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Abstract: Document representations based on statistical term measure can not extract lexical semantics effectively. There-
fore, this work proposed a document representation method based on context. Using Word2vector, the method is able to ex-
tract lexical semantics in the form of word vector. And it can carry out clustering on word vector with ‘ optimized fitness val-
ue partition’ ,then make cluster centroids represent words in each word vector cluster. On the basis of cluster centroids re-
presenting and word frequency, to characterize document, the method constructed cluster centroids frequency model, se-
mantic frequency-inverse document frequency ( SF-IDF ). Without semantic database, respectively by Reuter 21578 and
Wikipedia extensible markup languag( XML) as text data sets, using neural network language model (NNLM) algorithm for
text classification experiment, and the F1-measure standard to evaluate the effect of sample classification, SF-IDF vector
with the existing technology of term frequency-inverse document frequency ( TF-IDF) vector classification result contrast,
comparative experiment with the TF-IDF model was carried out. The average accuracy on Reuter 21578 data sets increases
from the original 57.1% to 57.1% ; average Wikipedia XML data set improves from the original 48.7% to 48.7% accuracy.
SF-IDF could apply to VSM-based algorithms for information retrieval. And it shall perform better in text similarity analy-
zing, leading to higher precision in text classification work.
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TTHEALFR IR  BAETE N s SCHBI R R &R (an
PR T .

ALK EE word2vee T H, ATARHE BT R R R
WIa) i BT SRR , I Al AR SCREI , FLEE X 1]
THIE SURW R SCAS R A 0, T AE 3T B SCk e, R
AU I T Word2vector 1 SUAFEAE 278 Jr 5 1
e,

SCASSE S 9 4R AE AL 2 78 7] R ] Word2vector £
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BRR A k. I SCAREA R R Tr ik, BEOE AR 3
Word2vector il SURFAIE, 76 Jo T8 ORI 3245 | 1l 1 1K
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J7 i) Word2vee T H 2 AR AR IR
1.1 EF Word2vector {3 ZR4FEL

HT Word2vector {5 B K F SUARHIE AL AT LA fiF
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ARSI HAR B AT .
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RT3 N 1138, K 108 T SCRAIE I LA [R]
F T8 R A3 (R T
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GETHLHIAR , vl il 1 504 Example 1 328, Exam-
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Example 1.

Sample A. Men love holiday.

Sample B. Human enjoys vacation.

Sample A il Sample B %35 SCH A AL, 2 4>3C
{4 22 ] PR R DA R SCRRRL I 2 A 25 A

FREGEHHAL A SCASRFAE AL X Example 1 H13C
ARy ARR IR | fras, Ko, 72 A,B 2 i
i, A AT A R BT 2 S SCA R
AR AR R AT o 3 2 AT AR TR 52 1 R
T SCARHEAL 7R B R TR G T HL ], S RE A Rk
7 Example 1 f 35 SRR . T3 T Word2vector
18 SCACRFAE A 2% WU ] 5 1] 1) 5 i SR K 0 it
XA R ARR , LB SURFESE T, A 28
27~ Example 1 W iE SCRHRLPE

F 1 EIESITHLHEIE Example | XARBEBALRT

Tab.1 Statistical term measures on example 1

GIN Men

b
Wi 1 1 1 0 0 0
A

love holiday Human enjoys vacation

NG|
Bt [ 0 0 0 1 1 1
B

1.2 Word2vector & Word2vec TE
MSCRE NS B R B FEAS I, BT XA [F] 3C
RPN , Word2vector AIAKHE L 1R 0O FR
A R AR BT SCCBPIA] SCRRE) |, I LATA] 1) 5 1Y JE
A H ) Word2vee 52 Word2vector J7 i F L 512
A T HAL, REGE L TRIE I 1T SO R Rl A
R I 5 I A2 R ] . Word2vee T HAF T 2
F)l| %A, CBOW ( continuous bag of word ) 5 Skip_
gram, Word2vec HviJll 250 A1 (1) BL Al 2 pp 28 ) 2% 15
F H AU (neural network language model , NNLM) (ul
HIEARFEFE 1 iR, D0 B )&, Word2vector
18 3] SCAFAE 3 B L ] (s A5 ] SRS Hh AR ] 3] B Xof
LAY B () iR N A [F B DA, S SOXE LR s
Word2vector 1) 1a] [a] £ 1 B A5 B A AL A RRIE 1L

PR, RN XE UJE i VSML I 3 B AR R AL 1B
PR o

i th: p(word, =tlcontext)

T softmax

-

EHDIE BN

ig-nsl |w”’ d.,» |

word [word,, ;|

B 1 Word2vector 535 EHIE
Fig.1 Word2vector mechanism

Word2vec 1 — K ia] R AE g 55U ] & 1)
FORCT AL o R TR HE 27 o 1 S A, vt
GRAE XS SCAS PN A0 BRRT A6 DAy 22 4 [ 22725 [ o 14 o)
SHIB B, T[] et s 6] B A AEARLBE AT L IR 2R SOA
TS ERARLEE . Word2vec i 1) 3] ] 42 ] LA
AT HAATE 5 AL A DG By TAE, an R 26 | [m] SCin) £
PR AT AR A8 R E S ACRRAE , ] Word2vec
S0 LA AR SR 3] 22 4 ) £ s ], AR SCAR RS -
SRR Z R I FFIER R

Word2vec {#i 1) J& Distributed representation [}
Al 228 7% Distributed representation [ 3
AR RELREL R 3 3 I g A T RSl V4 S B
3 3o 1 22 [ B A S AL RE | D PGB 8 45 ) F
e AT Z 1A 8 SCRBLEE' ™ o Word2vee SRl —4>
SR EME (S ARRSREmMEE),
Word2vec [ = 2 #1 2 0 45 A< B J2 X 18 5 6 R HEA T
AR [ B AR AT — i) 15 7 1) o 7S 6] A R OR
Word2vec B E.IE HFR (JLIE 1), Word2vec = JZ fifi
22 2% AT AR ) 45U Huffman Z5 % {545 4 1] A50AH
ALL ) ) 2 AT 1) PN 2 B AR — B0, AR
TR, BT 4 Be il 2 4 B D, AT A RO R
HRIE AR . HIL, Word2vee HAG =it

2  HF Word2vector B 3L 7 43 fiF 44
RILFIE
T Word2vector [ 3C A R ik 4k & 7= Fl H

Word2vector $EIUIR] SURFAE , R4 SCAS BT A1 i) i 1
R ZJE AR i IR ISR AE IV A X
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TRl R ) ) R T 2R DR AR SR S Al R R TR
ARERTR g Foiw] o] iy SRR 0 B B S0 B0 B
REATIEAL SR P R BRI S fBR, 1)
JEH TR AE AL 7R SCAS 4 37) ] 5 SRS B Lo A A A Y
( semantic frequency-inverse document frequency, SF-
IDF) .,

2.1 FHiEH

BT Word2vector [ SCAFFEIL R AR T 1%, T #
1 LAR 25 R A
2,11 xHABATIE ST

W SR P R TE AL S ASCIT 24 83, AR 41 25 4%
SR AR . RIS word,, FKORE  A
FEA TP RS ¢ R TERY 00 A = 1,2, ID1 |
DINEHSE D BRIREAL, 1= 11,2, ,nt ,n Hyid
TEFREL, BT A SCA TRl word, %R R N, AN
SRR R ASCIL =723 B3 51 S [l — i) i
2.1.2 & Word2vec T B 3T I35 UAFAE

il 1) e A A TR P, A ] SCAS v A9 4[] 1) 1
HA—Hnidm &, A w,, =w, .

BEXFHT 2,11 575 3 193615 , Sk Word2vector
Tk BT TR bR SO RSB IR SURHE , 5T A
W EIEAER, APz Word2vee T HALH
YN ZRAARL , AT B A 1r) 1 Y 1) 1) & o I ZRAEHY L)
22 4% 18 5 AR NNLM Sy 3k filt, 35 it 3 4 &) 1
Fi7R o

K NNLM 385 — A4S B R SCp — A il i
word, ,[\RER B p(word, , =t | context) , i) [n] & & H:
YIZRAY RN . NNLM ARAEEIEEE D Az l— %
AN V, i B — 1) T AR B — A bR il
word, . T BARHRAGEIN ZAEA TR 22 M
KIEIA LU S A 2 45 1S40, NNLM )35 -
T OCHEAS B R A R X T D A AR A
word, , AREUCH: | F 3T context (word, ) (B UNHT n—1
AN, T A B — A TG4 (context (word,, ) , wor-
d,,) . LNZICHAE Jy i 2 9 45 0 A 2847 U1 25
NNLM Fiyfi A JZ F A% ¢ ) fh 28 I 2% A0 A7 i AN ]
BB R — A ) [ B
oy R TR S A b o AT AR B 2w e R
Dyl )t &L AT X T A — AN 1A word,
NNLM #RAG LS il — > ) i w, B da) o)

Word2vec A i R] ] 5w, AR R RS @ 3C
AT ¢ Bl E R IR SCRRIE, B 0= 11,2,
IDIE, D URREAKEL, A ARAEAS hia) o5 1 8] 1] i w,,

HI%E A N,

2.1.3  3EE U AEBHR AT
9GRS IE I T 1 SR 4y

Bk, 3R] ] 4 4T K-means B35 251 RSBt

XoF ) T D] [ A ) SR LI BRI 43 i SR 1] )

(1) K-means IS, SR FH W 3] 1] 12 1 19 4R 5% (HL

g7 = e 1 1 ) -

HRAE 2.1.2 45, FFA FEAS Hr il iE 1 3] ) i w1
Bty Nl i w,  BAKEORE | MEAT IS ¢
Pl A1) SRR AE . B REAR 2 2 B0 C L
FEARE R M A5 B b 4] 1) 6 3R 25400 43 19 ot
OFRHR S (FRom yinl ) 23 (B g 1) o) , S A8k &
LIPS 53 1) e h ¢S

Shp J3E i ] 1 25 (8] P Y K-means RRRUR, A
S R IERIN B TE DR T . R R
GBS NEE A f (k) VR B SR A3 0 FE 1Y) bR

k)=,
J(k) s

(D)X H o kA S R TR LR 8 0 k
ANSRIA 3 VA 4 i) i 5 (8] S 4 AR 52 S B L, A
LSIEE]

N<sk=sNxC (1)

a=%Zcos(S,S') (2)

1 -
B:fz cos(w,,,,w’u) (3)

(2)—(3) S 5 S" A TR R IR o 1 J5 L il
w5 ow' SRR TH b AN RIS B AN R 3]
RIS

A

mazx(f(k))

S(k)

:
N K NxC
k

B2 BEMREIERH
Fig.2 Clustering effect of fitness function
WRERI M ke [N,NXC], H oy IE#%, Y
SCk)=max (f(k) ) I, 2 I SRR B BE B 1Y 2R
KX)o HE K=k, f(K) &5 2R RO & B 1Y e K
{Ho SR, R (k) TE N 3] K [ IX[H] 2 F A
EEIGHY, 7E K B NxC iy X [R] 2 5 9 35 980 11, oR 4
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SCk) B3 A anlEl 3 frs
34 f(k)=max(f(k)) I, K=k, f(K) JERIHCR
TNV JEE BRI A L, B A DG B S R B IV BE K-
means RIS S IR AT E N Ko
MR e 21 R A ARG T TE R AR Jy L] 1]
TR RIS B S AR, XY f(k) = max (f
(k) ), SRR TG I T 1 R II i K
=k, RAT R w, B AR D FL] 1) 4 P 2R 2
RN B0 S, RIDEF ] 4R A S (LA R] 2 i s 2

FAN 53 BTl o FEAT 5 R FRTA) 1] o 25 (8] o, FH B0
S ARFILFRALN 43 I TaliE, HEXT R e R ANl 3 fr
Do
K3 i BAB RS KRN

S,<>{word | w., € W,| (4)
(4) P58 b AR S, PR EE word,,
K — AT G s w, ST word, 1Y) 10] [n] &5 W,
ERIE TR S, BT e SRR 4 10 0] 1] 152 iy XoF 1 11
WIERES .

B3 WEETFEPRERENERRTIR

Fig.3  Substitution in word vector space

AT SCRHE R s 2 R TR B o
RN 53 b BT ARl S HAE S, A AT R LA AR
Ko N5l B R i AR5 R A5 R AT 7E3C
AFFAEZ 7S i A P T RS2 RS o
2.1.4 K TR SUAF AR B AR AT M i R AR AR R
AR

e, G R — RS B AL
M 2. 1.3 W R il S 535 B R USRS K
F B b AL S, BRI IATETE IR A P Y
BRI R UL S, BIMIA ; HGEitia) 1) & 2L T
S, W) SCPFIA AT b=11,2,- K} o TG, 2
TF-IDF A J8 ] [ 55 58 28 o0 B0 3 A8 7p——SF-
IDF,

TF-IDF #E8 t B A doc, BRFIEALFR Hi ks
fiE i) d, SCER LA

d=(d ,dy,dy,) (5)

Wi d, o e R 4, RN

d,, =TF(word,,doc,) - IDF(word,) (6)
(6) X H,TF (word, ,doc,) j&iR)iE word, TEFEZ doc,
s, Hat Ry =k

count(word,)
TF(word, doc,) = — (7)
Z count(word,)

(7) b By 23 T R %R R AR FEAS v B O, T
S0 U 2 6 S P o B AT 5 9 o B AL
IDF (word,) Jyia)ik word, 1) ] SCFAT A, Ho 52
W)

IDF(word,) = I

| DI
tdoc, | word, e doc,| | (8)
(8) A :D WFEA doc, HIFY ARG SE 5 | D1 Ry B s
D PR SEG | {doc, |word, e doc, | | )&
g word, HFEAK G
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Z I8 TF-IDF #5084, SF-IDF #5050 BAAH BN T FEIEGETHLA T R P () 80P (y,) GTHHAEA

SF(S, ,doc,) j&inl[a) i BRK Tl S, TE3CA doc,
R, Hat sy 0k
SF(S,,doc,)= > TF(w,,) (9)

eW,

(9) b TF(w, ) ZRTE w, AE3CA doc; H H B
B SF (S, , doc,) (LR 3CA doc; i 5L S,
P AR A I T B

IDF(S,) oy i o] R0 S, A3 1] SCPF A
R HAR I AN

| DI
IDF(S,) =

10
tdoc, 1w, ,, _w, € doc;} | (10)

(10) X :D SR doe, B EHREE ; | D1 %
£ D PREAE) BEL | { doc, | Wiiwi ew, € doc.} | Nt
TG S, rRERITNE FEA R FE
SF-IDF #HH, SCA doc, HYRFIEAL R 7R HRFHIE
o d, 52
{li = (qi(l)’qi(Z)""’qi(K)) (11)
Ik d P b AETE di(b) TR
t.li(b)ZSF(Sb,doci) - IDF(S,) . (12)

SF-IDF 7Y J& T VSM (] 12 %3 [ A4 ) JE =,
THRIEAFIR — 30
2.1.5  SCAARDAME S HT

HR 4 SF-IDF FAYAFAEfL IR, THA 2 > SCA i)
FRAEARLRE 5 40 I A T 15 B A R U AR AR 73 2858
FIAT

& H] SF-IDF A ARURHIE AL /R SOAS T2 2 S0A
doc, 5 doc’, [a] A AL P iy AH AL E eR B Sim (doc,,
doc’,) Frm , AR =R

Sim(doci,doc'i)=cos(¢_1l-,t'1'i), (13)

(13) 3, cos(d;,d’;) Jy SF-IDF [a] i =3 [A] RS AL
o] d, Sd'; [ R TR(E
22 FHiESW

P55 A BHEE, il 45 3L F Word2vector [ 304
FRIEAL RS 5 20 1 P53 1T

i€ 25 7 WFRFEA X 5 Y iAiHiE L NE
PIBEPLS B, AAEAR TR, 2 7F 7/ 9 HAF B (mutu-
al information ) F/R5 & W] U ANIR G PEIH AN . HEAS X
H5YZMWEAFELR 1(259) % LA

2370 = 33 Pxiy)log

vieXyeV

P('xi’yj)
P<xi>P(yj)
(14)

X &Y b, 5y, 0t BRI ) 1143, It 3¢
ATERHEREE (N) #A7IH 4. G HER P(x,,y;)
Hi 2, 5y, Z AR G R U (AR ) 42
OOFMRE N T, x5y, ZEFFER R R
R SR E R

LI Example 1 H4], 7T & Sample A 1 16] 15
55 Sample B o1 3 2 1], 3 VAT TSSO L
RIUEL, EANDIEAR MR, A R ¢
Fo WOAESSTHRRHEIRUE R P(x,y,)= 0, HAE
RIS 123 2)= 0. T EN i S bl
il AR ARFAE SR B RIS SCA A T AR I B o

BT Word2vector [ SCA AL AL 278 BT L HF
ARSIy 20, 2 AT IR G TR ORI R . R
TEA R R REA b 3] 75 ] dy )1 T SCRAE RS
R, TE Example 1 ) Sample A 5 Sample B
RG], FAAE T GEit I AEE DR R TR, R B
TIEA AR, Aa] 26 B0 HS 4 OC &R o ) m) i
“Men” 5 “ Human” {7 SCHR A EF 306 R 480, IF
T T TR CRHE B SR A TIE IR, By
BraW], 5T Word2vector (1 SCASRHIE L3R AT $& it
SCASTR] T 1 S T AY A5 S A F A i (probability

weighting information ,PWI) "/

3 XWREFRSH

AR T 1] o 5 2 B AR R, SR AR B R
U ) 2 M AR S S —— A AR f AN S i oy
K HE AR & Sy 25 B 3 (neighbor-weighted k-nearest
neighbor for unbalanced text corpus , NWKNN) /473
A2, NWKNN 2 A% 5 4K J& ( k-nearest neighbor,
KNN) 832, T A B o3 R A AR O REAS 3 2R 51
Wl BEETEAR B R U P — s )
Rk HA R

score(doc ,c,) =

Weight,( Z Sim(doc ,doc;)é(doc;,c;) ) ,

dllL‘j e KNN(d)

(15)

PRER score(doc ¢, ) SKIFH A doc 1T 732K ¢,
HIPEAG AR, T340 E SO doc 1A )& T4 A e PPAL
{H IR 732 5 PRER score (doc ,doc, ) FRRHEA doc 52
HIZEANFEA doc, WAL, R FH 1] 42 4% 7% R 25 3
s Weight Ry 3 FAH 3 8 (B, MR 8% NWKNN 55 3%
ZIGALIR{E N 3.5 ; L 8(doc, ,c,) FRFEA doc;



- 278 - N N

= (AR

530 %

e Em T ¢, A doc; & T-280 ¢, , W32 R
HUEN 1,50 Z R BORE A 0,

FEAR 53 2 B PR BE PPl R ] Fl-measure F5 1,
ZANELE G302 Recall FIHERR 2R Precision [T
JEEFLINT
Fl = 2 X Recall X Prfzc'ision

(Recall + Precision)
iz ] F1-measure FRfE, 7] WS 328 R G HT X 4L
PRI I RRCR o A T UL, B &5 SO I 28 45
REZEM F1 B AH Macro-F1, [A]i, A] AT 3] 3C
ARSI ARG BIHER %

Hy S50 20 BR P SO IR EE ALy ASCIT =7
PF S MR AR 25 A% ) 3 B AR, BT 8 A SCAR B
AL TRT R Ry TC i ORI S 3R] 15 T SCAS B Y SCA
5.

I3 VLB 7+ SCASE Reuter-21578  4E 3% 17 B
XML %% #f Wikipedia XML & SC AR 3085 4, % F
NWKNN 553k #E A7 SCA 73 2 525, >R H] Fl-meas-
ure SR UESEATAEA 23 28 B ROR PEAG , SF-IDF [ 7 5
WA HARH TF-IDF [0 5 (9 70 SRR X 3k 2, 4%
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Tab.2  Classifications results of TF-IDF and
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FEAERR  Macro-F1 - SPHEEIE SEEUER R
TF-IDF 54.2 54.7 57.1
SF-IDF 62.1 62.7 63.3

K3 Wikipedia XML #(#5& E TF-IDF &5
SF-IDF [E £/ 5 LR L%
Tab.3 Classifications results of TF-IDF and
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TF-IDF 45.6 43.1 48.7
SF-IDF 45.3 51.9 59.2
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48. 7% 4% 5 5] 59.2%
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NWKNN, 7£ 2~ FH 8045 & Reuter-21758 5 Wikipedia
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