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B E HHREIAREFTEFAEANSEALARAREN . @G LETXREEATR A ERAE  EREFE Y F K, F8 LR
ANF TR R IEAE IR P, A xE ol R, SUF R — AR RS R ROE I BB 7 ok e IR E R £ 4R SSKU(SBERT
SimCSE K-means Umap), Z A% X A SBERT 42 LA # AT %A LK 7,. 8 A LB E SInCSE 7 B4R EH £ K-Means H %
XA FAEREATHA AERLILARAGSFAERTRELETRE, 0 Unap A G LT 2 FIHJANBHFRGAVEN R E
XA IE R A R BANLE R, KRB A K-Means ke AN#ATRE HFRREL R, £ StackOverFlow, Bi-
omedical F 4 AT EXAREERITREFRFASRNAREREL AL . ERAVIRBEAEEH A LA ELEL
FASEMNFEAF LA R IR RIF R R A MR,

KB BAXARERE NG ER  KhirE A REZLE

mEESES TP391

Study on Short Text Clustering with Unsupervised SimCSE

HE Wenhao, WU Chunjiang,ZHOU Shijie and HE Chaoxin

School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054, China

Abstract Traditional shallow text clustering methods face challenges such as limited context information,irregular use of words,
and few words with actual meaning when clustering short texts,resulting in sparse embedding representations of the text and dif-
ficulty in extracting key features. To address these issues,a deep clustering model SSKU(SBERT SimCSE Kmeans Umap) incor-
porating simple data augmentation methods is proposed in the paper. The model uses SBERT to embed short texts and fine-tunes
the text embedding model using the unsupervised SimCSE method in conjunction with the deep clustering KMeans algorithm to
improve the embedding representation of short texts to make them suitable for clustering. To improve the sparse features of short
text and optimize the embedding results, Umap manifold dimension reduction method is used to learn the local manifold structure.
Using K-Means algorithm to cluster the dimensionality-reduced embeddings,and the clustering results are obtained. Extensive ex-
periments are carried out on four publicly available short text datasets, such as StackOverFlow and Biomedical, and compared
with the latest deep clustering algorithms. The results show that the proposed model exhibits good clustering performance in
terms of both accuracy and standard mutual information evaluation metrics.

Keywords Short text,Deep clustering, Pre-training model, Dimension reduction, Natural language processing
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2) 18 F KMeans 4 B 5 2545 0 B & 50408 48 58 0y 92 % 501l
YR 5 PR TR SRR R AT O 1E— 25 S B SOAR 1 i A
Fom I IHGE TR M I 2B L 7 1k 2T A R &R
WG S5 0 U255 19 SCA R 7R HEAT AR

DFE 4 AN IFRARSE LT T T2 S I S R e kY IR
J 3R 28 7 VR AT AT LG L R S I AR SCRE R Y AL . A AR
BOHE G B R A ROE T AR SO BN B 5 O R I R B L O AT
T R S 56y S IE T AR v 5 SRR A L B

2 MHEXHR

2.1 XEBMNFE

B CAR RIS TT R T W 1 RBUCCARRRAE , 3R B
AR AR R 2) R T EXS D A R A #4758
Fe o SCAR R A Y R A T R i e 2 RS

B G811 1) 2 dir A D7 K0 B T G0 T S B L ) 0 4 4% A5 Y
(Bag of Words, BOW) il 1) Jii-3¥0 3C 44 45 % ( Term Frequency
Inverse Document Frequency, TF-IDF), 1 F & LA iy 1
T BABR T A A R R R, F 8
R T 1) o g A o) () B R A 1% G A LR O kR
A, VFZBEITE R R AN R SR E AT 7 Bl A Hu
4500 Banerjee %0 FH 4k 5 T RE 04 HR R HHE X SCAS EAT B
FE . BUH NG 2 A SO A I S K P SO oK 3R SO AR 3k
A8 77, AHIX S0y 1 40 A1 (0 500 Ok U 45 A 40 s 7 2
o7 450 3R A R BRI

AR BE T e 0 1) B2 4 A D vk L R R BE A T N R g A
B SCAR % A B9 2R BE 70 B3, HL A O [ R BE 9 1 L3RR 1Y fig
J1. Word2Vec™ J& LU Y b T SCHE Wl & SO 5 20l 4045
) ) 1] A ARY 2 AR A A TR S B — A )
DL 3RA % B B iRk A R . Word2 Vee Y2515 5 19 i A F R
5 g — X — SRR R A LR SO B A —H#
B S, IRt 22 SCAR) ) ) A8EC v i o

Wi R BE 2 ) 1k el i 28 08 bR SO BN 6] 35 X
WA TR 2 AR TT . Hp R A O vk 2 T DL Trans-
former Sy FEREARAL (1) 5 W B 2 2) J7 ¥ ok U 210 Bt 1B A o 1)
5 98] (0] 18 S R MBI R A . BERT Bl 2R 52 Google
VATE W B i J 2 R e A T SCAR I 1 1 75 BT L 1A
B BT 42 UG KPR ) A5 LG AR 48 1] 1R A T R R IE U B
BLEZA NLP ARSI A BRI, b T 25,

BERT i 11} 1% 17 [7] 42t 7E [n] $2t 25 (6] o 52 90 AL TR 43 A, & 480174 1)
4 ST I CHE T, PR A3 ) 3 8 Jit it o DAL ] e A\ T] B 25 O g
ARG 4t 3 05 30 1) A9 £ SO DG PE , ZE AR BLBEAT: 55 L R A 2% .

SBERT™ #i il 45 45 % fiff i 22 4= (Siamese) 1 = &% (Trip-
le) BERT ¥ 4% 45 #% ok 3% #5941 74 A, (il FH 4% 5% AR LB 58 Bk
FG 5 WA 1 P 8 S AT L AR B SCMI B A 7. M E
BERT Xt 45 SCA 647 4t R A SBER'T T 1] R 455 18 44 5 ¢ SC
A HIALRE S AT 45 [ A R AT
2.2 REBEAX

BRETWB %I T AR PR Z—, L+ 4k —
HZA W EE, K70 R 275 K-Means™ L)
F 1o 7 1R A 0 O AR 0 - A 0 s () P A i BE R X %
AR R A A R E R . EARK P Z PR T Tl
R RS R E L RE B B SRERREST
ARGE G 3 Ao VR 2 I 4% 5 K 10 3R R B8 D R AR FE IR Bk
PERE RSB IE R 51 S M 4 ) 4 2 S A R AR AE . Xie
U T FE T KL BUE B IR B R AR KL S R
FH T30 — A B 25 57 00 4 B 245 G008 5 1) SR 2R 4 SRR 2 i
A5 3 i B2 B2 T A AT K FL R Ry R B 8 A 2K (Deep Embed-
ding Clustering, DEC) . 1% J7 ¥ /2 £ 5 i B0 R &% AT A0 6 I
BEFLZ —, Hadifar " S0H T WU 25 8] 0K 28 45 148
2% V) A i S o L 9 2 WA AER 4 14 32 45 R 78 1 A TT L it o S S
ENEE KA TN

Zhang SFUVHE T — R 3L F X bR 3T B M SR BT
5 (SCCL) 5L 51X 2 o) SR BE R AR LS A A L A
T0L 1) T 19 2R 2 488 2 R B8 1) L i1 S 510 6 48 2K A 22 A B
% FHUE TSRS R, HIIE T Xt 2 S 7R R B RN A
MR AT M. Wang 1200 S LRI R 2 IR B 2% I M & L 42
T — R F NMF 1) LB 2% 20 Rk
GDLMC, #£ AN 7] 28 5] (9 B o 46 1238 R 45 K B, Pugachev
DT W BF SR F W . R Transformer 15 2 4 1] & 45 & A [ (9 38
ZEO T LB S ] TR E SR 26 4E 55 . McConville %0 (1Y
WEF BT, ) Bl g B 25 00 A1 JR 358 T 2 2 X & IR O e O
B 25 2 A 200 o 48 Fl Umap™™™ (Uniform Manifold Approxi-
mation and Projection) 77 ¥ #li #& £4 4% J& % 09 9 & 45 4 & B

B,
3 SSKU &5

NP 1 TR, SSKU A58 BUAME 48 | SCAR R A L U4
A oM EE R AR IR 2 5 E A A, BRI AR AR - 1) SO
AR A SBERT %) 4 A6 58 3CAS #0335 2) B MBI 25, R A
6 W A A B4 B 7 1 SimCSE X 3C AR i A 35 % i AT
WA, B G K-Means R F H 1k 5 SimCSE 75 % &)
SBERT #FAT i, 1 5 % A B9 FAERE 7754 Umap i ALl
F Umap I 2 R 2 550 10 % SCACHEAT 50 A 75 B SCA (19 1% 4
0 Sk Xt B 4 ) st 1] S R 4 i) R i TR RS B 5 5) K,
fd F K-Means 52550 SCA By e i A AT R 2K



BRSCH L AF L RlA JC B SimCSE # J8 SCAS B 240 5% 73
- e ~
’ \
I/ \\
: SimCSE :
| |
] % I
: i 3 T 2. B WIS !
] * b SimCSE :
| : . : |
Vil O | o
: ¢ # — e i |
| e B 1 I
: 7 K-Means % A :
| |
: Trm Block 1 Trm Block 6 \_/ o :
1 3.EKA A |
: & Loss=7 KL (P Q) loss+ (1-1) Contrastive loss :
N A L
Ly K- Means
0%
4. Umap EH A\ z' 5. K-Means % % Clusters
£ 1 SSKU # R
Fig. 1 SSKU model
3.1 EXARBANER A (2) iR
AR SBERT AE B30 AR A TT 5. 1% 19 45 1 2y L=—log e
i N
e T AR A A AR BLEE BE AT 45 E IR #5 BERT 7E ik e (2)

SCFETR b O B U ZR A% B0 A T A A T AT T AR B
FE R AT 45 . SBERT BAA 3 ﬁlﬁlléﬁﬁﬁ‘fﬁ BERT i#
NG R AT SO L A A A AT 5. A WA SR AR
B, ﬁf‘a%iitﬁ%ﬂ%ﬁ/@%ﬂxﬁﬂﬁ;i BERT #4741 42
B g 5, 28 AL 2 5 AL M R AE ) & w M v, il 2d Cosine 715
uMly BARRLEE RSB SCAR A 53CA B B K RUEE; A
MSEGCEJ5 ¥R 2O fE A B g, Hiba A== D PR .

MSE=%i(y,*y,/)z 5D
i=1

o,y 5 3, S B FRE A REAS ) LSS 5 B 0 o RE
ARANKL . TN ZR3R BN 35 SCAR I A ) 0 A 1) B AR
AR A7 AR ABLRE 3155

3.2 FTME SimCSE #iE1838 Fi%

BERT Z&/8% A0 75 2] 14 1) it A 2 7% 78 25 6] 40 Aii AR ¥ 47, 52
HEIE 3 A o e AT R 5 A B A YR L T AR A9 3] At B J
Ko T 9 iR) 55 AR ST IR] Ak T ) 5t A5 ] o i O (R X U] g A i)
5 A ) ) g 238 P BE S 2R 25 TR G, NS . BRI K-
Means %I SBERT 4] ¥ A S 244 5 BORE AU Y B 7] 5 2% B 5k
T AR FRAR L I LS S 00 T B IR A TR sk S Al 3 4 g
S AN IE IR R A

B b bR R R, AR SR B SimCSE 5 S B 5 45 15 i 4 %k
T K8 58 v LA W O S B R AT U L i A TR AR
IR o TR T H 2 2 B AR R O SRR AR R AT
Lo Y25 2, (45 FE ARURE AR 7 32 2 [) (%) P B 82305, T ASAH AL
TR AR () f) B 8 A K A ) 04 ) F S A BRI R B Trans-
former 4 fH WK , B T 5 ¥ A BI dropout [ i £ EKIEJ,
PRI 0H 356 A5 1 79 A Rz A9 1o i AR 3R R AN [R] . T ) AR R X
SUR ALY K HE A 3 A TE R AR B0 ﬁ#zl:%xﬁﬁlé
batch H % 3 il 25 408 1547 AL R RE A S . B Z B 2R o 2R

a=sim(h; s h; ) /7
Horr, o I BE AR VR R R R TR G 5 TE R AR TR AR ALY
TR CRMEREAD B e R A, A S B 5 ek [ 24
[F] s simChy o by ) S REAS 8] 1) 4% 5% A ARLEE .

3.3 K-Means if E R &R

B 1k R SR 2 vk LR AL AR S SImCSE 5 K-
Means R REBEA P — LA Fik A . EEHRMEH K-
Means LW GG O )G, BT B#HIT 3 ML ] DITRE
TR FEAS BJm T4 R B 3R 43 160 5 2) T 58l I MR 3 4 A O 0
HAAEIZE SBERT #ALAY A 45 5 3) & SimCSE 5 K-Means
RS 2 4 B A I 2 I 4% A 5 S AR B Y R AR O
A

K-Means ¥ B RISBER 1) HAR AR F -

DA ] K-Means 83k X% 4 A B I 455 19 A i A
TR IR L. T K-Means X 01 i L3858 Hpa 46 %
THCIRR RO, 35 R T B 0 K O X SR AR 1 A IR A AR K R
W, Ry YRR AR e A TS TR] 9 0 46 7 0 #E 4T 100 IR
K-Means TH5 , ¥ 15 BT 153 43 152 22 d /I (9 58 O AE 00 4R 1Y
BRI,

)X BEAFEA U5 TR 4 1 R BEAT R AR T T R

AT AR B T R T E AR )
FiR
A+l z;—p !

95— 2(<1+Hz—u] 55
EEP,z,jaﬁzlimﬁﬂﬁﬂ*x/\%%m,M/%mﬁilt\mic AR SOR A
A A B R 10

3IRIE Q 43 E L — i B B bR 4> A PR o 4 i
T I Al BE LA R A BE L By bk R ALt B A AR AR S H) . B B

3




74

Computer Science THEHLELZ  Vol. 50,No. 11, Nov. 2023

HArsr7i P () 5,
qi/;q;g
P/:m
okt q, FREEA DR TR B
O FEHE BN B AR AT B BT a2 o B i B
i o 2 AR b A R 2 . AR 5 ek A 4 i 2% DG TE i B E A > AR
AN i, PR 7 SR 5 2k bRBCE SCR RO T g A0 B 43 A
py Z Y KL 8, = (5 I

4)

Le=KL(P|| Q>=Z_Zp,,log"l’4 5)
ij ij

SSKU #1251 JG Wi B SimCSE 5 % 585 B4 Y0 45, 1h
2 (2) AT A5, A B 25 ek B A AN 2 (6) TR

L=AL.+0—MDL, 6)
Forh Lo BB s Ly S B8 B SR A 5 4 g 5 i i A 25 )
WA AR ) R B R T AT 552 30 T 45 2R 28 4T 55 5 40 448
S A 55 G AT A% S (g, R R 39 R AT Y T g AR 1Y iR
A A I8 A b4y A 7R R S 8] SOTE SR R i A
UNINE B2 P PR Nl [N 8 R E7 NS N N
ABHRO.1,

3.4 Umap E#RANF %

Umap & —F 3 T 3 JE 2% = B AR B Fh 0 53 7 B A 1Y
e 5k . HARME T 3 AN, BNEUIR 350 40 1 72 B 2 i TE
BRI R R B TR R R Y. MR i e
15 o T LA PR ASERA 1 40 205 40 6 30 T 08 4 7 AL, 3 3o 19 R L e
AT 1) S5 S3RSR 0 I A 1) BB A A A B B Ok R i A . M AR
T HE Al 37 2K A 4 3k (AN Tsomapt'™) . Umap £ 35K i # 2%
NIRRT ELZ N ERSGW, I LA ELWN
BATHERE . A A Umap X UIZR G (09 AT A 2R 647 5 ik
A DU & T3S A R A R IR

4 LWERSHH

4.1 ZWHEE
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8 NI 12340 ZJE A,

StackOverflow"'" ; Kaggle & 7 B9 5088 0 78, Xu %3k
BT H P 20 AIREIZEAH 1Y 20000 AR EE H .
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ForpBALEESE T 20 403 20000 55 98 SCHR AR . BT B 16 SCHR A
KK EH 53,

AgNews™ . AG #i I Ar BHERHE ) FHUE . 858 AG
TR T 4 A B R MR, 4 B A R E SR R
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# 1 BUREIER

Table 1 Dataset details
Dataset C T L
SearchSnippets 8 12340 18
StackOverflow 20 20000 8
AgNews 4 8000 23
Biomedical 20 20000 13
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CPU & Intel B % i7-7700K, GPU & NVIDIAGeForce
RTX2080Ti,

4.3 EBRPE

TEARSCS S v, 38 5 SBERT 1 I 25 455 8 11 3t £k J2 3% B
—A~ 384 Hi 1) i AE N A SCA R A KR . AR SO G B
SimCSE %f SBERT ## JE 47 17 W5 I 25 L 6 ) T A % 45 5
— AN ) [ L A A A R s ) A R R B iR AL &
BRI G B A SCAE B AL S 09 1 S, 754 A B 2R 28
Do 2% , ) FH 3 25 45 R R 1) A0 Ak T )11 2 A A 5 SR BT RL S 4,
Sy By 1k 2R AR L ISR Ak A, ] JC W B SimCSE #61 5% eR 48
%A KL WU PR 3% By B S PR 350 2 bR 40, 38 3 A5 W7 O A A
AL 1 A REASAG T Q FH B B AR 4341 P IRL Y BE B, ok 31 5 2R
FWERA R . XA IS BT A3 B By A Umap #5475 %
Ao eJE i K-Means 575 X 5 & dm A 45 FPEAT R K,

75 S5 ot B v 3 ] SGD A Ak 4% 8l it (Momentum)
WE N 0.99, batchsize Be & 64, IR 2% 2 F i 0. 003, [
W2 epoch Sk 80, Bk & Y2k epoch hy 30,

4.4 TEMrIBER

AR B (Accuracy, ACC) 5 F7 #fE B {5 &
(Normalized Mutual Information, NMD) 1 b #& 5 3 4 8 #5 .
A K ACCHAARWMT .

3(S: emap(r))

ACC:'I* (7)
Hor r R BIE AR S N B SLAR 4 N B S i A4
8 RGN KA s ma p 27 A AR 1 3 B4 TC , BT A5 L A5
) 8RR e S A BOHE S bR A AR R BN = (8D TR

1, ifa=b
5(a,b):{ (8)

0, otherwise
NMI i TR 25 WA R R AL 2 . NMI
HAAXWT .
MIWU,V)

NMIU VO = =y . B ) %

Horp,MI b 5 {5 B (Mutual Information), HC * ) N {Z B,
FC- )R LUdE LA -2, an=X (100 iF 7 28 0] RAGE F 35 R 7
B, AD R,

Flxy,x2:)= Va2, (10)
Fla, sz% an

ST %oF L S Y A R R A T v TR AT AR
AR ST AR LA -3 L 55 SCRRE9-107]Hp B9 36 L O ¥k R 45 — B
NMI #5520 R g

‘ . MIWU.LV)
NMIWU V) =2 505 T 107 (12)

4.5 3FEbAk

SR UE B AR SO VLR A SR IS R R A (M e
WA kAR R e 2,

BoW 5 TF-IDF: £ 1500 4 AH ¢ 5 4F 1 8 J§ K-Means
B L% BoW 1 TF-IDF J7 i #4734 .



RS, 45 G o B SimCSE 19 7 30 3R 28 5¢

75

STCCHT . %k 4 A B 48 46 i -l Word2Vee J5 i Il 45 i 3¢
AR A b — B Mg, Uik—% £ 5 A K-
Means #1755 Ja B BER R FOR .

Self-Train™'* . ffi Ffl SIF 3858 Wl Zhid i A . 22 I
YR B % A, T A ST Lo A IR T7 1L % B g i g AT

HAC-SD™ . 75 Bt ) %oF 48 B0 M 46 B b 1y )2 R 3R 2%
SO A P S8 o K AR T 2 B 0 A LM A A 3 T
N,

SCCLMY 4 5z % b2 37 5 Xie 4577 2 10 I J3 5 2%
Ry SR A= RN e T PN = D W WS P
FR AR K, LA S 50 A 1 28 i) B R 2 P R S
4.6 ZWHERHH

AR ST 06 0 FH IR 2EAE B0 5 b o TR B N PR AR bR . B
5 RIS (1 Ry doe 2 85 B, A0 AH W] B B0 4R BT
5N LS L5 2 B T SIER Y AR,

#2 XMHLEHEHRESEER

Table 2 Accuracy and mutual information of comparative
experiments
StackOverflow AgNews SearchSnippets  Biomedical
methods

ACC NMI ACC NMI ACC NMI ACC NMI

BoW 18.5 14.0 27.6 2.6 24.3 9.3 14.3 9.2
TF-1DF 58.4 58.7 34.5 11.9 31.5 19.2 28.3 23.2
STCC 51.1 49.0 - - 77.0 63.2 43.6 38.1
Self-Train  59.8 54.8 - - 77.1 56.7 54.8 47.1
HAC-SD 64.8 59.5 81.9 54.6 82.7 63.8 40.1 33.5
SCCL 75.5 74.5 88.2 68.2 85.2 71.1 46.2 41.5
SSKU 85.6 76.5 84.9 64.1 81.2 69. 6 55.4  49.3

A 2 P RIAR

1)SSKU 7E 4 A~ SCA B 4 rh 347 32 9010 R 47 1 2R 250k
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Table 3 Results of ablation experiment(1)

StackOverflow SearchSnippets

methods
ACC NMI ACC NMI
SBert 72.0 70.0 74.5 59.5
SBert-Umap 76.7 71.6 78.3 68.8
Sbert-SimCse 75.2 71.4. 73.4 59.5
SSK 80.8 74.4 74.6 59.5
SSKU 85.6 76.5 81.2 69.6
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Fig. 2 Visualization of SBERT and SBERT_Umap on

StackOverFlow dataset
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Fig. 3 Visualisation results of SSKU method on StackOverFlow

dataset
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