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Research on Chinése Short Text Classification Based on Word2Vec

WANG Jing, LUO Lang, WANG De-Qiang
(School of Computer Science, South-Central University for Nationalities, Wuhan 430074, China)

Abstract: To address the problems such as the inherent sparsity in the short text and the “lexical gap” of traditional
classification model, using Word2Vec model to map words to a spatial vector of low-dimensional real number according
to context semantic relations can effectively ease the sparse feature issue of short text. However, further study found that
only using Word2Vec will ignore the influence of different parts of speech on the short text. Therefc;;e,'we introduce part
of speech to improve the feature weighting approach, in which the contribution of speech is embedded into the traditional
TF-IDF algorithm to calculate the weight of the words in the short text, and fhe vector of short text is generated by
combining the word vector of Word2Vec. Finally, we use the SVM to achieve short text classification. Experimental
results on Fudan University Chinese text classification corpus validate the effectiveness of the proposed method.
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ASLHR I 53 SRR AR R SCAR 3 S I i () 4
52 PTF-IDF BUH RE BRI A5 B 1 7
KR, T EM ¢ PTF-IDF HiE I R E 2450 H4
WEAFNE R, T Word2Vec IS PTF-
IDF 5LE 45 & 378 B CAS 18] AE SVML o3 2R45% T )
I RRRAA, ﬁﬁlﬁ%&ﬁ%%ﬂ%’ﬂh F1 fH &K ) 5
B E N PTF-IDF Sk AU E R %

EH T 3 1] 1 44 1] o 45 SCAS PN 25 1R R AR e ) R0,
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0.1 MK Ka, B, y IIME. 50 SLI0 45 F a3k 3 fios.

*3 FLESNERICKR

a P Y F1(%) a By F1(%)
05 04 03 92.15 07 06 05 92.03
05 04 0.1 90.12 07 06 0.1 89.39
05 03 02 91.52 0.7 05 02 91.26
05 02 0.1 89.98 07 04 03 91.99
06 05 03 90.03 07 03 0.1 89.79
06 05 0.1 89.96 0.8 0.7 05 90.38
06 04 0.1 91.72 08 06 04 91.70
06 03 02 93.01 08 04 02 92.79
06 02 0.1 90.08 08 02", 0.1 7788.98

NP E S
44 ZHXEES59Hh

ASCH 4y 5dE B TF-IDF. #){8 Word2Vec. TF-
IDF fin# Word2Vec LA & PTF-IDF Jin# Word2Vec Y
TR 2 St S 6 5 4 H 0 I s R R AT 4026

X TF-IDF 4r A8, ff ] Scikit-learn $2 1]
TfidfVectorizer HH4E BUSCACRIAIE F744 50 SO A ] 24K,
BI{H Word2Vec HE RS 1H 5 — 5 A SCAS H i i
Word2Vec #7145 H Y Word2Vee il [4] & 112 1H.
TF-IDF /It Word2Vee B {4 KIS0 svia] 1 e ALty
R () TF-IDF ARE 43 1 11 Word2Vee ¥
T 4, SN 1) A B 0 A S SCAS 1 B R
PTE<IDF K Word2Vec % 55 TF-IDF fil i
Word2Vec #1340, H & 5] G o 5Tk K 7 il TF-
IDF 535, 454 5 R 1l P 5 ) 5y il 1) 52 Tt 7 AS [+) 1)
BOE, MR 4.3 /N7 oBCE R B E S5,
a, B, y I E N 0.6, 03, 0.2.

SEA oy LI E A Scikit-learn $2 A1)
LinearSVM 5%, P 86 % A 193 28 IR AIE, Wl 45
BHMERZE (P). BIIZE (R). F1 48FRHEATIVE, M5
SRR 4387 Pyl Hrphl CL. C2. C3. C4 4>
BREZ AR Kb, 25K, BUAAK, avg A%
C1-C4 HIF¥A. \

\ \
# 4 TF-IDF B Bz %)

ESi g P R F1
C1 L 188.00s 88.89 88.44
g2 90.65 93.03 91.82
©3 94.24 86.75 90.34
" ca 86.35 92.11 89.14
avg 89.81 90.20 89.94

SR B R Ha, B, yﬁ%ﬂﬂ;&w 0.6. 0.3. 0.2 i,
I H AT, FIE AT % 93.01%. Ya, B, v 0.8,
0.4, 0.2 BFHIK, F1AEHIEE] 92.79%, 1fi Ya, B, y —=F
REHIER, We, B,y MHL 0.5, 0.4, 0.3 F10.7.
0.6 0.5 I 240 F J5l TE-IDF %5 Word2Vec 1 [f] &
TNBCR AN, 432 Fad v, et 30AE T 51 G P 5Tk
D5 7~ e TF-IDF S0y i SCAR 73 80 G 240rE. (HHFA
2 FITAS 1A 1A 1 TR DR 1 2 A R RE EAS AN B 1 RUR,
3 437 A T AN B ] 1A T 2 S Ath 1 2 YD BT R
JE B 5 L S T 2 5 N . DA b ok - 3 O R 1 M Tk
DR 720 &, 3RAS S A (1] ) S AN EE R4, W7 ABR T4 S

#5  MH Word2Vec BB (B %)

el P R Fl1
Cl 86.49 91.43 88.89
2 95.95 89.44 92.58
c3 88.54 92.98 90.71
C4 96.18 89.36 92.64
avg 91.79 90.80 91.21

% 6  TF-IDF A Word2Vec Fi# (FAAZ: %)

el P R Fl

Cl 94.78 87.20 90.83
2 91.67 94.78 93.20
c3 89.84 96.14 92.88
C4 99.19 85.92 92.08
avg 93.87 91.01 92.25
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# 7 PTF-IDF i Word2Vec #7Y (P47 %)

9 P R Fl
Cl1 91.76 93.91 92.82
Cc2 91.43 94.12 92.76
C3 94.04 92.73 93.38
C4 95.29 92.30 93.77
avg 93.13 93.27 93.18
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Word2Vec #87E SVM 43 2588 ERTERAZE . HRIZE D
M F1fH It TF-IDF # B A5 A 42 7+, Bk ik 1
Word2Vec £ 81 8 B 55 SC AR 40 10 AT AT 1 B &
Word2Vec 18 fT AE il 1] 7] 5t Ll AR GoisE B BT 2B R
i [ B B BB AT R R R SCRYRRAE .

T TF-IDF ALK Word2Vec 5 B4 4 Lk #4548

Word2Vec 7 X it &, 75 SVM 4> 388 ki 2%

HHPF SRR HIE K, FLE R 2.08%,
0.21%, 1.04%. iX V5T TF-IDF AL & 0] LA fif
Word2Vec *ﬁiﬂi@zﬂﬂﬁ‘\iﬁ? IFi) 7 R S AR )
%, TF-IDF AL Word2Vec ] i) & 4d ] T S0 A 4324
180 AR R B A PR

ASCHE I 5] N3P BTk S 7 1) PTF-IDF Al
Word2Vec BARUEO0S LUK 73 SRR R R e i, fHIET 2
Al LATE #E A B, 3L T PTF-IDF WAL Word2Vec
BITE Z 8085 A NE IR, B a 280 1 -F 3
F1AESE T Frde i 25T Word2Vec ¥) PTF-IDF fill
BOR AN 58 SCAR ) B3R 7R 7 V275 J SCAR 43 25 75 THI 11
A R,

95.00
94.00
93.00
92.00
§ 2100 ® TF-IDF FI
m (i Word2Vec F1
K TE-IDF+Word2 Ve F1

90.00

89.00

88.00 -

87.00 PTF-IDF+Word2Vec F1

86.00

85.00
o2 o oc4

He3p I

B2 4 Bl SCA A B s AR R 5y R L

avg

5 s

B O6F 24 1 A ) B R OR TR R, R B
Word2Vec HEH AL &, K Word2Vec AL 5 5] A a4
DT A T G TF-IDF 5E45 6, 475 25 RE R AR ]
PERFAE, $2H T —FP T Word2Vec [¥) PTF-IDF JiiAX
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SIS RN T, JFEETE 2 AN HEE -
BEAT BGIE, 05 AT AR S AL Y R RS AR 7R AT S
AR [ H R R B U T ISR AN, AR 3 RS ] 5 1] 2 [A]
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