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Document Vector Representation Based on Word2Vec
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Abstract In text classification issues., it is difficult to express a document efficiently by the word vector of word2vec, At

present ,doc2vec built on the combination of word2vec and clustering algorithm can express the information of document

very well. However, this method rarely considers a single word’s influence for the entire document. To solve this pro-

blem,in this paper, TF-IDF algorithm was used to calculate the right weight of words in documents,and word2vec was

combined to generate document vectors, which were used for Chinese text classification. Experiments on the Sogou Chi-

nese corpus laboratory demonstrate the efficiency of this newly proposed algorithm.

Keywords TF-IDF, Word2vec, Doc2vec, Text classification

1 58

HEl BT Z WX ERTEILEEHE TS
(Bag-of-Word, BOW)!2) | @£ pkils SCRS 3 R — S0 i) iy 42
A EZEST, BMAN H AT M K. A% B
WG B FIE LEFR. BR-RXBRR RS0
EEHFEEE &, B 2R ENMLE OE R IZAE TR
FR I TRI7E SORY P HE BRI R K, I ELRAE FTIEC A3 A, SCRY )
BAEEMSEN. BRFREEESETES EHFEHRR
2, tn B AT L R R B 43 FE R [ SR AL BT 4R 42
(KNN) | DU 43 26 g S 4 . RBF #2245 . 45 1w B AL
(SVMY&P [BERIBFEEILSTEME:. DEE KE,. X
AR BROERSIERIEE P H M LR E —#
£, XBE S B IIB R B R A, T BRI —~iF
ICAEVIGREE IR A Bt , WHZ IR 7e S04 o 1 LA B 0
BBZ A BAFAE ; 2) — R 3% S0 R A 1000 MALEH
T iR ) B A B A BE SR 80 10 77, FUR AL N 1%, R T
BOW R E BIFEHE, AR F LB RIEFLHHET
%5 5 3) AR IR TR AT ML R R — R SCRAIE 3L, BRI ) 51F)
ZIAFEEMS RS R SEZ A ER, W LT 54
BRI A PRI A I BT 7w B SO e B H B AR B e

FH A B:2016-01-19 3R H#i.:2016-04-20

HHER O, HERRINIME L "5 GRE"ER—/FEY; O
TSR X 43 R —MATE R B E B S, 1 e e R
& BT3B RERXT B HERIFRIT , 11 7T BB R v A I i R
0 EAE LSRR, oo m B EAR RN 1,

BEEREEI R B ET ML ME K B4
FiR I B R R T REREZ T FMEARYXE. BT
A BT, Mikolov 28 AV 7E 2013 4E3 1 T word2vec #E#I7)
AT i8I r & (Bl F 3C#Y Distributed Representation, J&
WRFR KM E) . wordZvec BEEIFIFIE A L TF S0fE B —
AR AR — R4 ST R ) B, AR (UL A TR AE [6) £ 25 (] o
ik, HiARBNEATERESLHEERRY.C88 2
REFRF oS0 AMAID® 8] POS Tagging™™ 1§ B 42001038 /g
BRI %,

SR8 30 Bl T ) A B, QAT R R iRl ) B A 3 e R
AR M — S, BNERXFENTEHES
B, E M EE M B X E SN A R ERTY
B itial e B B U L & doc2vec BRIV {H 53X 4 7 Bk
KRB A MAR RSO B S . S AR, A5
£ word2vec FyEERE I, FIA TF-IDF Bk 5t 58 SXR R i
SPRHEATINRL, AR M P SO BB R R AT, MR
SRR T TR A 3.

B OBEQ974—), 8 8L, THRIF, TERTHE I EIEIEH , E-mail: tangming@swu. edu. cn; sk FE(1992—), B, W+ 4, T EHFE MY
PLER¥SBBHEQ965—), 5 .+, Bl R, FEMRFREIBSE . PLaES .

. 214 -



2 MXIE

2.1 AMERL
W R R E S P AR B T e e, WRE— A
WERRBE— MR, AMHEREEFLUT 3fMEREFR.
(1)one-hot representation J5 =,

) XE—MEERH R, A—-MMERMEERER -1
16, FMEHKEREHEY/DGRERE 10D, MENSE
RE—A 1, HaeH 0,1 AL B X R ZIRIZE RIS F AL E .
bbtn,“+E7FR M0 0000100000000
0 ], M “BHE"HRRHF[0O10000000
00000 0 -], XMHFRXARATUMART HEIKL—
MAFE, BRALEERRACIINEBEUEL., “LE"M"E
HERARR-MEY. BEFHE RN mBEEAX, kin
WILBEEERERZERAN, BEEEBOTE M8
fLEE , BARIX PN AR REAR S h 2 3K 1R =[] A AR (U

(2)Distributed representation(id][a] &)

X FR R BETR I Hi 7 AR one-hot representation J5 2 i) &
A, B R B HintonlV 42 1, BRG] B 51 3] — MR 48 B 5 Y
SEH ) B (A o (s ) R/ —f Ry 100 B3 200) , 1518 ik
AR AR eSS (M R B G . Y OB T AR Bl Rk A
TR EPFRLRA N (0843 —0.125 0. 734 —0. 345
0. 654 « ], M“L4E”H[0.923 —0.231 0.698 —0.233
0.743 -], B, XMRFHFRAMTHEHERRE AKX
1A ] B 2 [B) B ARABLE .

(3)word2vec H I ZriA) [0 B

3E T Bengio 3 H A9 NNLM (Neural Network Lan-
guage ModeD 1 Y} % Hinton ) Log_Linear # %], Mikolov
MR T word2vec iIE RN | word2vec A PAREH B
Yk mE .

word2vec LRI B, 43512 CBOW R (WA DK
Skip-gram &I (LA 2), Hd CBOW #RF| HiE w(OBIE
% cGXB c=2)MAE M M 7717 ; T Skip-gram A 474
B> BRI w) ZTUERTE & c(c=2)4H,

R
T (e THE
W (#2) ]
&1 CBOW R

(Wi |

(o T T H e

[ WD |

W (2) |

& 2 Skip-gram {8 %

1 F CBOW B a5 F0 Skip-gram AR BN 25140,
X EAAE CBOW BRI IgG SR . HP@ARBRRR w
BT 3ChE 2c MAEE, MEERE X, 23X 2c MAmE
B Emmm, &5 R R LISERE BB e 7
B BRI TE B E b B R BE AUE M R — R

Huffman #f, 7E3X# Huffman s, HF37 53E N(=|D|)
A Sr XS R R S D i, BT R N1 A, BB
B EAE ST X, BEERHEATI , (18 p(w| context(w))
ER KA, context (W) FEIRMY_EF 30 B 20 ML

20 22 P45 YNl 25 52 BLAT , BRI SR i B A 1 A998 1) B w.
HEBHRE, 45 F i B Rm— A, 7T AR PR R R
A “king” — “man” + “woman” = “queen”l¥1 , 7] DI & 4 7]
B AE A P T RIXFEIE LRFE,
2.2 x#EmEEL

(1DBOW &7

XM FELHER —E X ER I~ TR, FER
ETiHmmEL. BBz TR A RAE
EHEAK WERF R SO Z R LE . 2458 BOW 1] LA
FERENY one-hot FrREIBMEM, hin 2.1 FHh“+E"K
HEEBENIOCO0OO0OO001 000000000 «],
“OHEEHFEmERNO 100000000000
0 0 -1, M—E A"+ 57" 42 X WA A S A ik
TFERFO 1 0010000000000 ],
BRXFREFTRNFEENRES one-hot —#E, i FIHEHE
R R AR, AR AR M EEE ARE K
MR PR SO Z FIRAERUE . MARESEN BOW AT Z
ARy J7 85, I TF-IDF AR H A —F, B SC4s o &
HBRHE“0” B{E e 5 TF-IDF BUE , X RE B RRAE [ & A5 4
BOW ZEXA 4 HHHER R

(2)doc2vec BER)

doc2vec EERIDS T3l 45 5 word2vec R I, 7E 7] FH
R _E R SO M AR AT EO VI G AR P A T — N SOk
FRAE M) & , H R A A it 72 43 5 an i 3 FE 4 Bs.

SRE

RT3 REERE
CLITTCT 1) I I T

1 t f f
(o] [w] v ] [w ]

f £ 1 1
[xepe ] [ 2 | [#x | [ % |

B 3  doc2vec ML

o

5 [P
[l

4 doc2vec Ryl ghT R
ME 3 FTLUE Y, B R A A R LR W B0 2467

O -~000

Q00 ||O ~00

HIE, BRI R BRI SRR AN T R RT3

R EBEE 4 AN, Wi BRSO B IS T — D SCRRE
« 215 -



F& D, AT word2vec TR 2401, 7T LUK 12304
B BEERE RSP HEARMEEDEE
BiE R, BREARE ST R RN EEARR, Kz
BB R (7 B 517 i B AL & 7 G BB E R R
PR, B 4 PR R A A SRk % Sop e B
T, Bz REBME, - ARFHE, w REBREE
AUH, y RFEM L RHME . 5 word2vee A3,y FF I — 4B
RFER M P—ELE E: # P SRR B ENZEEER
5. Hlgad R 5 word2vec BRI, 3 F| A1 BP B
WEH, ‘

(3)#F word2vec I F B

BATET word2vec X FAR T ETER —HERMY
TR EBCFHERN %, TR RZ doc2vec AL, H
RV GRA BN A T 3835 U B FRAE ) B, BT LULAF3C
RS A S, —REFEI L word2vec 4,

gEEEANmBA TN XA mBATE. S5
word2vec f1 TF-IDF B 5, T —FHE T word2vec B3RS
MBRRTE,

3 EF TF-IDF & %H) word2vec MLt 5%

£ word2vec i@ [ B A ELRE L, 454 TFIDF BRBH T
X BERRRTE,

3.1 word2vec 5§ TF-IDF &&

SPaEE M¢)'C*:‘§B(J%%D9ﬁ* D:(i=1,2,-,M)B
ZRA 4R TR ANS] X 30 30 # 47 4 38, 8 HoE T
word2vec BB 45, BRI FXT LM N 4EiF & w, H
Hw=(v ;025" yUN) o

MFEEHEFHE N ENE AL FIB TF-
IDF B B B =AU o A (S K (¢, D), H R Jyin) ¢
EXE D (i=1,2,- . M)FHJIE, TF-IDF L45% BT iH
TSRS BB of AR ZIR B SCRS 4R AL
Hidf.

)t B id f HTEARIT

id f(t) =log(M/n,+0.01) )
Hep M Ryl 530 B 830 noh I GRSCRY 4R H i BLIR) ¢ B 3
=58

TF-IDF i+ E AR T -

t£Ct, D) Xid f(0)
«/zezz:)i[tf(z’Di)Xidf(t)]Z

Forp e f (e, DO i ¢ FE5R ¢ RSO R, S8 13— 4k
HF.

X F AR SCRY D; (i=1,2, -+, M), FL3CRY 0 B 7] LA =R
HIMTFRR.

di= 2 wK(,D) (3)

Hep,w, #maa: HiRmE, FUXHER d 02— N
YRR B .
3.2 XESEAMTIERE

X RE RS LA BIE 5 R, B TX TR R
BISCRY, Bt EH id f EH BB X, Bt B H TF-IDF
AT, id £ {8 R R B W id £ B 0. O fRAREBUR A TE
YR BRifE .

. 216 -

K, D)= 2

B 219 Yy 1 4K
XASDy, oo, Dy
v

| word2vec it B # o i# i &
w= (V5 V2505V )
g#ﬁﬁ{%, ﬁ%
; 18 49 TE-IDFA B
iF &) POt e
< 5 AfmEi R
1% 44 TF-IDF WaRd
AR, RE
4317 B TF-IDFA I
p3:10F 15 254
ke

B5 XASRMTHERE
4 0Ly
4.1 AR HMBITE

R AERERR GER F #izUREF

¥, KRR p RIEXASREROERRSFHE 5%
CAEHI LB

—_a - =
p—a+b(ﬁH%a+b 0,0 p=1) 4)

BEI% r AT RIERBESHE R LRI
B LB«

r=aic(ﬁu% ate=0, r=1 5

Het,a BOFKEHBEALE, 6 BH R 0 BIZHEH 8
BEAR c BB FRBERGEX 5 HR SR
Fi #8751 B R F 05 R A — M5 .

12172—% (6)

WRR, GREL K F 23T 8mA 5] 650 Rt
A s BRI RST A RANE por IR Fr WV IE, FRF
EREN SR AR,
4.2 XRERSXBHHF

SER i A B R4 A SR 56 B M DS A 2R R
PEL) A& A 17910 B, 400 9 K, S RIR M4 IT. (@
BVEE R HEF R R ES, K E38E 1990 5
SCA, TETRALEENM R ANSJ 438 T B X% e A #E47 448,
R EFS EAE L BES BB BIRE K 247263 4,

¥R i TF-IDF MiA#Y word2vec #%) 5 TF-IDF HiiX
£ BOW #£I (BPg BOW (6] & H 43 18 A B A7 B B 8 5 % L
TF-IDF #{H) . ¥{H word2vec B L K doc2vec B iy 432
BURHEATH G, B R HF 0 HIRA T KNN(K =30, lib-
SVM L B RBF #2: M4, TF-IDF Iif ) BOW BRI 7EHy &
WA, FFERBUR A T 3O # % #% % (Document Fre-
quency, DF) 5{& B 1% 35 %k #k (Information Gain, IG) %542
Bk, B RN RIEFI AP HIRECH 5 UF
B, B HER T 67756 MALREMEA R, HHE
word2vec R B Xt —5E A B R T A word2vec T8 [H]
BAE., Hd, word2vec DL & doc2vec it R A gensim
FRKAESLEI, A LRRA RS XRIE, BEKEE
FEMLRI 6L 5 43, MK B 4 GratfT I gR, 1 BTk,
RIGHE 5 RO BERNTFEMEABRALER. MRERALE




BE() HERD F ERFTIEN, MRS RmE 1%
4 BF. H2H) C1.C2.C3.C4.C5,C5,.C7.C8.C9 4 BI4%
RIFZHK T 2 FERE AEF R R TR HER.
WELL K FERH ;avg REC1—CI KIEFEE.

# 1 TF-IDF X BOW BRI (95)

SVM KNN RBF
p r Fi p r F p r Fi
85,12 72.58 78,35 82.38 70.75 76.12 73.21 80.11 76,50
90.78 78.39 84,13 92.60 75 38 83.11 70.93 69.27 70,09
81.64 68.61 74.56 80.62 76.08 78.28 84,50 60.76 70,69
95.47 71.29 81.63 97.71 61.46 75.46 96.67 79.28 87.11
66.98 66.27 66,62 88.89 56.08 68.77 91.35 63.13 74.66
67.01 73.82 70.25 45.01 83.42 58.47 87.59 43.21 57.87
72.39 70.81 71.59 61.87 65.63 63,69 51.33 88.43 64.96
77.14 75.32 76,22 57.03 71.41 63.42 53.22 75.39 62.39
84.95 80.93 82,83 89.65 79.45 84,24 84.39 82,76 83.57
80.16 73.11 76,25 77.31 71.07 72.40 77.02 71.37 71,98

Mk
3o

RIFILRAERA

)
<
5]

2 ¥9H word2vec BHEI (%)

SVM KNN RBF
p r F1 p r F p r F1
87.67 83.85 85,71 90.98 85.38 88.1 76.59 82,61 79.45
82.6 81.54 82,06 86.98 80.51 83.62 73.08 74.37 73.71
84.05 79.74 81.84 82.54 88.46 85.4 87.11 54,67 67.08
98.71 98.46 98.59 99.2 95,9 97.52 99,50 81.11 89.34
86.63 83.08 84.82 85.22 82,82 84.01 90.49 61.11 72.88
87.86 77.95 82.61 90.20 82,56 86.21 92.45 46.13 61.49
80.05 86.41 83.11 81.86 83,33 82.59 49.07 91.46 63.87
65,05 72.05 68.37 68.03 80.77 73.86 58,00 82.81 68.20
86.43 93.08 89.63 92.86 93.33 93.09 88.92 87.84 88.34
84.34 84.01 84.08 86.43 85,9 86.04 79.47 73,57 73.82

i
X

@RIFAIQAQC

o
<
5]

%3 doc2vec #EEI(%)

SVM KNN RBF
p r F1 p r F p r F
85.21 86.37 85.79 88,95 87.43 88,18 81.56 84.37 82.94
86.59 82.35 84,42 87.56 82.48 84.94 91.02 67.38 77,44
87.25 85.33 86,28 83.89 85.96 84.91 90.12 65.39 75.79
96,53 97.80 97.16 97.85 98.21 98.03 96.52 96,34 96.43
88,47 89.68 89,07 85.32 91.25 88.19 81.25 85.36 83.25
89.51 81.28 85.2 85.98 80.23 83.01 90.24 58.56 71.03
81,98 85.63 83.77 81.95 84,89 83.39 42,36 92.65 58.14
82,15 81,33 81.73 79.56 77.85 78.70 85.89 52.33 65,04
87.69 92.87 90,21 91.59 92,87 92.23 91.24 87.41 B89.28
87.26 86.96 87,06 86.96 86.80 86.84 83,36 76.64 77.70

b
da

QEIeaLREA8

2
B

# 4 TF-IDF A word2vec(%5)

SVM KNN RBF
p r ¥ p T Fy p r Fi
86.64 87.64 87,07 89.56 87.41 88.45 80.17 85,85 82.89
86.45 82.16 84.21 86.22 81.71 83.87 90.22 65.73 75.99
86.80 84.40 85,55 83.86 86.71 85.22 89.33 67.01 76.53
98,25 96.83 97.53 98.16 97.64 97.90 96,37 96.36 96.36
87.93 89.20 88.54 84.33 92.09 88.02 80.60 84.10 82.28
88.66 79.95 84.07 87.31 79.55 83.21 91.15 58.52 71.24
80,54 86.96 83.57 82.21 85.78 83.93 43.30 94.87 59.45
79.10 79,87 79.44 79.37 78.24 78,77 86.71 51.71 64.71
87,86 93.64 90.61 92.08 93.12 92.58 90.85 88,37 89.57
86,91 86.74 86,73 87.01 86.92 86.89 83.19 76,95 77.67

HE1-F 4 UEN, HE word2vec B EIFE SVM,
KNN LA RBF 432588 F R FHRRE AREUR F H
tt TF-IDF inAX BOW BRIE R8T, i 2 P E#
ZE KNNA2588 Fily 77, 31% A3 T 86. 43%, £ B4 2
AR F A REF T 4. 18% (SVM) i 2. 45% (RBF),
E¥-HEERE SVM.KNN L K RBF 442688 F4REAT

bed
-]

2EIIALREQQA

2
]

10.9%6,14. 834 LA R 2. 2%, TWiEF¥ F 58T T7.83%,
13.64% LA R 1. 8456, AILAE i, HME word2vec BLEI FT 4 A,
FIE] ) B Lh A2 5 iy BOW B AR B A1) 7 B BB 3R A S0t e 7 —
RO RIFRAE . A SCIR 8T TF-IDF AL word2vec
TR B word2vee BRI X — s F, 7 SVM.KNN
UK RBF 4+ 2£8 b, EEHEREFHEF T 2.57%,
0.58% A K 3. 72%; FXH B ERH A T 2.73%,
1. 02%6 A K 3. 38%; 21 Fi S 5HRTFHT 2. 65%,0. 85% LA
% 3.85%. Tii TF-IDF iy word2vec B85 doc2vec R
AT ERRHEERK, BJLAS LS ENRENEY,. TR
12 H B O v B 30 0T RUYR 0 3B b Fh T SRS A 2
BROFE. BE 6 WAl UIEREHE T , it R RAR42558,
FTF TF-IDF 048 word2vec BRI 7E R T3 L I8 REEH
R, WAE T Bril a9 4 SO M B A T TE XS K 5 Tl
B R .

EFHF, (%)
o5B8s88388E

TE-IDF iR
word2vecli
»SVM| 7625 8408 87.08 8673
MKNM 724 86,04 8684 8689
® REF 7198 7382 777 7767

B 6 4 FSCRREESEBERILE

HERB HWNEWXTHERIFENARR, EH
word2vec B &, B word2vec Fil TF-IDF &4, 28 7 —#
FT word2vec ) TF-IDF IIBUTE X mEBER L. ERH
L RE R E _E LR R B AT TF-IDF iniX# BOW
KERL DL Fe #4918 word2vec BEL, A B B A HIF B SUA 4K
x.

& £ X #®

[1] Baeza-Yates R,Ribeiro-Neto B. Modern Information Retrieval
[M]. New York: ACM press,1999

(2] Manning C D, Schiitze H. Foundations of Statistical Natural
Language Processing [ M]. Cambridge: MIT press, 1999

[3] Hwang M, Choi C, Youn B, et al. Word Sense Disambiguation
Based on Relation Structure[ C] // International Conference on
Advanced Language Processing and Web Information Technolo-
gy. 2008:15-20

[4] Wang X, Mccallum A, Wei X, Topical N-Grams: Phrase and
Topic Discovery, with an Application to Information Retrieval
[C] / IEEE International Conference on Data Mining. IEEE
Computer Society, 2007 ;697-702

[5] Haruechaiyasak C, Jitkrittum W, Sangkeettrakarn C, et al. Im-
plementing News Article Category Browsing Based on Text Cat-
egorization Technique [C] // 2008 IEEE/WIC/ACM Interna-
tional Conference on Web Intelligence and Intelligent Agent
Technology. IEEE Computer Society,2008:143-146

[6] Mikolov T, Sutskever I, Chen K, et al. Distributed Representa-
tions of Words and Phrases and their Compositionality [ J]. Ad-
vances in Neural Information Processing Systems, 2013, 26.
3111-3119

(FHE 269 1)

- 217 o



(10]

[11]

(12]

[13]

[14]

(15]

Gullo F, Ponti G, Tagarelli A. Clustering uncertain data via k-
medoids[ M // Scalable Uncertainty Management. Springer Ber-
lin Heidelberg, 2008:229-242
Xie Xiao-lu,Li Lei, Research on Multi-attribute Group Decision
Under Interval Number Information[J]. Computer Engineering,
2014,40(10):210-213(in Chinese)
BB ZE. XEEFES THERERERHELL HENLT
#,2014,40(10),210-213
Reynolds P A,Richards G J,Rayward-smith V. The Application
of K-Medoids and PAM to the Clustering of Rules[J]. Lecture
Notes in Computer Science,2004,3177.173-178
Aggarwal C C. Yu P S. A survey of uncertain dataalgorithms
and applieations[J]]. IEEE Transactions Onknowledge and Data
Engineering, 2009,21(5) : 609-623 ’
Lu Zhi-mao, Feng Jin-gong, Fan Dong-mei, et al. New clustering
algorithms for large data processing[J]. System Engineering and
Electronics, 2014(5):1010-1015(in Chinese)

BTG TN, 5. T RBIRAL F AR A B ik
). RETR 5B FHEAR,2014(5):1010-1015
Zhou Shi-bing, Xu Zhen-yuan, Tang Xu-qing. New method for

[16]

[17]

(18]

[19]

determining optimal number of clusters in K-means clustering
algorithm( 7. Computer Engineering and Applications, 2010, 46
(16) :27-31(in Chinese)

B, BRI, EBE. FH KSHE LR ERKEE ik
Ul &L TR SR, 2010,46(16),27-31

Yu Jian,Cheng Qian-sheng. Search range of the Optimal cluste-
ring number in fuzzy clustering algorithms[ J]. Science in China;
Series E,2002,32(2) :274-280(in Chinese)

T8 B4 MR TR HREREBWERBEEL]. +
ER%.E #,2002,32(2):274-280

Dudoit S, Fridlyand J. A prediction-based resampling method for
estimating the number of clusters in a dataset[]J]. Genome Bio-
logy,2002,3(7):1-21

Kao B, Lee S, Lee F, et al. Clustering Uncertain Data Using
Voronoi Diagrams and R-Tree Index. [J. Knowledge &. Data
Engineering IEEE Transactions on,2010,22(9).:1219-1233
Eredm A,Imre GiNDEM T. M-FDBSCAN: A multicore densi-
ty-based uncertain data clustering algorithm[J]. Turkish Journal
of Electrical Engineering & Computer Sciences, 2014, 22 (1)
143-154

(L#% 217 1)

7]

(8]

(9]

(10]

(113

[12]

[13]

(14]

[15]

(16]

[17]

Mikolov T, Chen K, Corrado G, et al. Efficient Estimation of
Word Representations in Vector Space [C]//ICLR 2013. 2013
Joachims T. A Probabilistic Analysis of the Rocchio Algorithm
with TFIDF for Text Categorization [ M. Springer US, 1997,
143-151

Hinton G E. Learning distributed representations of concepts
[C]//Proceedings of CogSci. 1986.1-12

Socher R, Bauer J, Manning C D, et al. Parsing with Composi-
tional Vector Grammars [ C] // Meeting of the Association for
Computational Linguistics. 2013,:455-465

Socher R,Perelygin A, Wu ] Y, et al. Recursive Deep Models for
Semantic Compositionality over a Sentiment Treebank [C] /
Proceedings of the Conference on Empirical Methods in Natural
Language Processing (EMNLP). 2013:1631-1642

Sun Y,Lin L, Yang N, et al. Radical-Enhanced Chinese Charac-
ter Embedding [ J . Lecture Notes in Computer Science, 2014,
8835,279-286

Mansur M, Pei W, Chang B, Feature-based Neural Language
Model and Chinese Word Segmentation [C] // IJCNLP. 2013:
1271-1277

Zheng X,Chen H,Xu T. Deep Learning for Chinese Word Seg-
mentation and POS Tagging [C]/EMNLP. 2013:647-657
Tang D, Wei F, Yang N, et al. Learning Sentiment-Specific Word
Embedding for Twitter Sentiment Classification [C] // ACL.
2014.1555-1565

Zhang M, Zhang Y, Che W, et al. Chinese Parsing Exploiting
Characters [C]// ACL. 2013:125-134

Xing C, Wang D, Zhang X, et al. Document Classification with
Distributions of Word Vectors [C] /2014 Annual Summit and
Conference Asia-Pacific Signal and Information Processing As-

sociation(APSIPA), IEEE, 2014;1-5

[18]

{19]

[20]

[21]

f22]

(23]

[24]

[25]

[26]

[27]

(28]

Kim HK, Kim H, Cho S, Bag-of-Concepts: Comprehending Do-
cument Representation through Clustering Words in Distributed
Representation[OL . http://dm. snu. ac. kr/static/docs/ TR/
SNUDM-TR-2015-05. pdf

Le Q V, Mikolov T. Distributed Representations of Sentences
and Documents [ J]. Eprint Arxiv,2014,4:1188-1196

Morin F, Bengio Y. Hierarchical Probabilistic Neural Network
Language Model [J]. Aistats. 2005,5: 246-252

Mnih A,Hinton G E. A Scalable Hierarchical Distributed Lan-
guage Model [C] // Advances in Neural Information Processing
Systems, 2009, 1081-1088

Mikolov T, Yih W, Zweig G. Linguistic Regularities in Conti-
nuous Space Word Representations [C] / HLT-NAACL. 2013;
746-751

Santana L E A, De Oliveira D F,Canuto A M P, et al. A Com-
parative Analysis of Feature Selection Mmethods for Ensembles
with Different Combination Methods { C7 // International Joint
Conference on Neural Networks, 2007 (IJCNN 2007). IEEE,
2007.643-648

Forman G. An Extensive Empirical Study of Feature Selection
Metrics for Text Classification [ ]J]. The Journal of Machine
Learning Research,2003,3:1289-1305

. AL EERFELOL]L http: //www. sogou. com/labs/dl/
c. html

Gensim. Topic Modelling for Humans [OL]. http.//radimre-
hurek. com/gensim

Bengio Y, Schwenk H, Senécal J S, et al. Neural Probabilistic
Language Models [ M] // Innovations in Machine Learning.
Springer Berlin Heidelberg, 2006

Mnih A, Hinton G. Three New Graphical Models for Statistical
Language Modelling [C] // Proceedings of the 24th International
Conference on Machine Learning. ACM, 2007 . 641-648

s 269 -



