478 848 I R N - S G =[N & = 23 T Vol47,No4
20204 4 H Journal of Hunan University (Natural Sciences ) Apr.2020

XERS :1674-2974(2020)04-0118-07 DOI:10.16339/j.cnki.hdxbzkb.2020.04.015

M SR AE REEL & 2 R} 2B B B3 RE A B M A 5%

WA INR  ERE
(1 BB TR PP e, B AT 21009452, B AU RF (5 BRAABE, B At 210095)

i E: Ade AR R RAAFHR AR B AR 4% B IE R T R D G Aeml KR A e ek b R
T & AL B A o 36y K AR BT ACAR AL 34 B Ay 22 04 B AR R 2R B A 5] AT AR,
BATT AN BAe BB IR, 5t 5 L@ AR o) S 30 2k R kAT xb bk, K T e o ey A AL
BEIPINFEAT, I T B AMLE 5 I AR D IR L0 B A JER 3G e T A TAFAEAE A
JG 09 S R AL AL A g AR M A ST R Rk, B B AT S AR RAL S 09 PR AR AT SR AT

KBRS F 3T KM RAALG BAL B FALAHR 2 TR

FEHES:G255.1 X kFREARD: A

Research on Automatic Determination Model Construction of

Subject Classification of National Social Science Foundation

SHEN Si'", WENG Xiaoying',SUN Hao', WANG Dongho®

(1. School of Economics and Management, Nanjing University of Science and Technology , Nanjing 210094, China;
2. College of Information Science and Technology , Nanjing Agricultural University, Nanjing 210095, China )

Abstract: The words of National Social Science Foundation (NSSF) titles are expressed into the train and test
corpus. And then, the category determination model of the NSSF project by using the conditional random field model
and the bidirectional short and long time memory model is verified from many angles and levels. The results are com—
pared with the experimental results of the support vector machine model. Based on the corresponding model perfor—
mance evaluation indexes, this paper not only verifies the overall performance of the traditional machine learning
model on the small-scale corpus, but also proves that the overall performance of the conditional random field model
with the artificial feature model is not certain to be outstanding, meanwhile, the performance of the conditional random
field model is analyzed in a case.
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L e gt AT BUR e Ahate Ok
% E BRI SE R E P D e R
oA SR P E SO B BOR Y SNEDSC
TS WS SR N GE e R
TG SOk L IRE 55 24 DRI L. Bk
24 AFRPEE T EAIE O H GFAESH
AR JE T B ORISR PR RN SE AN [
) E AR H . ABA R E AR 4 R
JE [ AT R ORI A7 B2 e = 2 i) L. ey
XF I GARE R, 1 FE SR 4 R H E
PRI, AN TS 22930 H HIE & FIT5E
HAT BRSO E, 3l AR 0t H A B
ORI A PG RS, TR T [ AR
BB PRI L.
A% BENL( Conditional Random Field, CRF) \ 5%
Fr AL Support Vector Machine, SVM ) F1 XY [a] 46
B 4257 (Bidirectional Long—Short Term Memory
Model , Bi-LSTM )2 n] DASE B SCA Y A sh251) )
T, FSEX 3 ARE RACRIEDTFE AT : Lannoy 55"
St —MTE DRSS H B 2R 0Bk T, AR
AR ERERR 1 T — MRE RN RS, 2
F AN N 0 SR B IEUE 1A, SEE0 45 R
TUMER OB TR, JUHAR B OBk T 1 5
Delaye S5 H T —FE A2 A SR TE L T 5 SCRY
H DXOP SOR A SCAR BB I B 07 12 iR T 4%
PERENLI & 2 M5 B IR, S T 7R m 4]
P ORGSR T B SUE B R R
I TTRR s Hu SE052 1T —Fhop 19 = 0 BIR o284k
#J5k, HIFE CRF in AR4ERR, Wi T LE
(Laplacian Eigenmaps ) .SSSE (Spatial-Spectral Schro—
cedinger Eigenmaps ) .LLE(Local Linear Embedding) 3
Tl T B B R AE T X0 Bl 5 36T CRF 2328105200,
ARBARIR T CRF 18 G 73 28 N H rp i 2R
TR ) sRF TR ) T — e T4 F AL 1Y
SCAR YRR, M AP HE £ SCAR R BN CRFs
ISP AFR S P81, SR I 51 2 18] Y SCHRRAAE
P ] 805 ARG 2RSSR, A%
PR T AR RINRCR s AR BT 2 MFRE P
LT N S RS B 7 N o R 7B L
FIFF bR EE Y 7 12 TR SCAS 73 240, IF A HIZE
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S T — R CRF BRI 22 I AH 22 B R 0 2R
Tk B RIS 45625 [a] DL ST 1R e
HRE T ARFRENLIA AL, SR A RERLIAE et
PP BRI AR , ANANAE S3im] TRl R SRS U |

T TR PERE,
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Ravi S H T — P TIRBERHER SVM 4328
BT T3 51 ) F B R T 0 25 A )
GG A ML, (T FHZNE SR s il o254, A
A JE T veg19 42 O RFAE U 25 1% 34 ) 2 AL
SEEL M 4 HA Je 19 53 25 PR RE ; Maldonado S5 i
FH SVM 22 i A SRRIE SR PR, R A 3 v 4 2
AR, e th A A RIS 5 S ] i 4
5 H 7 (Support Vector Data Description, SVDD) Fl i
ABHUEAL SVM(CS-SVM)—i2 fli ], % 12 S mi A
S TSN R SR A TS, ] S - A T
DU RE. A ] A5 o J2 W B 7 v AU S A,
FUE T2 AR FE AR 3 RO R, I 5 T 50k
AL T R s AR B A IR A, £
U S5 OL A e AR N —gram AR B R fIE 22 28 $E K
TiEM SVM 732 g, B2 Hh—Fh il 55 0 SR, fige o
FAREA BRI 2 SRS, AR SCAZ R
FRIESEUIME . RS AR T R TIRA
R A EZ S S A1) i - R 3 ey ki
P H T3 2 B 1 8 - T RN 58 B e 2 i 43 25 1 52
FEm IR AR, REIE T /0 2805 8, SURTHT 4
FAYR. MAF LA IE T T3 30 AR SCREm ALY
KR SHABS  NA T R, RE 0
TSI AR 5328 5 1m0 Pal A ) 2R 1 S 451]
R, B TG ) S Rl LR AR Y
RJEWET]. Abidine SEUXS SR AL SAFRENLIZ I
e F R AT R R AT LA, A3 R B S R i 3l
AT A BN, C-SVM BE#E 2 1E K 22 501 [ 45 i
2 B ST S SN RS BE . UE A [ AL RE , S RE
MR R SRR G . E s Al
Mz, RTEARGE AR SCAR A 3 i A58 3R
A

BB IR — 6T LSTM A9 VR 2% > 15
Kefifp ity L ZR AT MR, Je P BOCARRE , P L
X 7 SIEAAR BRI A B SRS RURRAIE 5 J XX PR
FAVFHEACRRE RS 193 28 I RITE AR VT 4R
G FHAS M RGHAR] T B TR AKX S
REGISCASE, T —FET word2vec Al
HHICAZ M 2% (Long—Short Term Memory , LSTM ) f#) 43+
FetsiAd, FIH] word2vee F4 R B SCAS B SCAR ] 1A
9 LSTM #ERIAGE A, DIl LSTM AR 75026 47
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B ASHFE ESIAREE IR, ISP
A R B ARPEBEEA TR HE

FT AP, ASCH BRI FRERN T .
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PRI S A R I, B BT % e
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RENLIZIEARY | S HRp ] AU A I S O 2 A
FHARIOUE E Z AR 4T H 2R 28, &
FREARBLAN T
1.1 CRF

ZBENLY VO AR M SR A kR
FTT 2 45 F SR 55 A BRS SCARYZ I O BIFIE R B
ek A PR BE. AR SCE U AR R0 B bR A L2 )
R X — G R [l AL AL R P AR T B [ A, SR )
BT Z ML AR H 250 e AR T 5%
4. DT SEERAE 432 (] L A0 S P S B 114 [ A

A1 0= {00,000, 0, %, w0, CERE ARSI [l 5K
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(1)

P(ylx,A) = 1—exp
’ZX

A ZGXP z z/\jﬁ(%—h%,xyi) (2)
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P Z, WIA—ALIA T, Fom BTl ey [ 2 BH
HSCARRPIRS P FN 4353, BRI A nT BEARZS ¥ 51
AIZEAFRERZ AN 13/ Cyinrs v, 1) ARFIE PRAR, F0R
TAEFRNE PR A R EET SRR T X Bl 2k
TR R I AR s 2 ARAS AR A HE PR
AL

SEg R, A BRI AR J2 B T IX 1 SRR
AT SR S22 FR AR ] T i) RS 22
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1.2 SVM

TAHFA AL 3 B BRI A BT R TR
aitfl . PEEAL ARG AR B IR A T A S A~
DL B2, SR LR S IR B HR A
B LR BRSO N T
B SCR AR A 43S

FE AR BARRE2ERHEN A, iz E
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THF AR S5 G TR E ) 24 -2 R
TR, R R B4 AR AR %) [ At Bl 3 4 i H 27
BEEMANE X — RIS L IZ ST H 24 DA
[F]2E R, X e —0 H AR A TR T8 I H R
GG AT SR AL T AR, X — RS
R 200 AT 55 FE TN Rl B i [ At Rl 4
I B o SRR FE P A A% PR AR linear, i
word2vec 14 E Z A RHE S0 H Rk &, SCk
AR ECR 50, b IESTI S 500 2.0, 12 0 HEA%
PRI R ENL gamma {E4 0.5.
1.3 Bi-LSTM

S A RE G E W EAZI, KA RO
RUNKA I i £.0, e, 73RN ¢ 28R4 30 H
BRI AT (Input gate ) AHRFEE 4T H 28 51144
Pt 2] (Forget gate) i i1 7] (Output gate ) FIAER}
L1 H 25 A0 B RS 578 (Memory cell) B
A RRUNZR A AR G 10 B S5 B A T M W
V AV ) b. o Ko TR 4000 B 285
i ARG 000 B O s S L2 BT
SN v AN Ui W A D & e a = s g
By AT DO B P2 B O BTG PRI SR sigmoid. v, Fn T H AR
U EE ¢+ DS IHE A embedding [7] &5 b, #8278 LSTM
W1 B2 T U R E— MR AR, Kahe
A CESOMIIES Suy T

ii=0(W,x,+U h_ +b,) (3)
fi=o(Wx,+ Urhy + b)) (4)
o,=0(W,x,+ U, h_ +b,) (5)
¢, =f,®@c +1i,Qtanh(W, x, + V. h_ +b,) (6)
h, = 0,® tanh(c,) (7)

B AR 4100 H B E LSTM X F R 22015 B
AREA ORI, i 7R B2 E AR T H LSTM
EEIN— 25 A LSTM , SE 3 FE AT R4 301 H X
[ 43012 M 2% (Bidirectional LSTM, Bi—LSTM ) it #4)
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P A EUEZ  (hidden layer) 4 BEORE B TEL
(hidden unit)>4 256 >, BRitE Z4t AL 450 H A 30
4328 s i (batch size) K/ 64, [ K4t Rl 4
TUH [ 3l 5328 B T BE AL BR A% 2 (dropout
rate) 4 0.5, EZARHEGIH A 31503822 %
(learning rate )24 0.001, E 4 BHEE 4 H A 25326
R RAEAR B (epochs )R 100, [ K4t Al 3410 H
H 853 2 BB RS (clip ) 5.

2 IERFREUANEM IR

2.1 iBREREX

AF 5 ol FH A St 4038 ) [ 5t R 43 30 H
Bt PRV IARI , B RS T DI AR AR B E AR
emH. e Ft SRE TR ZE BRI
1991 4F MR 44T , ARBFFEHMEL T 1991~2015 4F[H] A9
FALREE W H (AR 400 H 56 % s
RUUTH AP 1994 4EAAERLIE ). B0 Bk
PR P BTRE A 1 .

A1 B FAR R W RAE B

Fig.1 Examples of web pages grasped from

the National Social Science Foundation
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R AEE BT JE B, AT N T TR R v e AN
AN T AR B IR, —ANT0 B gk h
N AR AR

AR 24 DERHY 47 352 S E 5L RHE
EIH  1EJ5 SIS E R i i R, BT
ARG 47 352 A FE ZARRE BT H RIS,
Pyt R AR H F S5m0 E A,

TN B . ek I R R A T
PRTE, A SO “ B g - BpAL 58 - S P BB A
T WD BUh Y At A EBRRETST
SRIESDPI SN 1 e AR RN /R NP & o 5
30 B HE S SNEDSC R E S TR
ey N7 et RN I RS SCikeE A
BT 3K 24 AR 23 500 2 ) T AR A
N T BRI B B B TR AR EA T 0
FIERIPERE, XA FZER] T AR b b 6]
F LT AR bR RIS R 3 M e il
T B.LE 3L 3 MRic, BAERRI RN 1 FioR.

F 1 YZIERHHESG
Tab.1 Examples of training corpus
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HERR R A [ R AR A4
HER R Precision = 1EAf UL 8/ CIE AR R

AR+ R TR S iR )x100% (8)
A 0K Recall = TEAA 098w/ QFE RGN
Boim+ AR ) x100% (9)
JEREA(E F = leif; % 100% (10)

T I Ry A 1) 6] At B G 30T H Bk o3 A R
e, AT B3k 3 N8, ST IE R AN GEER
i FE SRR T H AR SRR PERE, v T
SR G- BT ) A A R A T E 02 R 3 JeE
R REARPERE , TESRPRREN LAY XU KA TC A5
B SCRp MU I PERE E 5 I AT RIPFE{H.

3 EXR#HMEETENFER S XERERE
S

FERS [ AR LG T H BEA TR 23U 2R A i
B F L B0E T 3 MR A BARPERE . TEAHN SEER
e R s SRR T ik R BT
Fstny 3 MEEIRPERE, 5 SRR G 00 H bl
APRAR AR AR B 9 < 1 o IR AR TR S T
AT 5 1 RE Y [ S A R 4 T S0 Y, 152
BT LR IS, — AR SR EEELY SRR AL
FI AT ALY s 55— 2H R T ) SR hE Al
RN 3 SR S R R Bt - 1) 2R i
P,

3.1 3 MRBIERIERERIXTLL

BT SRR AT, 8 X K
HCL SCRF LA EREALIAR R 6k T P
BT E ARG T H AR R AR A TERE, Wi
2~& 4 fiR.
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Fig.2 Performance of the classification model based

on the Bi-LSTM
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Fig.3 Performance of the classification model based on the SVM
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Fig.4 Performance of the classification model based on the CRF
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SFEEIITE 96% LA |, T 2 DAL (E
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Fig.5 Performance of the multi—feature classification

model based on the CRF

T 5 AT, ARG BT R ) BRREAE 1) S5 4 Bl AL
Gt R 5 , Z2APIE o A Y B A B T R 15 3
FRCERE, AR 758 SUBTRL P-4 R P2
{EALH 73.50% , b 8 AMEERL 8 FE- Y (E KT
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Tab.2 Examples of subject classification determination

and analysis of National Social Science Foundation
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