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flx) =2 +26" +3x +4 =
x*xx+2Xx-x+3xx+4
T2 S YORELIB S 3 Ymikis 5, R ik X
BN
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PR /)N flop B35 07 2, AT $ g HE R0
R R IRCE.
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n
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Ba,, PBa, - Pa,,

A mn WAEBTE, Hat 5524 mn flops.
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2 ZMEIFRZ(LR)

2.1 KEMEEEEE(SG)
2% e 24 [a] I 5 7 (linear regression model )
y(1) =@ (1)0 +v(1), (1)
Horpty (o) {2 W0 1 P50, fo (o) |2 F X EAAH

it RS (1) S 80w & 0 1 FEHLER B 5k
(Stochastic Gradient algorithm,SG B.:) WIF .
B =0 -1) + £ (0 -6 (0B -1) ],
6(0) =1,/p, >0, (2)
r() =r(t=1) + | @(t) ||*, r(0) =1 (3)
KA TH 2 FtHE T (KX 2RSS FR
TR

B0 —p(i-1) + [€D1,

b(1) =0 -1) +{# e, (4)

e(0):=y(1) ~g" (DBt -1), (5)
il

é(t)=9(t—1)+¢(t){%}. (6)
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A CGEAGTED) iR X (4) AR IR B
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PPt a8y =, (AR5 I ik Bl /. =X (5)
Be(r) BYFRIEREC  n, I RECH ns 0 (3) 1YL
UHCH n, MUKy ne BRI, 5703 (3)—(5) 1Y
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flops ; 55 (3) 1 (5)—(6) YL UHLA 3n + 1,11
RUE R 3n, 1 1E R A (6n + 1) flops. L, FEAL
BB ESE R /M5 (60 + 1) flops. £ 1 31
T SG H/E(2)—(3) g — BT PRI TR IR
B kU flop %

2.2 E/INZFEE(LS)

Z e (1) 1Y 2t [ 5 4% AU (linear regression
model) , EEUNT .

y(1) =¢' (1) +v(1). (7)
TE X IR UEN] K% ( quadratic criterion function )

®1 BEIBERZENITEE

Table 1 The computational efficiency of the SG algorithm
AR HHRF FeE UL il I7RVE¢
N e(1):=y(1) " (1)8(t-1) eR n n
0(1) . .
0(1) =0(t-1) +e(t)[e(t)/r(1)] eR n+1 n
r(1) r() =r(t=1) + | ¢(1) || >R n "
B 3n+1 3n

& flop g

6n +1
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t

J(0):= Y [y() - '(j)o].

ZHICHR[4], % 1, (0) X 0 Wi BN E, 15512
B 0 B /N — €t 11 ( Least Squares Estimate,
LSE filiit) :

o = [Teid®] [Zeind] @
XS Fe /N AR AL T — IR 5E A (direct algorithm ).
X T 0, (8 FP B R, A R AR K
T A 2O S B (R XA e/ 3R A
(B H ), S D B A, X BLAY
BHEAR SBT3 2 HE, T — L ] A2
I HE T

TESCH T 250 P (o) Ml E(e) UNE

P (1):= ZlqO(i)sé"(/’) =P'(t-1) +e(De (),

P(0) =p,d, >0, (9)
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£(0) =0. (10)

A (8) Wyf/h At nl IR

B(1) =P(1)&(1).

B0 43K 135 5 | PR ( matrix inversion lemma)
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P HIEI(9) , i

e 1y PU-De(t)e' ()P(t-1)
P(t)=P(t-1) 1+¢T(t)P(t—l)¢(t) . (13)
A (D), (13) F(10) 4 B T fie /s — e 512 ( Least
Squares algorithm, LS 2y%) .

B(1) =P(NE(), (14)
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(11)
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ZH k4], 20(7) S8 i 0 R N3
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L(t) =P(t)e(1) =
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L+ (1)E(t)
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B
P(t) =P(t-1) =L(t)[1 +¢" (1)P(t =1) () JL" (1)

P(t-1) (1) _
L+ ()P(t-1)e(t)

(20)
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2 (21) 3K (22) MR R (20 +n) flops, Hrpafesk
BHUHECH n* +n® I E RN »° -0’ +n
TR n M0, B 0(n’) R r ah F
KRR, A R R /Y RLS S RGA 0
0(1) =0t 1) +L()[y(1) ' (1)B(¢-1)],
6(0) =1,/p,, (24)

R2 BNZFREENITEE

Table 2 The computational efficiency of the least squares algorithm

AR HEKT Fe LUK PR/
0] 8(1) =P(1)&(1) eR" n? n?—n
£(1):=P(1-1)p(t) eR" n? n’-n
P(1) L(1):=Z(0)/[1+¢"(¢(1) ] eR" 2n n
P(1) =P(1-1) =L(1)¢" (1) eR™" n* n?
£(1) £(1) =£(1-1) +o(1)y(1) eR" n n
JER 3n? +3n 3n?

& flop %%

6n* +3n
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[P(t-1)e(t)]

L = o (O P(-De(n] (25)
P(1) =P(1-1) ~L() [P(t-1) (1) ",
P(0) =piI,. (26)

RLS .35 (24)—(26) Wy iT5 ik (4n° +6n)
flops, W% 3 Fr/R". RLS Sk iyit st % 2 Hhix
INT T AN (607 +3n) - (407 +6n) =
2n® =3n WK, BT ASEHfEd /N B AR R H— K
58 LR /N ZARE A

3 Z&HEEPARS(MLR)
18N 3 2 041k B 15 & 48 ( multivariate linear

regression system )

y(t) =d(1)0+v(1), (27)
Hepy(6) =Ly (), (1) .5, ()] eR" g m 4
Roththim i, @ (1) e R"" & i1 R gk Ada it ik
P I F SRR GRS n>m) ,0 e R" JERFHFIR
MRGESE v (1) = [v, (1) 0, (1) 0, (1) ] e
R" EZ Y {E 75 1) B R e <O I,y (1) =0,
@) =0 F1v(e) =0.

31 SRBABEEE(MSG)

B SRR /M B BE D) 2R %% ( gradient criterion

function)

L(0):=y(1) -d()0 ",

AT T2 000 Bt 0 102 TE AL BRI ST 15 ( Multiva-
riate Stochastic Gradient algorithm , MSG . #:) (o.11] :

0 =t -1) + LAV [y ~ (Db -1) 1,
0(0) =1,/p,, (28)
R(t) =R(t=1) + || @(t) |*, R(0)=1.(29)

Z ook LAR B AL 1 AL (28) —(29) it 2 N
(6mn +m) flops, N3 4 Fi/R.
3.2 ZERJPNZFEE(MLS)

& AR /N /I — 3 HE U 2R % (least squares

criterion function)

t

L(0):=Y lly() -®()o|’

% 1,(0) % 0 WRISHEONE B SH0 1t 0 1957
Roh =Tl

o= [Lehen] [Lemn] o
S SUUM T 2 P o) BT £ (1) I T

P 3 B OBG) =P -0 () <R
(31)
£~ 3 @ ()y0) =0 -1) + B D) € R

£(0) =0. (32)
HHE R (30) S/ —Fefliit 0(0) 2oty — b s

P(O> = pOIn’

®3 RLSHESSWITHE
Table 3 The computational efficiency of the RLS algorithm

Ao U PR € PIIRERY €
o) i([)::f/(t)_‘aT(t)é(Z_l)ER n n
0(t) =0(t-1) +L(t)e(t) eR" n n
£(1):=P(i-1)e(1) eR" n? (n-1)n
L(t)
L(1) =Z(1)/[1+¢"()¢(1) ] eR" 2n n
P(1) P(t) =P(t-1) —L(t){" (1) e R™" n’ n’
O 2n% +4n 2n% +2n
Ji flop %% 4n° +6n
*4 STHEIBEEEENITES
Table 4 The computational efficiency of the multivariate stochastic gradient algorithm
Ap ik U e AL PRV
o) e(1):=y(1) —d(1)8(1-1) eR" mn mn
t
0(t) =0(t-1) +®" (1) [e(t)R(t)] eR" mn +m mn
R(1) R(1) =R(1-1) + | @(1) | *eR mn mn
B 3mn +m 3mn

& flop %%

6mn +m
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(Multivariate Least Squares algorithm ,MLS B&.3:) 4T .
0(1) =P(1)£(1), (33)
P(t) =P(t-1) -P(t-1)®"(1)[I, +

D()P(1-1)D' (1) ] ' D()P(1-1),
P(0) =pol, , (34)
E() =£0-1) +@' (1)y(1), £(0)=0. (35)

Zott /D ZFA T (33)—(35) Wi R ol

[(4m +2)n” +4m’n—m’ —n+m +x +y] flops, W3

5 R, Herfa iy FORM R A (0) SR ofe ik is

RV ES)I ISRV € 8

3.3 ZuEER/N_FEE(MRLS)
ZHZCHR4,9 ], 7 LATS 33520 (30) 284l

T 0C0) W R/ N A s
0(1) =6(1-1) +P()®" (1) [y(1) -

Jy it (37) KA P(r) e RV (—
fen >m) N FHAERER 51 BT (37) , R 1 314
WAttt Z eI RS (27) Z40m i 0 £ TT
76 B /N — 7 B 15 ( Multivariate Recursive Least
Squares algorithm , MRLS &%) .

0(1) =0(t-1) +L(t)[y(1) ()0t -1)],

6(0) =1,/p,, (38)
L(t)=P(t-1)®"()[I, +

D(OHP(t-1)P'(1)] 7", (39)
P(t) =P(t-1) -L(t)@(t)P(t-1),

P(0) =p,l, (40)

Z ot /N A TR (38) —(40) IR &
gy (4mn® +4m’n +2mn —m” +m +x +y) flops, WNFE6
Jin. Zotid e DR FR TR R L TR/ N
Fefhiitmit B s/ (d4m +2)n’ +4m’n - m’ —n +

@181 -1)], 60)=1/p,,  (36)
,1 - T m+x+y] —[4mn’ +4m’n +2mn -m’ +m +x +y] =
P (t)=P (1-1)+® (1)d(1), ,
2n" —=2mn - flops.
P(0) =pi, (37) (B 2memn) flops
x5 SHRM_FREHEENHEE
Table 5 The computational efficiency of the multivariate least squares algorithm
A WY e AL Tk vk
16 (1) =P(1)£(1) eR" n? n?-n
Q(t):=P(t-1)®"(t) eR"*" mn? mn* —mn
A():=I_m+®(1)Q(t) eR"*" m’n m?n —m* +m
P(1) A'(1):=A"" (1) eR™*™ x ¥
L(1):=Q(1)A’ (1) eR™" m*n m*n ~ mn
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Table 8 The computational efficiency of the multivariable least squares algorithm
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Abstract The amount of the calculation of an algorithm may be expressed by the number of multiplication and ad-
dition operations (one division is treated as a multiplication,one subtraction treated as an addition). A multiplica-
tion or an addition operation is called a flop,i. e. ,a floating-point operation. This is the first of three serial papers *
Computational efficiency of the identification methods’, which focuses on the computational efficiency of the recur-
sive algorithms , including the flops of the vector and matrix operations,and the minimum flops of the stochastic gra-
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