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Abstract

At present, generative adversarial networks (GAN) has become a
research hotspot in the field of artificial intelligence. It brings new vitality
to the research of unsupervised learning and is of great significance to the
development of generative model. The generation performance of GAN is
sensitive to the selection of parameters. At present, there are few reports
on the method of selecting GAN parameters. In practical application, the
parameters are determined by experience or trial calculation method,
which leads to the final generation accuracy lower than the target
accuracy due to improper selection of parameters.

Data driven deep learning technology has become the application trend
of the new generation of artificial intelligence, which puts forward higher
requirements for the magnitude of labeled training data. In order to obtain
more labeled data and increase the diversity of data, this paper proposes
training sample generation algorithm based on particle swarm
optimization (PSO) and genetic algorithm (GA) to optimize GAN
parameters under the scenarios of single channel vibration signal data of
fault motor, single-phase and three-phase short-circuit grounding fault
bus voltage data and gravitational wave data. The generator and
discriminator of GAN are constructed. By training the generation model
and discrimination model of GAN alternately, we can learn the

distribution law of original samples and generate new data samples
v



without the guidance of prior knowledge.

The research work in this paper shows that, compared with the random
selection of GAN parameters and the selection of GAN parameters
according to experience which has the disadvantage of blindness in
choosing GAN parameters, the optimal parameters can be automatically
found under the application scenarios. The intelligent optimization
method can effectively learn the distribution law of samples, increase the
diversity of samples and has better generalization ability, which has
certain guiding significance for the in-depth development of deep
learning technology in engineering. In addition, the research shows that
the data generated by PSO-GAN method is more accurate than that by
GA-GAN method. The time consumption of PSO-GAN is far less than
that of GA-GAN method. And the efficiency of PSO-GAN is higher than
that of GA-GAN method. The change of the convergence curve and error
curve with the increase of iteration times indicates that the data generated

by PSO-GAN method has good convergence.

Keywords: generative adversarial networks(GAN), particle swarm

optimization(PSO), genetic algorithm(GA), learning rate, batch size
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TR AL SN TR R AL . YA BRI ()7 B I, 7E SCHR[66] H ik
By Bahdmidas . BARKUL, AIEASNMEM T SO R . 2
e J 12 1) TR R ) R A [FARZE B TR S AR RE o AR e X4 —
XIAHRBFEARA B— N keAS, X EATNEMEH S . iE SHMER X
TAE T HEAR AR BN ER PRI 936 o XA s AR J I 18] 3 271 20 25 00 H

s S WA SN BB RS R0, DL sl R/ Soit R R 7
Mg . BARMLUG, 9B a2 3w T — MR AR, AR, 3
FERMS IV 2 T RIS AL . BT SRS H PR AL, B MRATE
XO— AN BB, iR, BRAREETY) . IR AT BT R,
By 7 SEARAES E VI, Bk, ek smih 5 eS8 5] N2
IS 1) o 1 Eedh AN 5] B AT 55 TR AT SR R A R R

YEN— R AE Y, GANTR] LUA R AE B BORE A I 55 il 25
. REGANHEZAEVF 2 A3 2 1) 2 W50k, (E 2 an o A8 st
617 DU IR A — AT R R I R ZEGANER, 75 BN T8 P 4
YL — A RIFH . KA . SCER[68]32 ! 1 — A A GAN
KA R SE NG s . Hsh, IR T — M2 GANSS /R RUE
A A 1) & B 18] e 0 Bt LSRRG I 2R 7ESCHR[69]
dr, FRH T — i IHGANAIE I 25 1 GANR A B SEAH K 2 4E I [H]
FEHIEdE . SCRR[7013R HE 7 TimeGAN, 3 & —ME AR [ AT AE il B S
S 6] 5 51 5000 ) AR AEZE . TimeGAN A& — AN i I s ) e 1A 7
I AN S RN A HEAT X UMIB S U 2, [F]IAT H EAT
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B K o 1ZICHIE TN T — AN W 28 R S AR R £ 2 A1 2 T8 19
AR, DA o 21 S I i 4 o G RS I ZRiN X 2%
AR, A B 1 K fe MK

BRI AR GAN I 78 L2 UG 1 KL Ut (Hib s &
AR ERAR R, I SRR BB K . 7E1EFHGAN
A R HO R AR o LT S8 e e 45 B AR SE A U0 1 AU ) 2
S IR He il 2 BN T2 I8 AR R W % 3] %, (learning rate of
generator) 1528 (%% 2] %, (learning rate of discriminator) , LA

Ktk /NB (batch size)

14 MRWEHRE

LT UL iR B AR B e A i 7 VAR B A BT THT B M RUR ) R
AR Se i s A2 T VA GANIE S Huk £ I E BYE R AR, ARkt o
AR AL BB ITE R BN 1E T HE, SARR] = AR R R b i B2
JEHHE AL S| 1R st s AEX GANZE R JEAT #5 iy Bl [,
2 kT PSOMGAN ML GANS I I AR A AL R, DR OLAE A
K A R R, HEINEGE 2 A B DA FEARAR AT, A
HIPSOFMGARE K IILALAE J1HE I GANF S 3R, A& Rems | £ E
AT BIRE A B o 1 TVEAN T B P A A S B, BT e
B E S IR L, A2 R A SEGI setie , ARGFfok 1 2l
B HSEREARA L, FEARGRZ 2RV L GANZS B £ E H K ]
A

AHEFER T RN E L N A0

i1
NS
~
T
|l
ok
=
|
%
0]
>
prd



b T RESE (particle swarm optimization, PSO) Aligtf£57%: (genetic
algorithm, GA), JFXS AR & prfif 1) £ Z PG I TAF, BIGANELA
ZEK 53, PSOMGANALGANZ B IR AEHEAT | VRAM A . 26 =5,
FVUE, 5 T 50 0 B il B B8 AR N 2 s LRSS
T, BRI = R S B A DA A 5| R AR R SR N R
ARG AT T R,
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BZE EWIHINES BN
2.1 &

REE N HLMCANI R LA F Y, PSOMGARL. A5
IR AR BT AR ORI T A B GANM 25384 XTPSORIGATLAL
GANZH (rg rpMB) IRARMAT VRSN, EE = F il iR
G T RN, SR P E B X = AR Rt s B g R, SR s 5] )
PN PR BE R Al . AR B IR 1 AR T BB SO )

2.2 ZHGANERFIELHMS
2.2.1 GANE KR8

Goodfellow - 2014 415 X2 H B GANAZ — Mg X i~ i B AT
B IR, HRr R I 25— A HL 38 S I 28 B, GANAS AR
% 4t 1) e B AADUIIRAE 5 i 2 A bR id U BeE , A FRARATHOE
PRICEITTUIZR, A AT T I B 4% R DL

GANFIZERI N 2.1 Fis. GRRNZERSS (generator), H 2
TEIE R RE A, FL N B AL 75 1) B GRS IR A8 2] 43 A BUE S 53
fi); DS (discriminator), H2IOR H AE il G Ot IIFEA A
SERIREA, FEBIER BT TR, Hf AR BSE I AS 2 i
SR, BIRIBIRER
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H/R

D
l
| |
HSTHIE R
f
G
f
T

B 2.1 GAN: I

GAND—fRAR 2 e M eg ALk, PIEAGE RN YIZRE), I HAH
e (M8, R EDRIMIAN, DA NG & HSREASE .
XFE, DX ESEREAS R E S H MR L, NG ERREARE
i H U MMERAR — 28 RERIEHIEAR, G N S5, A
DL 5y Bl DM AE AW AL S8, EmPiiE, ik
HARFEAR T RINER A 220 . MDA RE 2 2 2 K B B S 4E 8
e R EGHT, BIASIFrIE T4, R R G B &7 ) B H S
AR AT, MNIMESR 7R SCAIR R 2 AAE L. &% B GANR
B, GHERIIFEARRELMRELIE, Dt A3 451505, HEIRR
HARFEAXELLX 70, DS,

M5 BRI KR A RE AT LAAR 21 D 51 K e i B,

J=——%m,logD(x") — =¥ log(1 — D(G(z))), (2.1)
Hrr, xR BSEREAR, mBIRFEARE, G(2)RCHERFEAR. D)
i, D(G(z))Bi/NBity, WA E-DE)B /DML, —log(l-
D(G(2))) /Nt . DRSS (score) 5E X N—J, HDHIE 7 #T-1.38
I, GRS
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2.2.2 GANHIfi 8

GANGX i 5% 5+ 1) 7 AN TSR — MR B 0 A, T2 B
BEATHURE, AENS LI e P AL BE A HORE AR, I L TRk 238 F ]
DL5E 4B T S B . GANTE T B/RFHREE, AU J 1 £ 7% ok 3k
HURRRE, 2] FE RN T B, EAE RS A T N 2 Rk . XL
28 1) 3 — A i AT R IR AL IR A0 A, T3 T S IR BHER BRI OV TR
T SRS 1) 3 AR B

GANTEE S 2] 2 A GIFURIE L, 2 ST LUOEAT, 7 R 2 k% ,
BLGAH A MY, RIG IR A — /N 4 RAURE AR Ry BT,
BN IEDL T R E— AR (R U, — MR GANAE
PEARZ REME RS U ATV BN G f 2 REE 15 24N GANSKR 7 % i
He Sy A AN AR T ) — T i M i 6 = O F T L e
oA PR RS B R . BT GANEAL s FE AR R, HUA BEALYIGA
ke, DRl AT DUR 2 2 iR N\ o) i A /M E o

AT BB ER I N GANRLIZAE AT 34 1 B AT R i R B0, (B
JE R B R B TE N BRI LR A RECRIE SN Y, HL SR
HiTfig & — N s U8, R H B A 2 N 2 SRR B, FEA SEBRIA
BB RELL T, TR 0 B O AR AT BRI B 44135
7. GANATHEW LB AGANKITHE T, MiInEZ —=—4%
GANJIZJ RIS, by — A EE R A ELEGAN— IR 58 LA R A5
A — A — 5, Hen gy 22 IR A il — 7k S B 1 1800,
2.2.3 GANRYBSUH# £RIR
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X RIGGANI S H, AR HIL 1 & A th (5 1) GAN B0 22 4
B A0 IR Xy e A Y B St 9 A T e 3 = 0 ) GAN it
PLEADAP
(1 B Iy et

Salimans&5 42t FRFEVLEC . /MIEEIIZRFD &« 1 S2~F 2R
FRBRZE 1 IX UM ARE M ZRIIBOR, BENS I ZR DART o2 ok A5 Y
52, InfoGANAL PR 2 BB ANIL P AR R R 2R R 3R, AR A, Ot
AUTH B BB A S KA B, AR E G4 Cbatch
normalization, BN) BEWSLE SR B ISk, (H A RES% Il ZRAsi A
H o B AT I R R HO RS E PR P AR U RE R o FEBEIEA B, SR 7 — A
IR E A —A V5, 20575 7T DASE o 22 I 2% 1Y) EE AL e ) Al i
JE, Fenl R M2 A E 1, BRI AE GANIN 5 B R AR 15 —
W RACE BNBY,

SCHR[851E L s il DM 4 i tH 2K b5 2%, FFGANY FERIE I E B R
3o ZITIEAT T @S A S R B o 2K, R REAE BUEL L
GANFE &l = HIFEA . SCHR[84]K H WassersteinfE B iU fel, AR T
GANFIEA KL, - H T WassersteinGAN (WGAN). 55 45HIGAN
FRAS RN F], WGANEE AT Be e XS S8 G A H RIS . ARWGAN
TER RIS THES T 3R, A58 N R84 B 2 MR A B
IS 81 . Mescheder %5 61 32 H () 48 — 4% 4 [ 4% 19 %% ( variational
autoencoders, VAEs), LIXIHiZifAs 7 U7 (adversarial variational
bayes, AVB) HEZLHIIL AT XS BLik il 2R, AEHEHA A B m R i,
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REE 7 ARMEAR 7 B i AS S5 KA S, & T583. Goodfellow
NIPS 2016 R Lt 1 RMUKIARE . AVBZEIR AL 5 VAESH [R] /Y
pitE, AR F XTIl 25 H FR 1T A 2 Kullback-Leibler (K-LD #% . AVB
IR e AR R, R TEiE N T WGANDE,
FESAERSHOHESR S, SCHR[88]F2 1 M HLtE AN ARXT it P Uy i
Sk 2 3 TS BRI I BT 45 I BRAR D BC IG5 20 A, K 25 Pl GANAE Y
28— PRAE YT R UG BC UL AR AR R XT3 02 9 2% ) AN T VR ) 1 1]
A, FSE 1 TG BRI R S S TR A 2T AR, X R 5 AVB
X E sh 4w 2% (adversarial autoencoder, AAE) 1R £ L [H 2 4b.
X LB ZRALT-VAESHY H 512 A a5 H 78 7 20 1) & 18 A F X Sl Zrim A
e A8 T i T A AR 51 B8 A AR 22 ) R K- LSURE K 1 19 #9891, Dumoulins:
NI N T 52 > #E 3 (adversarially learned inference, ALID %Y,
TR 0] FH 00 R X A ol X % A B R 2 BEAT R 5 >0 o A FH L]
GAN (bidirectional generative adversarial networks, BiGAN) fFE A%
S TB R B — 5%, AR 2R 57 SRR 7ot Tl B B AT 55
e L, SR, WL B A R AT AT R RO 2R L TN
i HARAE R 2 E SRR, AR ARTE R R R EE,
Senderby“5FE 7 HE R HAR b, N FHGANXS 45 AT AL, it
FEXGFEAIEND Z R [ BEA PR IR 7 R PR D, 758 1 EEXS EE T VA B
TFIEE R, BEIE JEIT RG]  BY o HAZGE 7 HF R R A A MR K]
BRI PRI, A BE1R StackGANPATRFE L 1IE 4 K BRI . 7E5L
Ao R A A R A DLAS RE U5 1 2 I SR W Arjovsky 5 A TIE BTS2 IE
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fFFILeL,
(2) AR Ze Ry it

ZEGANIN— 2458, n[ 15 3] %14+ GAN (conditional generative
adversarial networks, CGAN) [, CGANH] LAfi# e GANAK T H H
A By AR B . CGANFRE AL ] LLZE B A SEARZE N 2% A IFIMNIS T
o, I A] DA AR R SR A ) RS o SR, A — AL R A,
X0 & BT AN MU BR 25 17 B HEAT 2% A1 i ELAE A A TH B AT T S5 I ) O
B 5 T AN AT AT B

Radford % A\ 142 W 19 & & £ 1 GAN (deep convolutional
generative adversarial networks, DCGAN) {36 AID#HL A LA > R If
Y ERAEA N KA AR, BT iRmEIGRE R E. mHGEIS
AR E . DCGANKBNHIAE T GHID L, fAefsilt % filt. Wt
FEAR I, FED 1] 2 2 A 5 I Re L U0 bR £ HU A 3 FIReLU A,
A HELFRITERE . tEA, DCGANIE AT PLSCHF IR “i8 7 JE TR I
{HDCGANAELLIZE, IR R a2 R K e,

Akbari=5E N2t 1 H T B 210 8l A e 2 3 )3 VR & VAE-GAN
AL, A A R AR SR AT KA AT R i Fr A1 0el, e s 4
CIFAR-10 _E#HTHIF ISR, ST MBI ML, fE
F B A R 28 B AN 7 B F7 (I CNINS I 225G AN D 9 48 58 Jin R Ak o 8 ST 7
GANFICGANZ: fity I % 7 1 7 7 4> 7 £ GAN  (laplacian generative
adversarial networks, LAPGAN) XA a] @i fit | — Mg 7 =800,
SR, UIZRGAN Ta 2 FH 2 282 1) w5 4E 2 5080 7€ JE I I 2R gl A 25
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M TR, LAPGANSE A GETCILUL S, SCHR[97]42
7 — > AT I M YR HEAT I 2R 0 AR BOBE R Crecurrent
generative model, GRAN). Mou&§ N it | —FHE A PReLUR [ 14215
FEIGGRU (gated recurrent unit), ‘& REMS ALK 7408 dE (Eban
EOGE YD, IF B RS T E I ADE,

WuZE \ R FI AT G AN 45 FIGANI BCHTE g, WFR T =4Ext %
AR, R T =4EGAN (3D-GAN) 9, GulrajaniZE A2 H T —
P BIBUE I B ATE, LUARHEWGANR B E 4, FF H A 7E )L Ti%
SRR BT XS5 GANZEMHEAT A2 52 A 2RI, J 46
JEHIBEHLE BT RE g vEMR K RV AE [l B, W P B B 1) B AR e
B LB L bR BT SR 1 . S DON SR B RMA ML (fully
convolutional network, FCN) PO2gEiEGANH T2 > B & 1d 1) 45 6]
SRAETTI, N AR BRRE A A EAGAS D 45 7 THUAS T 48 1R R5UR
O30, Dy 1 ok A= O BB T RO 1 R, Heusel 55 A A SR AN A A
PG IR0 < [R] ) Wasserstein-2 R B3 F JyFrechet#] 46 7R 25 45 4104,

Gurumurthy s A0S WV 78 1) A B AU D TR 6 A 3 2
Mok, BECNEINRS, JF S5 GANRA R SR SRR K S8
X FPEE T GANKIHT Ik £ 45 F—DeLiGANJR & FUAE A3 PR ) $dis i3t
TNE, EAERRREAR BA Z RN, XIEA—E BWE S E R T
GHEA RIFH TR . 0 RA A AE — DRI R E R T &%
FEEZEEREG, BaGopie R,

SCHR [107]0F 78 38 B 2t T AF pl UG AR N 4% (1 STGConvNet AN 1]
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LLE B & R sh &80, R En] LA = & . SCER[108]9 44 1 A
FERE—FTSEIIZR 0 GANKE MG REAS B BV AE SRR, IF4
VR R TR R OV B, BARARE R, (I
JEARTRI09T, SCRR[110]4 th 1 — b B4 A B3t o HR BB es F) i FH A
U e I sk 2] Ja B 9k 5 IR B — 1.
2.3 RFEE (PSO) BAFIEEFEZE (GA)
2.3.1 PSOE KRS

PSO S A — it T b 2o B 257 [ iy 0 Pl B AT A R =04 B
VAT, (20 (3] AR 19 J A 22 4 7 ) o Ak SRS A ) A I e 470 2
— MR E AL E R F 4247 A, PSORE B A T 2 T 553
ATREBERE L. 8D WEREERAPER SR M, (et
DAL e AT HICA 1) P AR 1 RAFRIRCR , Hponll 2 H ARS8
Gt R P B B T SR AR SE A A 1) RS

H5HAbB L (BIINGABIREGA) —FE, PSOfH M —1i%
REEHT 2] 55 — DS ER R AT R AFRRZ, PSOA
SR HIEFEAE, IrE MR RO (FRARL) RIS 46 28 45
ORI LAAEE, e 18] B BAE S SO E Rt , s
RFEAEY, pEAh, PSOSIEERAT V2 M4 R FALRE e, &1 T A
a8, G RAFEREM T %, PSSO H SR B — /M IR T & .

& AIIPSO HReynolds & i 7 M8 I iy Kennedy F1Eberhart
AT, PSOM 32 22 H A /& 76 1 R 72 A v 4 R e e v 2 11
P B . (EPSOBEILH, MEERR VR, MEF kM, Jf A&
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R AR d4E 7 [ r] B — AP AR T 5. R, BRI TR R
AN R — A s R (ND PR GE o R B BT 26461,
(B 12 AT AR A R 5 BEATLIEE P A O R 1 BED20L, - AR H A bR 500
AT A FEAR R AR, R RE TR R R e IR AR A,
X LLAARR 5 B H AT IR E R R & M (pbest) AHSCH2T, Oy
TR BB AR BGE A B, BEASRF AR RS B R A R TT A,
BV B & i B T L I AR I i LU &2 56 - B R T AR 20
A e) R — AN AT RE R RS | B ) de A AT 42 56 R S BT B R B
CREFIR B EAEENEAL ED) R, BAE B TFFER:
PG = [PY D, ++, PO, A)]
BAMERNREDALBR IS RRENE (P (0 (@) ), B
FTon B RGN ER R AL E, HdgRom#E b Fra R+ 5
(EX ARl
HEg —HRT, MR o S I ME R S M, — SRR
— DY AN s, B RPRAS IS AL B AR RAE .
FAEIEARK RIS AL B o] DU D4 a1 BExF = {xk, xk, -, x5 JFORIE i
AR T B B AT U 3 — AN DY M vy = (v, vk, - v RF R . FIH
Ak i) R ) H A ek 5 nT DA RS R (38 B BEREAT PPN o fERF— IR
b, BEASRLTERIE 7] DA ) S A A AN 4 Ry A A B s Bl el
iR B BNEARk G2 B S AR S R B AR R 9
PBf = {pl, ply, -, pi5}>
B REMNERRN:
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GB* ={gf, g%, g5}
N T F B, BRI LU A 2 3 O AN A

kK _ k=1 (k=1 k=1 k=1 k-1
Vig =W Vg t+c'1ny (pid Xig )+Cz 72+ (g Xiq

(2.2)

k _ k-1 K
Xig = Xig T Vig

(2.3)

i=1,2-,n; d=1,2,-,D

o, vl NSRS R OEAR T AT () BB a g o By xR
R SRk O AL B 1) S d e oy 202, K, dASRT 4L,
crr CNIEREIERH, T EHE P K, KNIERREL rn, rl
PIANBERLEL, JEEIA[0,1], o NBHIERE R T, e hih T 56 Al A
Xof 24 T RE (R M 38 0 Ay 21 00y BEIEAR B 389 i 7 2K
ERTNY

® = Wmax = T X (Wmax = Omin) /Tmax

(2.4)
Horb, TRIRGANERIREL  Tpyar RN BKIEAIREL

e — A, SRR S TR . BT s B
PR DL 5 4 R i A B R B T SO B R . 13U (2.2) AT,
T 2 A MR AR FG DRI 0 3 M0 =2 iAoz B 30 e D s M Ao
AR R 22 ) e 6 B ) B B R BT 1) o R 68 P PRk BE A T SRR
R E PN T —MIE, BIRAENX (2.3), Kr#shs—AFrihs
B BRI, BRI LR KM, 1K 2.2 HPSOFIE IR
22,
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T

FIgE AR T I I AL B

THHESMRTRIENEE

R MR RAME AR

RHBEMMERE R BUE

HAR (2.2) EFRTHIEE

HAR (23) EFRTHME

( wwmg )

E 2.2 PSOKLIAI
2.3.2 PSOf ik & HiLRik

FIT VR X 4 28 I 28 S UM ARAL , 302 T 4R 20 10X 288 J5 e P D) 44
BUEANBIE, (EAFH 2 P02 1) 4 JR i 2 e M2, S R P S
BT LAEAE A 8, G ARG e R, H AL g S AU T
AR BRI AR AR X S S HOE AT VIR T T B0 B UE S 1%
7o MSEUEPEF A PIF L FENERM H M. Fahk
RS BUBRBAFER S B0 T 5 R 45 R, A4 TREEA
TEWEAMRE (EE) KRS, IR BA RIFIZ R
71, X EHS TIRERZ M4 (deep neural networks, DNN) 5
RIAL, T E SIS HOE BT R D T XL R 2, HES

27



H S TR L2 - S HE S I B 7R LAy e
R T V2 AN B AR ) v

It4h, PSOBIE T A S m4&#E (back propagation, BP) f#1£t
2% AL RS T RIFIIRE R . PSOMEA—Fgr Mk, ok
SCHFEMR. BtEE . SRR, HATEEME ) R A B R
EfE S Cankh e U230, BLE 0z T & 2RI 48 ) ORI B k1) L) 2
AR 124 FIGARMAMZE ML 1S4, 7T LUK 2 2 1 1)
Y, AHLASEINIE B, RIS SI08 FE 18 . PSO B8
B2 W 28 ZHARAL H BE T LOE BHE R 1 ik, B % T GARLE
ke, TN BRFEIEAERNE, fEAEREEN IR EA R TR
Er(123]

FEPSOE AT, —REME CRANESEUER T4 e [A) 1
t, CAFHRTRENI I AEDNNSE . KE LI 5K H, PSOMY fE
G ARAAPE X 25 1) 5 A PN S50 G AN 28 I 2% ) ot 2 45 1021 281
g 26, [127], [128], [129], [130], T30 N Y741 sy e 22 19X 4 ) A e R 000 5 52
[111], [114], [127], [128), (129], [130], (1341 iy |5 3 ] L it 325 b 50t F 2206 = & TR
W TR B BRI, PSOKEH T # & M4 40 v £ ZH PIA
Jith: — R IR a0, TR T M2 I gk, PSSO
AR IR 28 5 J2 22 T ()34 B AL AL R ) {1 12280, 1290, 310, [332] | pSO L GAZE:
A BVE B8 5 DA R0t o038 A 40 IR 6% 445 1) R 5 B ) A A i e 280
[126]

R CA DL 4 5 GANAT B Tl 2k BARMI 45 &, B PSOSLIL
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Xf S HEAT UL, AR A, (AT IR A AR I B ) B
UV RE A IR B 1A 3 B 1S) . G Sl 5 AN /E DNINEE S B8 2 1R /b 1 1
LT T ULACDNNEE S5, I B 3w 158 2 808 10 P Bk S
KNG ZDNNE REG M TREH . A5, R DNNEZR KRS
i, IEAF IRV RE IR SR IX PRV 1) B R R T R 22
2R W) T REA L B R R AR g K BEHLAE R (random
search, RS) X T-sKHIGSHIEAR Ty SR U TA LB R, (KT
Jifd, WSEI A2 S H R R S AT DLXRSTER AN [A] 8 2
BE, AHJ e A HIE R

gt Li8 I [ 52 S50 R AT BB % 2 B SVMIZ S BUR 307 1%
AEAE 2338 B v RIS TR A 0 A — IR SEBG &6 SREAT N T #5111 i
RN IR B . T PSOM L AIBP#IZE I 45 11 SVM 2 U 4% 77 72 3
AR IR L 32 A LA R 7 TR AR IR ), [ P e 22 P 24 R L AL 75 E )
FPSOfLALfE /1 () F Al I AT SEELSVMAZ S HU% AR (1 5 /N TR AR 133
K& 717 NPSOFIE X SVMBIZHUHAT LA, W 73 iR 229

PSOREMS A A At 1 Gamma-Poisson i R ({1 240, HAZFEARR &
HUBR S, THEE A ORORBRAR 112, R U 52 5 PSOSLIE AR 45
&, et T M SRR J7 % . FIHPSOREF RS,
UEB] T WURESELVAE SR AETSP (traveling salesman problem) [a] & F () B

IEAZ s AIPSOS A LE & FFDSYL (first fit decreasing) e 2
R RS EAL 17 IS, SCRR[116]42 Y T — AL FPSOISVMZ %
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AR, PSO— HARBISVMIRASH, il v] IO B R #EAT AL
LLJT3 St A7 4 a0 A SR, AT R 22 M ARk E b, K12 A5 2 1 P
TR RGP . T RS REY, 5RSVMERIAHLL,
PSO-SVMBR B FE N FE AN 0% LA BURSE Mo AR AL B AT s A A
R, g S TR B A T

3CHR [136] #2 T — Bl R A PSO B R K i sE dE IF AT SVM
(non-parallel support vector machine, NPSVM) ZHi iR & 7715, 1t
Ab, N T HEIINPSVM A B ATk YN 2RI 18], 12 SCHERRG SCHE )
OB R 5 O TEAE AL B A bR 3 7E 2 A A LB AR B seit R
B, %755 TWSVMAINPSVM T A AL, BAG B (1 73 RS FE
HARSE R SR . SCHR[120]42 HY 1 — Fi Jk 5~ PSO B ey i 5 A 7Y
(gaussian mixture model, GMM) Z%ffi & 771k . PSO-GMMZA:T—
A )R ZE U GMM A IS B AT 04, R EHE N R 5 T B
JE RS T R AR E R R . N T RIEPSO-GMMELIXL
HYATAT PEATA Rt 2R DU A — 48 N AR B 8dEE. 1k
SEAEEE . T BB SR A B A BE RBEAT 1B SE LR . R AL
REH, HNPSOMkFE JSHIN, i CERRmsIERE R, JFH.
PSO-GMM AJ LA3RAS 5 4 H) Al it P fE -

SCHR[A37]4E T — s ik 5 B PSSO Ak (1) 38 B S ¢ ) & B VH 5
7% (support vector regression, SVR). ALHLHI B EUEPSO 5% 4:
{HPSOMLE &, LARACHI NAHIE FAREFENSVRA SIS . 455
PIFPPSOSLIL, Xt SVRIZHUM M N AL [F I 24704k . SCHR[138]
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EFXTPSOGRE ol s &8, $&1H 7 Hi&MPSO (adaptive praticle
swarm optimization, APSO). APSORE{# sk £ {5 SRR AE
SN VERCE, 51N RAR A A B A K1, RSt m T 2R
PERE . FKAPSOFIEN HI T SYVMIAL AL IS H A, 30 17—
T APSOHISVMZ i & MR L7775, FROVAPSO+SVM., SE
IR, APSO+SVM 7y 845 L iy T Hif AL Ge o0 073k, R
APSO+SVM T VBT 73 2 FIAT I R . SCER[139]42 1 — ik
TPSOM)4r3771%, RIPSOBPN, LLIRTFE S T AL &M 4 (back
propagation network, BPN) HIZHXE, kA H T m o KiE
PRI 756 20 m 1 K22 Bt 1)t i) 70 SR eI 2
2.3.3 GAE KRR
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aLIGO H1 strain data near GW150914

time (s) since 1126259462.44

aLIGO L1 strain data near GW150914
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