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Short Text Classification Based on Probabilistic Semantic Distribution

MA Cheng-Long? YAN Yong-Hong! 2

Abstract
we present a novel probabilistic semantic distribution model. Firstly, words are transformed to vectors by looking up

In short text classification, it is critical to deal with each word because of data sparsity. In this paper,

word embeddings. Secondly, the universal background semantic model is trained based on unlabelled universal data
through mixture Gaussian models. Then, target models are obtained by adapting the background model for each domain
training data. Finally, the probability of the test data belonging to each target model is calculated. Experimental results
demonstrate that our approach can make best use of each word and effectively reduce the influence of training data size.
In comparison with the methods of support vector machine (SVM) and MaxEnt, the proposed method gains a 17.7 %

relative accuracy improvement.
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Lucenel®l xif 4 5L 77 B} 2 57 R 51, 18 5 A4 7 1F B Rl
3N Lucene 32 [1] (448 2R 45 A R B AMRAE; SC
FR (7] H2 ol SO B ek ) S A SR A MR AR 2
TEAH X4 Bl B LDA (Latent Dirichlet alloca-
tion)®! A5 TR, A1 Wb SCAS 1 eI AT S
B FBURE, 5REBRIERA A TIIgM a2 b
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WIAHE HARE T AR B IZ W, SCHR (9] 2 R
T AR R ARRE, B A R R 48 0 4 AT AR A
WL R THEA) T RER R &N, SCHk [10] 34
RS RSO oh ] 58 i i B i < &t (Paragraph
vector) FMEE:, SCHR [11] 48 i Sh S5 B 2 0 4,
AT AL A, T2 A1 33 k-max pooling
PRI A R AL

FLTSCHR (7], S TR AR S Hc it B
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Fig.1 Short text classification based on universal

semantic background model
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PR 1) O i ) B, 12 ) MR A R A2 B ] Bk
S RO BRI 2505 2 B 4E B2k 300 1 7R] K
3.2 SEHRAER

= iR & B 8 (Gaussian  mixture model,
GMM) fE R — Bl B AR ALY, B B g e
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A A — A M A e A
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RS R wk =1, M RAE
A RLER, Wi Y, we = L SRS
R R RUA R pr(ds) ZRINT:

EE eI RECRTARTE)
(5)

X, 25 kAR BRI E R, Xy AT
WP TT Z/H M, D @FF bR 4. Xk, GMM
FERUAE U] DA DA N S SRR

)\:{wk,uk,Zk}, k:1,2, ,M (6)

] GMM B3 XA B B T 7
% 1) GMM. 76075 B RS A i il i
1051153 2) S NDLI 6 748 B8 BT DA 35
TAR L4431, [RLICHEF GMM 4 S5 it
fiit.

33 BARRBAEEN
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JE A% (Maximum a posteriori, MAP) 2 —#f
AL DU Al 3, & Pe v S SR A T i
AT BB NEANG R, RIEH— X2 E%
WA SN SH S XSGR A, 155 H R
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Wi Doy = {dey, s deyy oo 5 die )}, XHEE— SRR
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Horp vy R s B o O AUE, DAPRAIE S8 5 4%
SEABUEAY 1 {ay, ai, o } R EERIHRIA
SR B G B AR R, W A B E AR
B N T RETE LR SR, AR LA 5
Pr A2 IR A PR S Ry ] S

4 SFWERSHH

N Y R T B 5 iR A R, AR SCRI T SCRR
(7] SROEAYTE SRR, B eI Ty SRR AN e R
XF o JPERER oM, RS R R GUHAT I, i)
B AR Bt 7 YRR SR B A A
4.1 SEWHIESFNIRE

ARSI SCHR 7] SR LAY TR R Bl A
N SERR R, I AR 3 B R K A 4 i
IEAL IR G ERR R R AR B N T ARIE
U R E P, G EICT 20 ~ 30 A Bt
Al PN SEPLIE, BH 60 AT AL 1A,
TP A A IR AR G, R UG U R ZR 1 A 20
AR AN ZREE, WIn] A2 1200 2%, %K
Py gt 1. O 7 X IGRBe AR g, 764
IR S I (8 P A BT A ) N S e dls.

2% 2 R, Joie @ S SO ] R L HE IR Tk 2 e it
$2HUA T (Porter stemming)?% 2 )5, #4 4 #id
40 % BYARE ] (RB ST 8 5 2 48 AR A Tl i Y
BT BRI A, AR N T 42K
A ME

F 1 WITEER B ES

Table 1  Statistics of web snippets data
i Sk VlERA e Hinw e
1 [ER|4 1200 300
2 AL 1200 300
3 HEZEAR 1880 330
4 HE S5 2360 300
5 FAR 220 150
6 33 880 300
7 UK 1200 300
8 rN=1 1120 300
Jeit 10 060 2280
F2 REFSE
Table 2  Statistics of unseen words
Ji 1 B3] 1)
HlEREE 26 265 21596
e e 10037 8200
RIS 4378 3677
RIS Y L 43.62 % 44.84 %

TE S A v, A SO RS (Precision, P).
A% (Recall,R). F1 {EFIHEM# (Accuracy, A)
VERPEMARAE.

4.2 X
421 B¥EE

WY BT S AT 18 1 S ORI 25
DAL A [R]85 S AR 20 0T BB A An] 52 ), YR v A
2 g v W Bl an AT i a2, X L6 S IR RS B 1 SE
AT IR, AR 1) AR EE: AR
ZRBEAE N SR, 2) NG RBGE S R
B89 (Linguistic Data Consortium) #2437 [ %k
P22 AU BURZS Headline "FHYSCA; 3) 1RA
B FH BRI IR IR G, o BIE R L
PEAT I SRR R, IR g R 2 R,

M IRATAS G I B, VR A T RE S AR 4T
HAU A RRAE 0 A1, (E2 Y o i, i T 8de
Fdk, B PI A S, IR 2 o246 g%k
P 1) FAT I SRR G, S g s 256 B ok
PR AR AL FEE 2, EEE A ToAR
YIZREE AT I8 T BN 25, 7EIR4E IR & = T
T REfE PR R o 2 AR, HE R TR A TR, T
ERHT E e A, SO 128 B IR FRk F
78.6 %o; {1 A A s, BT EIEREEKR, BRWEIET
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AR TGy, I HAE R 4R & = i AR o0 T e
BB BN I GRBAE i o R RE, RO 8 I
HEB R IBE e 75.83 Yo; Y I JCAR AU ZR 5t
+ R, RO 16, SRS MR A
H s (e 80 %.

% == S Kt — =3 K —a—iR O R

80 1
] S
i /]

5 5o
2
4 40 -
30
20 4
10 4
0 v r )
1 2 4 8 16 32 64 128 256
A

B2 SR SRR A = o 2 A 2 1 i 52 e
Fig.2 Influence of background data and
the number of GMM

422 S5EZKZRZHEL

AT Bk AS SO R YA A, AR SR LA
TN EEL RS

1) TF¥IDF + SVM/MaxEnt: 4% fif { 5% Ji
TF*IDF #4735, FIH S 8¢ &4l (Support vec-
tor machine, SVM) i K4 (MaxEnt) {E k433
e

2) LDA + MaxEnt: 7£3CHR [7] o, FIJH] LDA
R SCA AT FRRHESR I, 5 SUARRHESEAT A, F
M MaxEnt #4753 JA AL 1 5.

3) Wiki feature + SVM: Xf 4k 371 Rl g 4is" i
AR TARSS: . M T A S A 2 J5,
Lucene X} HENZRG], X4 — F% 50 A S 05 B 2
iR, ARG, KRS [5] 4 i,
R 5 BHEE B AR E R BN SCASRRE S 72 3
JRAG R SRR . AT SCER (5] AT iR Rk
55, FRATTRF Al A J5 0 SCA T4 S04 932K

4) Paragraph vector + SVM: 3k [10] 42 H
TR TC B R I, A e B ) B R AR
KeaA. BRI R 4 R IR A TR S
TERE, I H R SCAS I B 3R R e . IR R
] DA A SCARS B e S 2

5) LSTM (Long short term memory): X3
Wk [24] H4E ) LSTM BIBUSEAT & 0, H 251
NE—) LSTM 2. WEHHAL)ZE (Average pooling
layer) 12 %&[n]H)Z (Logistic regression layer), fiff
HAB AT SO 23]

thttp://download.wikipedia.com/enwiki/
2http://word2vec.googlecode.com/svn/trunk/

TEAB G SUAR o3 K YA, 1 2 F) H TRl 49 A
74 (Bag of words, BoW) X SCARE Ik, THHEFRE
FUER, FE A0 Ay ) i 25 A A2 v () R AR A B ) o, B
TR R PP RGBT XM ERRAR T
B ARBE, (HR X T ARG SR 1n] i AL B BE 07 KR B
fi%.

HTEN R, 7 AR R 3 1) R 5
ST R A R DTk AE 77, AEM R B, R SR
T 2 AW, JUH R IR T & B T
40 % B AR SR A], XA R Hb N T 4y S ME
I, FE% 3 PRGN SCAR 7 205 SVM I Max-
Ent MEE AR E. AERE A RME MR E, 7
A Lucene By#RE5 L MAT R IGIE SCAY R, fE—
SERRE AR TRHER B, X JE AR I TT
ARSI A R R SO AL, TR R R AR B
T—EMIETZALRE T, e R TN gRE s B
H—NA RE, EEERRMESE RS T
17.7%, Jf Hank 4 Frsf—a0 im0 28458 F1
B TR GR 3245 8. 78 Paragraph vector Fl
LSTM X Fp A8 v, #4621 730 K&, HAR
REAA AR AR 2 A P s UAE B

*3 HEARGXHSEEEER (%)

Table 3  Experimental results of the proposed method

against other methods (%)

yipis Accuracy
TF*IDF 4+ SVM 66.14
TF*IDF + MaxEnt 66.80
LDA + MaxEnt 82.18
Wiki feature + SVM 76.89
Paragraph vector + SVM 61.90
LSTM 63.00
KSR 80.00

SCHR (7] 2320 0 3 5 EHR e S0 R A A v
& KAl 470000 f 4k 5 E BHECHE, J611 3.5GB 1y
AH 2 B AT 2 U AR I 2, BN T S B B ) Y
B AR SCHE A TR A& B B E AR 2R A 31 80 %, &AL
F3CHR (7] Y 82.18 %, {H R AR SO R MBS T
S A B B TR M. AR S ) 4 A RO, %
AT E BRI TTARZS . RS HIN LY f5, T LDA
F ALY ZhAE R 2k, AE 3 BRI 2R AR
. R H e 50. 100, 200. 300. 400 &, 1E
YIZrgE R F 732 SCIREA o e e Tk, 1%
1] 2 BN 2, A R R 2 word2vector? Il k15
FNYERE R 300 fin] R FEAE A AH R AN 1
M, A ERS 79.93% mbEeE, e TRT
LDA + MaxEnt 771 79.89 %. MiX— 5 7] LF
B, ARG AN B AT AR 2R, AN
55 SR A AH P, 2 52 e S RRRAE DT Bk B8 U 1Y
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Table 4  Evaluations of SVM, MaxEnt and the proposed method
SVM MaxEnt AL

AU, P (%) R (%) F1 P (%) R (%) F1 P (%) R (%) F1
& Bk 77.61 52.00 0.6228 70.75 50.00 0.5859 86.36 70.37 0.7755
T 73.75 63.67 0.6834 72.26 66.00 0.6899 80.31 87.29 0.8365
HEE5RH 41.98 82.00 0.5553 45.93 82.67 0.5905 81.60 68.23 0.7432
wE 85.19 76.67 0.8070 86.08 78.33 0.8202 84.54 89.93 0.8715
B 89.01 56.67 0.6925 86.94 64.33 0.7395 76.35 85.57 0.8070
Er N 76.53 50.00 0.6048 72.84 39.33 0.5108 58.82 93.33 0.7216
(R4 70.37 57.00 0.6298 68.05 60.33 0.6396 73.99 67.33 0.7051
XHEEAR 62.27 81.52 0.7060 62.86 78.48 0.6981 88.15 77.85 0.8268

—ANEBERE. FHIL, 4TI 1755 FAE 55 1
SCHR (7] A B 07 ¥ T AR R S R R Pk K
FH KRR T AN R, M—EFR R, A3
I 325 5 5 S
4.2.3 INEGEIREXNT LN RAEN
AT Bk A S R U R B B ORI, A S

VN ZR B0 R S AT B 1 20 A L9 AR P19 4%
10 oy, BRRIGIN 1 4 B4R, A A — 4
BT, 53] 10 HSLiGa5 R, Wik 3 Frs. |
T SVM #1 MaxEnt #94rZERCRAHZEA K, B
PeFE T MaxEnt {EREL RS, M I ZREE 1
b, AL Hp AR SRR ) FL 2R B R, MaxEnt
(453 FE IR AR AR R B AR, X U R i 1) A SR 2 L
R FEYNGRE A% S5 B0 (05 DR I 2Rk
(1 1/10), A7 REMS S IERIR M 47.06 % 2755
71.54 % (X4 52 %). M 53— 2l B A 58
A3 R REAS B BCR 0 ) 4, Tk @ A S0
YA KB

—o=MaxEne =i BTN = SRS = Smm TR A = 16

907"

30 % —
e
=50

& 40
T30
20

10

0

1000 2000 3000 40005000 6000 7000 8000 9000 10000
ViEe% e
3 IZREERE I/ N2 R B 5 (1)

Fig.3 Influence of training set size (1)

i i 2 o vall| 2T Y €D I NS R i 0h- AL
ARG G BAR LR G0/, E 4 Frs. 2L
A 100 2N GRBER NG LT, A SCuTE B B 7 1
R GENEIAT] 51.4 %, =T MaxEnt ¥£ 1000 2|
R TN 47.06 Y%, 36T BRI 250 b R
S SR, ] DA A B ARG I 25 5 P (s 2k

—O—HTIRAT + = 4 = 8~ || 00 + = i = 8—A— iR A HUR + @ lidk = 16
%

701 \ M A 2 4

v —v

|

100 200 300

400 500 600 700 800 900
PlEres
B4 INGREFE I 2BOR A (2)

Fig.4 Influence of training set size (2)

5 Z5ip

ARSI T AR GER SCAS i) B s ) R A, 4R
AR AT SO A AR, A R SCAR S ok H TR TR
SCBERL R — AN, A ) R R SO RO, il
JeARIC R AL T SO SR, M2 Rt
BT HIE AR 8 BRI, SR g R IR Uk 1A SCRr
ST IR AT, AR BEAE R AL AT R &R
(18 35) 2% A RO AT 1 IRt A 7820 iy SR 114 52
Wi, 6 SCAR T S RE W S0 T 1 e SCAS 73 2073,
PRAR T RN R B AR (O, B SR AR SO S 46 2R
AR T 3 R R R R SCAR I R R G SR, H
W AT 21 SVM R KA o0 R 53%, I HA
ST 5 ¥R T A R A SR, fE— AR b
ES WIS PSS
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