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Parallel Calculation of Grid Event Similarity Based on Keyword Generation

CHEN Gang, CHEN Jian-Peng, SHE Xiang-Rong, QIN Jia-Qi, CHEN Jian

(Yangtze River Delta Information Intelligence Innovation Research Institute, Wuhu 241060, China)

Abstract: For quick and accurate retrieval in massive grid events, this study proposes the parallel similarity calculation of
grid events based on keyword generation. The method generates grid event keywords through the pointer-generator
network based on the encoder of a bidirectional LSTM network and the decoder of a unidirectiongal LSTM network. It
uses a memory network to store sequence information and applies the attention mechanism to the input sequence, enabling
more important information into the decoder. It also introduces the Qverwriting mechanism to avoid duplicate texts. After
the keywords are generated, the overall similarity is calculated base_:d on the structural similarity and situational similarity
of events. GPU is utilized to accelerate the LSTM network and similarity calculation. Experimental results show that the
method has better performance in similarity caleulation than methods based on machine learning, with a speedup ratio
reaching 4.04 times. R '
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FEAENEIRFZ N 2% (recurrent neural network, RNN) 3&
it 5 T A B — s 8 DX 5 A AT DR R A
DL LSTM A2 R £ A AT AN 7] e I A i

Special Issue % it £k 49

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 6

1] 3 Fofr 7 25 46 DA LR 4 A0 S BT A Hp A S (R 3G . SR TG,
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HEACLSE A Bl
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Hoh, o AR IR, B N1 SARABLUEE AL,
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L, FIH Viterbi BIEKMEH o 5 0.19. 4 0.81. 7]
WL, 1SR Sk b vese 7 AL
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TEFHET PGN A A SR I, LSTM 23 J¢
R P BRI R S . SR A, TH S A A R
AT PR AL SR R BE AR, DGR AR 5t
FEACLRE (v S5EIT . BRIk, AR SCRIH GPU % I AN i 2
HEAT N,
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TR FEEAME S T LSTM M4 k& L/ 1
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FREAHIE) B IE] AT (’Mﬁ?)\fﬁ%ﬂiiﬁlﬁw (155
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AN, AR E] 2D 2 R B A AR O &R, BT LA
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K3 LSTM M mT 474
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B i £ 0 — AR I TS R B AT 9,
PRt N SR AR R 75 WU 253047 4 96 LLSR T
P81, N T U T B N L A 24 I T 2 £ A
x5 b AN 2 I B, FOONBL OB 5 5
WA Wiy, SR HIBUE Weom=[Wes Wii1, TEATHOREE
HOSERE T %451 ST RN, - A4 0F, 2 JE R I
Teguy=[x,, ], X NF A8 T A

C Weom* Joom = [Wys 0, Wiy %Ay ] 23)

AR T 1 T R 1 8 A AR T £,
R B T R 16 PR 24 758 4 — R (AR BRI,
JE ik A A x A1 b 4y BT S, BUAE S AR R
ff ) R AT 5 37

Q) 174t

TEXHAT 1R 7 1T HOBUR AT & 9 i AR v, A
HR R BT W £ iv 0 ZATTEIEEESH
BUEHTE W0, JLAT RO N R 3 7, GIBAAE. AT
& I R

Wioin * Ieom = (Wr * Leom, Wi * Lcom, Wo # Ieom) " (24)

{450 R 2, T AL A e A 1T i
RN, § R AR B R e 4B R,
TG BITFEL A TR BE 50

SR AT 5 L RAT A 9, LSTM 9 44 ik

AF— AT T AL A B B 2 7K kernel, #EAT— VR 7
HEAUE T3 3 R kernel. I, 13785 5+ BI04
e T 2181, T35 3045 RORI AT GPU JFAT BB 1 18
FH. 9785 FIF GPU AT HHSLRE S, 7T LAZERR F op
A5 FE 160 B M5O AR AR R RO Y ) B MR
AT 24 A 32 B0 b i SO 2K R4 A T, Hok
INCICE £ € 3 AN & Gk PR L PRk
float4 [o] EEFE LTI 4 4> float B ZETIM K, 79
Fi xo yo 2 Rl w HE4T 31 F. (8 floatd i B ¥ K7,
B DLTE — VCHE A 7 10 5 R TR BN 4 A float 2850 R
RO, SR RO S L, G O 2R 1
T 1 VKA T, 5 WL FEE M 00 PR 1 2 3,
Wik 4 fR.
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float4 float4
Ve N~ ™
| X | B% z w | X | B% .z W |
1 1 i 1
|&ﬁ0&ﬁ1&ﬁz&ﬁ3&ﬁ4&ﬁ5&ﬁ6&ﬁ7

K4 float4 o] EHdE2EA

232 HAALEE SO

T = A 5 R A AL BE RIS S AR BLBE TSR, H T
FAAERARA S R, R AT L2 HEREAS GPU 2672 £ 5%
bR S0 5 X% oA e o (1 — AN I s oA AT AR LU RE
THE. AU RS SR BARE, A SCSEE 725 T GPU ) Word-
Similarity {1532 F2'. 7F WordSimilarity 747401 2
W, KR SRR P AR KRR 5y 34544, 75 GPU L

AT ™ B AT YERE. D9, X T SEBAZGRE R

S A ) 26 30, B ) R R 5 00
F, AR SO I B\ S S S BRI B % B
A5 1 RIARTG 2%, 31 HT RO AT B i R A
77, LI 0 1 (2 B2 S0 S0 B 72 it A2
U, 4 AR 30 0 420 3K Ve ST AT RO
SRR, ORI B2 51 2ORERS 52 A IR AR 14
B 1. 73 3 E MRS

if(tid.x==0)
if(tid.y==0) statements with func(m,a,b);
else statements with func(m,a);

else if(tid.x==1)
if(tid.y==0) statements with func(m,a,b);

else statements with func(m,a,b);
else if(tid.x==2)
if(tid.y==0) statements with func(m,a,b);
else statements with func(m,a,b);
else if(tid.x==2)
if(tid.y==0) statements with func(m,a,b); -

else statements with func(m,a,b); ¥
5

X

(R 2. 4 L ERE TR

index=m+2*tid.x;
array[2][4] = {(1,2,2,1),(2,1,1,2)};
a[array[tid.y][tid.x]]=func(b[index],a[tid.y]);

3 SEERAHT

RIS IE AR ST H 1 D s A AR AL AT T B
RE, EEL 22 BA AT 2016 46 1 A 1 H-2020 4 12 A
31 HHIE 40 000 254k 23 4k A% 6 B2 R G0 Hh (1 4Rk
MRS, BURE TS T F MR FAR UK,

FOERAA . & N TARERMAE S5 B E
BN 40000 4% S SCAEAT Gii T 404, KEERIE N 632
A, B95% MR SR I SCAR K EAE 142 A
DAY, A SCIEHL T Hor 30000 25 FAF1E M UIZR4E, 5000
2 HAAE NIAELE, 5000 25 SFAFE R4, SLIG AT
PE¥REE: A 7F DDR4 64 GB, 2.4 GHz Intel(R) Xeon(R)
Silver 4210R CPU, NVIDIA GeForce RTX 3090 GPU;
B AEIFELA Ubuntu 18.04, CUDA Toolkit 10.2.

3.1 EHHEME MR ¢\

AR RS R (Precision)\‘:"ﬁ‘ﬁlz (Recall) Al
1A A 3 AR AR o BPERE 10 D 36 5. ¢ S0t
40000 /™ P FEE S5 2.2.2 5 Bk B T 57 7,
PRI P AL B g 0.91. 39 T W iE 3 T el 2
B S A AH ALLRE PR RE, O SEEe 54 A TF-1DF.
textRank I LDA (latent Dirichlet allocation) X F #%
PR SCA AT B R R B E T SR AR AL RS RINL A% 5 ) 7 v
HEAT TRFEE, 0P begh Rk 1 FroR.

F1 FELRRISNT SRR (%)

TR % Precision Recall F1
TF-IDF 65.26 57.63 61.21
textRank 70.85 67.34 69.05
LDA 76.77 73.25 74.97
A7k 83.17 78.64 80.84

SE T 0 H T LR B, AR SO TR 2 ) 1y A AE
PERE B4R T TF-IDF 258t TH1882% 51 1 7 12, 5 78 T
188 2 T MR o ORI 4 S A o (3 e 547D
BT, 8158 F SCAS R 8 J2 UK 03 SUAS 8, TR BE 2
39795 T B SR B IR J2 U0 SIS B sk sb,
attention ML 7 PGN 6 4 1] A= Bl 15 7 58 fyp 5% 322 7
st 4 U A4 0 3 R 36 SR K 01 SC AR R AE . il 3
W Rl SE I T2 R % N PGN Hh i B, RS B SR 15 R A
82.61%. 1] WL, 1L IZ M4 AERE I R Fe A5 L REAEER T 0.7%
[t .

32 AT EMELL SR

TE GPU JRAT Bt F2 e, S % F A 22 A et
512 MRFRIOVE. N 2 Sh B, 4R e
R /N (5000 ), GPU ()53 i /e {8 b CPU
18, — 7T B A GPU T A e 78 4 FUA,
Ah—J7 T JE A& CPU M GPU 22 [a] 1B A% 4 T84
kernel 8 ZI 44 T GPU Mk MM RERE 5. 24 4k
BB N5 10000 LRI, GPU F£4T I3 (X4t #5746 £
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L. 24 A I E 40 000 {1, B AE 58 LS
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