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Abstract

In view of the huge amount of Internet user-generated ultra-short text involving power complaints,
a clustering model based on deep embedding is proposed to realize the topic recognition method of
Internet power complaints text in this paper. Firstly, word embedding is carried out by an improved
algorithm to enhance the semantic richness of text features and reduce the dimension of data set. Then,
sentence similarity is calculated by using Sentence-Bert to realize short text clustering based on word
embedding. Finally, the proposed method is deployed on the text data set involving power complaints
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in the self-crawling Internet user messages to complete the topic clustering of the complaint text, and
the effect of several existing topic recognition algorithms on the same data set is compared, which
proves the effectiveness of the proposed model.
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Figure 1. Principle of word embedding

Bl 1 AEANRE

A HRN B 2 LA one-hot ZRADEE 7 RAVE N ERTFBL, BEEIRE = RN, JET 002 W48 /i #2380
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2.1. Word2Vec

Word2Vec J& — i S it 25 T4 28 X 28 R TRl RN TV o eI I SOACER IR b SOORAHE T B i), B ise e ahe
BRI B A {wy, W, Wy, | T Word2Vec B H FR A2 b T T SO ] 1 T 45 = (1) M 2 A v
P(Wi—m'""Wi—l’WiJrl""’Wier |Wi): ' H P(Wj |Wi) 1)
j#i,j=1-m
R, KN AEERG GRS, T RN R SR E KNV, iR ALERE Y D, W]
SE XA VD JERERAFAE IR o R EENAZR IS RN Vi) one-hot gt fE,  H o LR AR S
A E B BRI OR/N VBRI D X, R EHRN R Zi Sy KT EATHIN RLG AR,
Al K (2) M E(3) KR
logits(x; ) =zW +b )
¥, = softmax (logits(x; )) (©))

b, logits(x) &R x; FIARARAELL 70 8, W 2 D*V BUEAERE, b RMEXRE, § & . @i
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Fﬁi%%a(logits(xn)wj)zlo

SR A A A 192 ST B, GORRR AL ERAR A 7 3. 0 B A I U — A 11 5370 L ) 43
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WeAEIZRE wy B H AR S BOMER . Rl 47 S, RomIZRia) wa ZE IR B 4R )5 1) B AR ial o A 15 0L
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FERE— 0 A] LLIE T w, B — 2830 238 55— DA, 104E wyo X5 T — AN AR LI 2%, 7T BLE CMTH
K Wa 2wy BRSO P(wa, wp), B SERRRER 13 (Wa, Wo) FIALEEAE S wo FHIE R FT A L A SR P &
bb. JERLAREAERE A MBEHUERE S, FeAg il IR N (12) %%

(]

P(wW,,w,)=A, Z'Ahu =S (12)

XTSI P ISR R R, ] DAAE I A T b ST BE AL E S A I R3] R B o — At
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FE G B BT TAE L SURRT, W AEE R MR AR 7 BEAN &, B B 208 5 2R X ).
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TERRABT B, Bert i8IS XU m] Jm i s JUEHE, HbrsRECN P(wg |w1,---,w¢71,w§+1,---,wn) , Bert {574k
R 2 Fis o

BARIET Bert RIS, RRIEMX 2 EA Frie s, (HE 44 EK[22]. Sentence-Bert 4 | 45 i
Bert 5L 7R B 1) TIPS N X 28 o1 SRR ), AN TR KSR T 1IN R R

Sentence-Bert 7 Bert %t rRsn 7 — M ERAE, DLS I R A) iR . £ Sentence-Bert
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Figure 2. Structure diagram of Bert
2. Bert Z5# (&

XIT Sentence-Bert X173 K HARBRAL, FATHHRA T a Al b [9%7) T 5ICREER [a—b[ EHGEK, A
JE EI LRI ZR LR Wy, I1x(15):

0 = softmax (Wt (a,b,|a—b|)) (15)

Hrr, W, e R®™, n RATIRANRLEL, k2R, TATMRA T30, sl 3 pis.

‘ Softmax classifier ‘

A
‘ (a,b,]a-b]) ‘
— O
a b
A 5
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f )
‘ Bert ‘ ‘ Bert |

Figure 3. Classification objective function
structure of Sentence-Bert

[& 3. Sentence-Bert 894> 2 B ¥R iR #4540

Xf T Sentence-Bert (1) [H] 5 HAx k£, w7 LUBE THEIRN T a Al b (74N 0) 1 IR SZARBLRE KSR A o
FEIX AL I R EB KA R EH bR 3, A B AR R B S an & 4 fros .

XtF Sentence-Bert [ = E & HIRRE, Hw—MHiEh) a, —NIEAp, —ANfn, =JudHkn]
L2, (75 a fil p Z BRI T a flln ZIRIIBE S . E50% b, T EH/MELL NIRRT

max( sa—sp||—||sa—sn||+g,0) (16)

Horb, s, RoR alnlp MAJ RN, || - |FRERES, 7EIX AR IR IREE B, T45R & Wik s, b s, BRI sq.
i AR, AT P A H AU AN ) 1 O A RN SR SR A T K

DOI: 10.12677/csa.2023.134084 858 MR 5 R


https://doi.org/10.12677/csa.2023.134084

XFEM 5

-1..1
Cosine-similarity(a,b)
N e
x x
‘ pooling ‘ ‘ Poling ‘
5 5
‘ Bert ‘ ‘ Bert ‘

Figure 4. Regression objective function structure of Sentence-Bert
[& 4. Sentence-Bert BY[E1)3 B #ReR# L5

3.2. IEERAERIE

N T BUEAR SR M TR RN, AR 7 — N ABF ARG i 248, HW AR BT
FEIRE TR g . fEEEIREC T, £F%F H bR, FATR A selenium + ChromeDriver J57%Al request
AT ITVETT R T eI I TE L, H AR sl 2y - 48 T H g 0l B S A, 2% 48 T 055 I ol B 5 AR e bl I
H T BER B SCAS o DAIRT AL ) I PHOGBRBOR: H i 1B S iR e, B AR SR il 5 pos.

PANMEEY momx.. m==

B [RiFR: Biph=mhEElHARERE2EEE

Enm Al BT 1 02EEA N, NMAEFEEEEER, BATHAE, ETIURIET.
SElEEERERRE, BrUETERENESEEEESE, TEETRERT, IEShETEER
i, SRS T, SRESFRESEANEENEE.

Figure 5. Example of objective source data in this study

Bl 5. A BiRiRHERA

G S HARE 5 B S5, BREEURIETE S R KR ERA L. 2810, X T Bert S5K
FEHRNAE Y, LA Dy b B GAEAT W] DA B BE 7317 2 5 20 M SEAIL 45 SR [23], I HL AT EA 29I R) T4
Pl ASSCR AL EE B 2R BN 5 L BT . AEPFBROCARRR 1R LA IE M RIE AL e R e 7, 4
I EAE RISkl SUE BRI SOAR LR AR ISR . Dl JATIE 1 BE DU R Je oA,
i R S H R e B AN A SR SO . AE L BRI TT T, FRATTAE B TR A5 AR AN 7T RE 45 A 2
F TR PE RN R LR FE R AR AN ] 6 BT

WA 5 FronrIB B, AT DL N R SE A _E BRSO SRR AL 4E RO SR THE SCR R, i
Sentence-Bert R LLSEHLHAFIISRIS . X T REAIEE RIT EATAREE, AT ASEEL L it Dy VR SCA 1
A o

4. SKESERSR

FESEIGH Sy, BAVE A IR AE R FREL 7 A6 E BN . KT O T B SR A R
BB 4R T B Ml el AL = W, DL &1 12345 fE4R B S kit 2016 45 1 H 1 H & 2020 4£
6 A 30 A K IR RISCA 115326 4%, KL AUE BRI B #5304 90035 4% .
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if CORK L ER
else A FAL IR SOAAE
ZEBR 15 HI i
FEETRIR A
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if (L <p)
DTS
Else
JIVNTZEY 3
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12, EEAFTENIRE
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Figure 6. Topic recognition based on deep embedding clustering

B 6. ETREMARLHIETIAZ

4.1. SMERIBRRITAN

TER—FI B 52, RBREEBRPM A B 2%, MELUMEH 70 8 e . Fy 2RI E bR
Rt BRIV Fabr— M EFE A FBVEAT . AMBVRA R SGUR M = K3, A AMEVPAN R AR X B
BRI VAN RS, H AT T RN .

FrifEtk HA7 2. (Normalized Mutual Information, NMI) & — Rk 48 i (1 3 5 SR PN P 28 AW & 2
(RIZR AR AN RS, & Lan=X(17):

1(C)
(H(Q)+H(C)/2)
Horb, 1 RREER, HRRE, ZEEUEN T, 1), EBRSCORBRE . AR HALE S 9 T
ZACARMREAELE, % E T AR 7 iR A A R0 NMIL R, SEIR 45 Runk 1 fis.

NMI(Q,C) = 7

Table 1. Comparison of clustering NMI index among algorithms
= 1. SEEREA NMI FEiRxdtL

AR F 14 BK =2\
sk-means 0.307 0.342 0.289
SDEC 0.516 0.544 0.501
KB-DBSCAN 0.479 0.505 0.436
Birch 0.505 0.552 0.464
IRFEIRNER 0.697 0.713 0.680

e 1R, SEI B 43K 0 BB 3235 A0 4% sk-means [15]. SDEC [16]L4 A2 KB-DBSCAN [17], ixit
HIEHEAE K-means. DBSCAN. 145 [0 4% 55 48 ML SRR I al B Dodk BBk . S XTI BEAHLL, A
P& IR BE RN SR B A AR I NMI A .
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EEFR AR IR A M R ANEVEA FE bR, B R IR BN — RV R, R IR R B L
. HETERBLE RN A, AR R 22 4535 £ (Adjusted Rand Index, ARI), W1z(18)Fr7x:

HEGER)E)
122 HG)R) )

Hop, ng RoRFERAL T8 x 5Ky PIREAREE, afom x PRREASE, bRy PIEASE, nk
B IIREAS R . SKIRAIRINE 2 PR,

(18)

Table 2. Comparison of clustering AMI index among algorithms
= 2. BEERA AMI FEIRxTEE

AR F 14 =P =2\
sk-means 0.511 0.539 0.495
SDEC 0.644 0.668 0.629
KB-DBSCAN 0.919 0.928 0.905
Birch 0.877 0.896 0.854
REEHRNRAE 0.912 0.920 0.903

W4 2 pos, ASCERI R RAALH AR 85, JF H S5 ®AIUREIEZRR/N, 254 NMI AT ARI
fabm, A RAYOAAR SR 1 AR R RO R R A
4.2. BHEFFEHSTHT

IS )P4 ARk UGC o dT B EE 4R bR, UONTELR UGC AEAE R BRI, I A AT F 4R M T SC4# 5K
IFAEZEN o BATR L 7 A SCHR SRR AT ISR AR B [R) Mol o O IRD R4, &5 R anl&l 7 B

A

B sk-means

120 | SDEC
KB-DBSCAN

B Birch
10091 ik
80 — §
60 — § §
40 — % \ §
20 | § § .
0 5)i%% 7.57i% 0%

Figure 7. Time consumption of each algorithm
E 7. &EAREFH
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WP 7 R, ARSCER I B SR R A B AR A I (T B A R, 0T B R R B A S e, R
) TFE S 3Pk 55 B A s .

4.3. {EBRBER

I BRSO K RS RAT AR 2, AT 1 BRSO IR RN S R AT AR R I R
FAIAER T SCARECR D IR/ R, TR EAR AT AR 45 R0k 3 s

Table 3. Topic recognition result of power complaints

3. BARIFERIRA G R
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W21 L RO e — A I T 3500 £, ML T, IR e
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SR R, HEE KA LR 170 EDAR F/F 4 R I MOR 2, A TEAL -
s s S W R A R T, JRAS EAE, RIBFRA T
%Al R PTR ISR T SORBIE] T BTk L T LSRR, Ak A
Pl L JUIPPNE R Sl AT o, Zll 178 52 % TRV B T 4 e e

FELE 3 v, TR UZ I P (SO BCRHE Y, WL B R e 2 (R T 9 T 20 4 M T R
BeAt, KA TR R AL . DL S e A e SR BRI O B, 20 B % ) SR B3] 3R] 25
8 F7R s

B

T

g RS
iiEEER  (ERERHT
-

Figure 8. Word cloud of potential safety hazard
8. RERBIEFIAR

AR A BB SR IR URAE Y BRIl U B AN, (A do/hd, R iREiRg], A R
A ZATEL T R3], BCHAE. AT AR R4S e A Bl e, FRUBSR R R 2ORIN . I TR DA i
B HETEOE A K RS, o 0 T HAB R, 7T URSE A SCER R ) 25k ) Word2Vee BEAT IR 260 HT, M
[IRAE RS S ey R PSS RN 4 PR

5. &ig
LA S VR PR . RS VR DA B A 5 RS KO R KR 5 R B TR A

FATWARATHI T AL IATILAUR,  H TSI FOT IS A Z o ASSCRR 1 — P2 T RN AU E 2R
RO RIS G R . 2 1 il itk ) Word2Vee SEEREATRAESRE,  DARRARER R4 /5
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FPEERFIERE LR, SRIGERE RN I SERE I, #id Sentence-Bert LB UG BIR 26, fe o Bt x5 5%
FIARZE I 7 RELIAE R o SRIG A5 TR B, AR SCHR Y B ] DUA Rt o) 7 26 5 FR AR R gk AT 135 /SR 2K
S0, AR AR R EE, AR W BE B T L I SRS R R e b A SR AR PRI (A o R 1
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