-linear
autoregressive moving average systems and present a partially coupled ( subsystem) generalized extended stochastic
gradient ( GESG ) algorithm and a partially coupled ( subsystem ) multi-innovation GESG algorithm. The
computational efficiencies of the multivariate ESG algorithm, the partially coupled ESG algorithm and the partially
coupled multi-innovation ESG algorithm are analyzed.

Key words parameter estimation ;recursive identification ; gradient search ;least squares ;auxiliary model identifica-
tion idea ; multi-innovation identification theory ; hierarchical identification principle ; coupling identification concept;

multivariate system



