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multi—-scale-based n—grams feature
selection weighting and matching algorithm
LIU Shixing

( Department of Information Engineering, Liaoning Mechatronics College, Dandong Liaoning 118009, China)

[ Abstract] As a common feature type in text categorization, n—grams language model has the advantages of simple structure, easy
screening, large carrying semantics and high contribution to classification. However, due to its inherent structural characteristics,
when using the common selection weighting and matching algorithm, the weight distinction is not obvious, and a large amount of
sparse data is generated, which results in an inaccurate classification model, and leads to deviation of the final classification result. In
order to solve the above problems, according to the intrinsic partial order relationship between part of speech, semantics and
vocabulary, a feature selection weighting and matching algorithm is proposed. It avoids the large amount of sparse data in the n—
grams feature during training and testing. The experiment results in the American Contemporary English Corpus and the Beijing BBC
Chinese Corpus show that compared with traditional n—grams feature selection weighting and matching algorithm, the sparse data is
significantly reduced in n-—grams feature selection weighting and matching algorithm based on multi —scale, and it has better
classification results in Support Vector Machine( SVM) .
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FEAIE 5 BBC DU TERIE H i S2 50 45 3R W1, AH L
TolE P8R 3 P, T 2 RER n—grams
FRIE S BRI S D e 58345 21 )RR AE T 8 58 57, O
TE AR TR IR R R IR LT
1 % RE n—grams $1F% MY

1R GEAFAE AL — P ST 7 SCAS TR REAIE L B At
KRR AR [ a0 o —idf RO RIS, X280
AT VX T B A TRV ARRAE 48 A A 28, 1B n— grams
FEOE Z RN AL, R n AR AE SCAS R HY

AR N p, s eeeee o, I3 S 90 [ B ol 30 7
IF] —SCAS AR
P=p, op, - p (1)

AR B p, (1 < k < n) {HIH
H(0,1) B P 23BERE n IBGIIEEIE T 0, I P
N n ASFRFRER) I BAE [R) —SCA ) IR B A
TR AR T 75 FE 22 B9 AE L, 11T n—grams HFAIE &
n AT 4 22 B E R ASAS | By LA B AE A n—grams
IR A R /N T P EEE O 0,1 EE T 7R I
FEhlh R G IAOT AR R4 h 2 R B0 2 A~ 1]
L

(1) FHERUEER N T 0 (ME, X 73 BEANIE M
DIBESE

(2) A AR rp DT E I 7 AR R Y 0 s, B
i i A5 AR
1.1 n-grams 7% 5 75 4%

MR 1 FESCA T, n—grams FRAEFE TR 18
FARNE = AR T AL B 0 SOARAE B AR AN N 1 D
FPRA:

P < i < iR

IERR  LA“IREARAL" B, B, gat i e 4
WO eIk B M/ BT 3—grams FHIE,
MZRHE AR IR 20 B, 9% =Xk < AR - 3l 1] -
A" AMZAFE i 1) P S5 40 ok, AR MERS 2047
FISCAAE S o I RRAE LA ALY 38 SCim] SR, LA
“TREIAKIR” R B, 1% 3-grams FEE -5 FARFE T L
JEZ 7R 0.8, N HP ] LGRS — € & 1Y SCARMF B H A
IRE AT AACHME LA 45 1 2508 10 75 8 i JRL R
i EL AT A YR BT, SR | SO R
FELEM Y G ZR M TARHIE,

HESR n—grams FEAEALE X3 B2 5 Ul i £
i, Feor FUPERT 1| b e C & | 3 2 RUBE A
S —A R, R P23 A A, BRI PR 40 35 1Y
ARG HRAF RBAE T AR, B 2 HAE R n—grams FFIE
TP I, SR AL SR IR 26 F B 2 T H

FAERITE DL, AN I or 2 b T 2 Tl 22
H BSR4 12 Bl 1 alBRBA Y 44 I T B an ST
W GsBk AT AT AR R R IR BE SRR, 4N 2 -
grams FHIE T 55 4 A iR PE IR« 44 18] - sl i) BB X ,
AR ECAE T W 22 20 T FRE 2 T v o LA B 2
R BN SR < 548 B i B AT B B
FE AR+ I S R TAIL” X e 44 1] - 44 1) 7 50 P 25 1)
244" E‘J%ﬁ,ﬂm“@iﬂ—ﬁﬁﬁj" £6] n-—grams ) P
AT I M Az, 28 LRIk, il
FbRHEZE X LA AT i, ansXi(2) B

Weight( POS) = J;i (freg, —freqm,g)z. (2)

Horb ) n W3S SCARRINEL  freq, FiZialtE 4
SAES | K B SR freq, R A 1
n AN BRI g R RUE — | 1]
PRI AR PRA IR

Hik1 AESHmREZE

BIN: R SUARES T, byt | RO
AN n

Wil n- grams B fE PR A A AUE RS
W, {pos, ,pos,,...... ,pos, |

begin

{1 ICTCLAS 43 i 10 SCAR A T it
Fr43iA

P 3l %7 10513 2 n—-grams FPAEE 5,
AT BRI 2] W

for eachi: 1 to k

. I <
Weight (pos,) = an (freq, = freq..,)’
1

W]ms [ LJ = Weight(posi )
end for

end
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—MNRJZEGIA n—grams FEAIEMMALEICEE , 7EE1T15
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F, B word, 5 3CARE th ARSI AMGE SCE U T
B BUE SR RAE sim,, (word, ) o ZH BT
PG SLBRE sim,, (word ) {HTK O

(1)sim,, (word,) /NF 0.5, B n — grams F#1iE
H S — RN S SOAR BN B 18 SR

(2)word, il XITC R GEA By ia, an- /y” |
CTTCHLT AR

B DR PR B A, K sim,, (word,) PREE, 4k
L n — grams R iR S —ANENTE word, 11 ST
WA sim,,, (word,) . n—grams $FE-55H— A SCRBL
38 SCRRUEE T =X (3) PR

n
2 sim,,, (word;)
i=1

Similarity(n — grams) = — . . (3)

o, n A n—grams FEAE IR AN B, B RRAE
Hh B A1) 18 B R T ST ARUE SR 05 - 34 30 B4~ 1)
T AR B 5 SO B R R S ZE S, A SOR
A m AN BRI BE R m, MIHAES KBS n 1Y
n—gramsFEAE AL, 25538 m —n + 1 DSCAREE, W
TEZSCA GBI IAUE R ] m = n + 1 AU B
BUEA, A UNGRESINRE T PAATE kA3, )
n—grams FFAETE & DN SCAR P EE FiREAE, 5200
2E IR Similarity(n — grams,t) BE0T LIAE MR8 09
FEOEINAL, T I SRR R 45, mT DA A AR 1)
VERCZS R R BE . 25 AR H R — R
T SOMAL S VE R HER T

Hik2 BXMNKLEE L

SN I SRS Tt 0,

B B UM VT BE S5 7Y n—grams $R1E(E 4

ﬁWsim{w,,wz ........ wk}

begin
XESCAS T ] ICTCLAS 43 il H2 #4743
i)
1 sh v D EAS 3] n—grams FRIFERS F
for each i 1 to F.size
for eachj: 1 to T.size
W (F[i]) =
Similarly(F[i],T[j])

end for

W, (FLi1)  +

end for
end
1.3 % RER n—grams $F1E % 3N L EH %
TEZA T R R RS A9 n — grams SRR AL 5 15
5 ARG —idf INACRRIEAE, 4 3 P RUEEAS 2]

FIRUELR AN, 45 5 /DT BE B, W4 571% n—grams
FRIE, SRR . 25 Dk, 45 i B T 2 RUE R n-
grams FEAEEPEINBUR T  TERINT
B3 ZREM n-grams $HEEFMNE X
BN LSRR Ty, 2,
Hirt 18 AL SV AL /S 1Y n—grams HF1E (B 5
G Wilw, ,w,,...... W, |
begin
Xt SCA T8 ICTCLAS 43142 F #E 47436
5 FH Bh v kAR 2 n—grams WIEES F
FRPETRPE 43 A5 AL, 75 3] n—grams 8 PE4H &
FUE W, { pos, ,pos, ,...... ,pos,, |
FR 4 15 U AL, 15 3] n — grams BUH 4E &

W, {sim,, sim,,...... ,sim, |
MR AL G2 of —idf AL 7 45 BIAUE & &
W ltd, id,y ... i, |

for eachi: 1 to k
wli] =w, [i] + W, [i] + W,,[i]
fWii] <pB
delete W[ i]
end if
end for
end
2 Xy
AR SCHIFFE R H 1Y) S5 56 504 26 o3 vh 5 SO A, B
At BBC DUIE TR A 36 [ AR iE 1 e, i
32 F5 7] & HL ( Support Vector Machine, SVM) #£47
YEPEREVEAT, PP R AR AL MER R (P) A R
(R) M FH(F),
2.1 b= BBC UEERESLLE
Jb 5 BBC VUFR R RFE L5 ,n—grams ARGy
FAFER 5 -grams, 7EFFAE £ 5351 2 200,500,
1 0001 5002 0002 500 F13 000 A}, %t L5175 42
FNHY 3 M n—grams FEAEESRE AT B FIA SOy 25 1)
SIRMERRR AR FAE, i 1~ 3 R, A
Bl 1~ & 3 AT AE R, 4 FP 7k 7E 5—grams FREEL
AN 1000 B HERS AR AT BIARA FEEE L THE
P Y 5—grams FEAEECE T 1 000 B, 336 SCAS B
BRI A0 43 S 1 fig 2 BT 2 T R, Y R
RIFE T2 5—grams FRAEECELHE Z 0T, 77 A= B 76 i 4K
A AEG I, HIG I A0 T AR s gk 2, &
O B AE B0 38 2 3 000 B, & B HERR R AN 2
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AH L T30 SCA AR A R A 1 MERE T B IR /N 7R
5—grams FRAEEGEF] 3 000 B HERF N 82%, TMiAS
SCO7 R IR T SCRTIRNE =AY ROBE X n -
grams FEAESEAT 8 £ AL K VT L, A 45 7 i 25040 K
MRk, B 3 ] LU 2], RRAE 2 000 B
SrFEMEREA T UG T K TERRIERGA F] 3 000 H HERA
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Accuracy of three introduction methods and the proposed
methods in SVM

Fig. 1
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Fig. 2 The recall rate of three introduction methods and the

proposed method in SVM
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Fig. 3 The F value of three introduction methods and the proposed
method in SVM

2.2 EEYREFERE

136 B YA BB TE AR E T, A B S F
3 PRI IERIAR SO IRAE 2—- 3— 42 5—grams R
b A R A R A B e, LR 1~ 4, SR
1~ 4 ra] IR E W Y5 IE R 2-grams HAFAE
B AR 2 000 B, 51 F H Y 2 RO R B A
FEATHE | & AT 20% , SR AE SR 15 5] 3 000
BF AR A S 2 W, 43 ik 3 32.7% 1 28.4%
T AR SC 5 35 A A 0 4540 1 40 ol b sOR i, 7 2 -
grams FEIEECR AR 3 000 B, 4 HAY R 11.9%, 24
n—grams FEAEHT n (B304 3 B, 308 SCA I AR L AR Ry
TEECR 200 B, 5 B 5008 1 o LUk 2] T 20% LA 1
FEFIETERFIEECA 500 B 5 800 & LA it 20% ,
T G AF R A 3 3 000 B2 FhE |35 07 B R B 4L
it 7 FLAZT 50% , B ANE AR N JERRAE, A
M5, A SOTIRTERESGE £ 3 000 B 7 o £cHh 5
FEATHORORFGAE 20% LAR o 4 n (EIRF) 4 A1 5 I, 5
TR AR 1 000 JEHRAE T iR
T 50% IR A , TCIEAE R o3 JRFIE AT 4 2
B, A SO IETEREEGA F] 3 000 BYIE LT ,4-
grams Fll 5—grams I (1% B 848 7 Lo il o 23.3%
H129.4% AR T 51 5 ik

Q
S
B

®1 3 WA ETE 2-grams R FI TR BHE 2 R AT & EL A

Tab. 1 The amount of sparse data and the proportion of the three methods in the 2—grams feature

A

&= ZRE

HHERCE —
i S A i /% i€ i b/ % LiTRAGT hi /%
200 36 18.0 30 15.0 7 3.5
500 95 19.0 84 17.0 24 4.8
1 000 186 18.6 179 18.1 61 6.1
1 500 301 20.0 291 19.5 114 7.6
2 000 425 21.2 418 21.0 182 9.1
2 500 690 27.6 621 24.9 267 10.7
3 000 981 32.7 852 28.4 357 11.9




1 X FT 2 REER) n—grams FRAEEBEMNA K IT g Bk 65
F2 3 MFHIELE 3-grams FEM R FRTEIEE K AT & LA
Tab. 2 The amount of sparse data and the proportion of the three methods in the 3—grams feature
WA G ZRE
FEOE R
Mo wi K A/ % i i KA it/ % T i K HE 5 /%
200 43 21.5 30 15.0 11 5.5
500 120 24.1 101 20.2 35 7.0
1 000 269 26.9 238 23.8 92 9.2
1 500 445 29.7 409 27.3 166 11.1
2 000 676 33.8 602 30.1 268 13.4
2 500 977 39.1 867 34.7 400 16.0
3 000 1416 47.2 1242 41.4 567 18.9
R 3 3 MFTIETE 4-grams FHER R EEE R BT & 5
Tab. 3 The amount of sparse data and the proportion of the three methods in the 4—grams feature
A &= EIN; 5
FHAE S
gt i i /% gt A i /% gt Kl 5 /%
200 62 31.5 57 28.5 21 10.5
500 180 36.0 167 33.4 52 10.4
1 000 419 41.9 381 38.1 139 13.9
1 500 708 47.2 666 44.4 243 16.2
2 000 1102 55.1 1 006 50.3 362 18.1
2 500 1535 61.4 1 445 57.8 510 20.4
3 000 2 064 68.8 1 941 64.7 699 233
R4 AMFIELE S—grams FHEMN R EIEE K AT & LA
Tab. 4 The amount of sparse data and the proportion of the four methods in the 5—grams feature
LN i) P8 5—grams Z R
RS
it 2 e /% i KA /% i KA /% i KAl /%
200 96 48.0 91 45.5 48 24.0 45 22.5
500 276 55.2 268 53.6 136 27.2 121 24.2
1 000 667 66.7 644 64.4 311 31.1 263 26.3
1 500 1071 71.4 1 063 70.9 553 36.9 406 27.1
2 000 1502 75.1 1 496 74.8 854 42.7 561 28.0
2 500 1932 77.3 1927 77.1 1230 49.2 715 28.6
3 000 2 388 79.6 2376 79.2 1623 54.1 882 29.4
3 HWiE SE 3k

E1XF n—grams $FRAEZEPE ALK VT BE i 72 19 AL
A8 DX B AV AR i 5008 22 10 [m) R, A SR FH il i
SCFIRNE I N FE IR P O 2R |, B Al 3Rl oA 1
FIIRIC A 2 R n—grams H¢ 1 16 55 i1 A S D fid 55
B EAAEA R R AR B AR £ Y W] BB S AR
FEIE INAS A i B8 S AS(EL DX 3 B, (o T e 3R
fIE o X EESEIG 45 R B, AN SCH A5 B B n—grams
FEOETE 3 ZEVERE AR i B840 4 ) L 39 KR 7
R Tt —2EHET n—grams FRAE AN 403K
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