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Multiple Generalized Eigenvalue Decomposi-
tion Algorithm in Parallel Based on
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Abstract In order to overcome the disadvantages of sequential
algorithms, such as poor real time, a multiple generalized eigen-
value decomposition algorithm is proposed based on weighted
matrix method. Unlike sequential algorithms, the proposed al-
gorithm is able to estimate multiple generalized eigenvectors in
parallel only through one iteration procedure. The stationary
point analysis shows that the algorithm reaches convergence state
if and only if the state matrix is equal to the desired generalized
eigenvectors. The self-stabilization characteristics of the pro-
posed algorithm is proved by comparing the state matrix module
values of adjacent moments. The proposed algorithm parameters
are simple to select and easy to implement in practice. Numeric-
al simulation and example application further verify the parallel-
ism, self-stability and practicality of the algorithm.
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<1, [[W(k)|g, > tr(D)
M (15) BT, 1 524 B 20 | W (k)| 5, < tr(D),

W T TR A, R, IR W (k) ||, >
tr( D), WF i 2R A LI, BITDR S AR B
LI R AW (k)| R, = tr(D). O

2 (HESSEMSEGINA

ARG A 07 3SR AN S5 82 P SR B8 AE P4 SR A
AE. SEI 1 BHEENAD U] SURHIE 1A = [ THRE D, Sk
2 BEENAN HASE M, K6 3 BEEIRA(E T
SEIPE. AR SRR TT UG AT, & SEREHLAE BP0 B 1 5
FEBE, AZH R (Ry, Ry) SR 3 AN SCRRAE B X R
J7SCREAE I A Sl a0t (16) ~ (18) A (WARTU R J7).

2.1 BIEARESWIE

SEEG 1 4 AR A AT ER B v A1 GDM B3k 00 X 4E B R
(Ry, Ry) BRI 3N SURFAEAE XS B () SCHRFAE 7] 5 i3k
TR, BITHE vy, ve, v3. TERERIERE FEF A
fatr, 3 1 MERRRIRSHEES M ES vy, ve, v3 ZEM
J7 M4k 5% (Directional cosine, DC), Bl

|vfW;(k)|
DCi(k) = i T 19
®) = Tl Wit (19)
Hep, i=1,2,3, Wi(k)ERRE k REAH RS HEFE
W (k)% i 5l .

52 MRFS RS S 7 & 2 18 58 TR R, VS
#, B

Normg;(k) = W' (k)R W;(k), i,7=1,2,3 (20)

B FE VIR AIR S HE B R R AL £ 1, 22 AT
n = 0.25. GDM Hik/, ¥+ = 3; iRk, mBUE
PEEL D = diag{3, 2, 1}, e d > dy > ds3 >0 MR .
A E T, AT B E AR, X BT T
100 YARSL S5, ARG 4 B B A IR S 36 R R B 1 44
AR E TR, £ 1RWAMEIREE 3T S RETE
FF eI 1 AT 2 4 A AT ER VR AT GDM Sk
Jr IR AR 5% M2k, Horp S22k SE T M AR SE T ME, Rk AL
Yo BAL, AR RS TR N TIEWGE L, K3 MK 45
ARG T BT R BRI A [ EAUE £k (FIME) AR
Fll 2 a A R 2R (CFEME).

0.7904 —0.0920 —0.0370  0.0697 —0.0563 —0.0082 |
—0.0920  0.7087 —0.0087 —0.0555 —0.1367  0.2456
R _ | 00370 —0.0087 05733 —0.1282 —0.2532 —0.1875 (16)
v 0.0697 —0.0555 —0.1282  0.5665 —0.2483  0.0344
—0.0563 —0.1367 —0.2532 —0.2483  0.5787  0.0201
| —0.0082  0.2456 —0.1875  0.0344  0.0201  0.2733 |
0.5539 —0.0273  0.0212  0.1184 —0.1045  0.1350
—0.0273  0.5815  0.0254 —0.0481 —0.1415 —0.0006
Ro_ | 00212 00254 07190 —0.0575 —0.0469  0.1114 an
@ 0.1184 —0.0481 —0.0575 0.5436  0.0689  0.0281
—0.1045 —0.1415 —0.0469  0.0689  0.4302  0.1308
0.1350 —0.0006  0.1114  0.0281  0.1308  0.5010 |
= [~1.0839, —0.1148, —0.0482, 0.8737, —1.4241, 0.7618]"
vy = [0.4091, —0.8696, 0.5280, 0.2559, —0.4955, —0.6944]" (18)

vs = [—0.9839, —0.4039, 0.3737, —0.3484, 0.2866, —0.2464]"
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Table 1 The time cost of the two algorithms
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