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Text classification method based on improved long-short term
memory network
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Abstract: Traditional long-short term memory network (LSTM) cannot automatically select the most important
latent semantic factors in text categorization. To solve the problem, this paper proposes an improved LSTM
model. First, the traditional LSTM operation relationship is extended to the bidirectional mode, so that the
network fully remembers the context of the input feature words. Then, the pooling layer is added in front of the
output layer to better select the most important latent semantic factors. The experiment on the Internet Movie
Database review data show that the model is superior to the traditional long-short term memory neural network
and other similar models, revealing that the improved scheme proposed in this paper can improve the accuracy of
text classification.
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Fig.1 RNN structure diagram of recurrent neural network

1

x JE—A n e, B AR AN AR s SRR AR IR
s;=Ux,+Wh, +b, (1)



% 58 FAEF,F A TRERENIZICRNEY LAY LTk 113

B AR ¢ 220 B8 BEORR 2, — P P AR 4k 114 R RSO b B 48 bR B0, 0 tank S5 pRBC, W08 RO 31 BSOREZ 19
&N

h,=f(Ux,+Wh,_,+b), (2)
ot s o, ACFE B ZI 9 % 5 g — N softmax BRAL; VR [RUHEZ 21 5 2 BB
0=g(Vh,+c), 3)

F T xR R B 78 H 4 RS e e eR SO Dy 0 3R AR L 1 2 B, A 8 FH RN g AL 571 e S5 %)
[ 5 K /IN B 1] i 8 2 ) o A 26 B — S 43 25 1Y softmax 2 o ﬁkﬁﬁ,ﬂ-ﬁkﬁﬂﬁ/ﬁm%%ﬁ B9 RNN A — > [1)
R, FE YN o B, B ) A 23 2 T DAFE R A SRS O K s e 1 — R T R A ) R RN A A
ARMEFE 751 v 2 2 K B B A G .
1.2 KEHIEIZME
Hochreiter F1 Schmidhuber 4 H 1 1< 3 %0 19110 42 199 25828 fifk e A SRS 5C & (19 18] 8, LSTM 7 H: A &5 £
BT — AT B ICAL BT AN B A ORI A . AR RSB R TR R LSTM S0z 5 S RO Y
M A BRI AT AR CO i TR B ECIR S B, d )2 LSTM %6 8 (%t . LSTM 554 id 72
mr
1) F # 3% % 1] #ar
=6 (WHh""+Ux, " +b,), (4)
150 [ TR A R A 28, DA — A R R A 38— )2 Y BROR A RS
2)E # N 4r
i=c(Wh""+Ux,+b,), (5)
a"= tanh (W, R+ U,x,"+b,), (6)
AT TR B T TR AT i S, UEAT AR TS B 4, 32 G T AL B S T AL E A A PR 23 4 4L
sigmoid I PR, fi 13 R i FH tanh 0T SRR i H O g, G5 R HEAT R SRR TR A0 LIRS
3)F A7 Bk A
C=COOfM+i"0aq", (7)
YR S AEE R B BT ] AT TS RAEH T AR S, ORR T £
4) Ak 1 o
0" =6 (W,h" "+ U,x,+b,), (8)
A" =0" O tanh (C"), (9)
B D o AR 1 BT AR S A
5)EH LA A7) R 5] TR ok
YO =g(VR"+c), (10)
BRI LSTM A7) i 47 G A5 34 A7 7% T8 1k 4 8 D 20T 915 2, o

2 MR LSTM & HY

2.1 WELSTM 8

Ay i D TG 15 2 5 DS B ET ARG A5 B, ff FH Bi-LSTM AR 75 F 47 i g, b A5 780 ] DA B G4 2 XL 1) ) 1 L

TE Bk E b, R R B e A SRS R BT w w, L w, B A B O B R ] p(KID,O) K FoR
SCRY R kSRR O SRR R S5, S5 A — DN RAE B B R SOR R R — ANl . R SCH BY T RS R
FA) 1) S, FEASEAY i feft OB ) K 8 BT A2 I 4 R X SCAS I B AR AT A5 B4R I, ¢ (w8 R B3R w1 22
FR SR e (wo)E R w A ER O c/(w-)ﬁw[%‘li%ﬁlcliﬁfﬂ%o PG w, B A BN S e (w))
AT, P e(w. ) E8imlw, B AR, ERE— D E M e (wey ) Ew BIZEM R X, X
w B2 R SOl P AR R B S 8 e (w))o W‘”E‘HE%@E%%@%T~’I‘E%@EE‘J%EK¢C WO — R



114 TR K F F IR % 46 %

M, TA5Gw Mlw WA R DTSR o (w208, in=XA2)fR . XA RE — 13
WE A BN SCES e, (w,)o
c(w)=f (W, (wi. )+ We(w.,)), (1)
c(wH=F (W%, (Wi )T W e (wii))o (12)
e (w)Fle, (w)REBOCCARPREE, XL T wilERR, fEXXA3)P, ERZM LR Ece (w).
iﬂmf\e(wi)iﬂFfﬂUL_FIﬁim(wJE’J%ﬂ?EO A DAy 2, a] Rd b w s ol i 57 S
xi=[ei(wixe(w)e(w:)]o (13)
16 B0 25 ¥ AT LA AE SCAS (0 1] 148 AR5 BT AT ¢, 78 SCAR R G i 3k i e IEEIE ZRE O (n)s 1E
AT w, B RN x, Z 5 MR 5 tan b 0TS PREC— BB X, R A R LRI — 2.
‘2)—tanh(W(2)x,+b(2>), (14)
Y Je AN TE (0 T R AR X A R R AN SR RS B B, DU RE S A 9 2R SCAR 1Y
2.2 WELSTM finst 4k =&
TR v (10 36 A 20 X 245 DA 3 Bl 2 T 445 114 ) R 3R SO i TR B I IR 5 W R B R . ST 5
AT A B Y 2 s B SR R N B KAk )
y‘”:n}jalxyé“, (15)

Horh, max pRBOR — PR HRF R R AL, O B AJCER Iy I kLR PR RIICER .

A 2o it J2 A AN () B SO B e D [ G T B ) o AR FE TR B o ) i A A S Y B )= | 5
PR A AR T AR BOCA i 23 26 RO VR RIF BEA AR S o DRI, 28 35 {6l 1 e it J2= A B TR R
ARG 16 SCAS 18 BUR T SO 00 S A BOR B9 1] o )2 A0 UL ) 4 S I 12 R 265 B VR A 2 RO A . Yt
JE BB E] S AR O () JEPARASE IR A B0 45 1 R i R J2 5 5 Y ) B 18] A2 2 MEATS R0 O ()

BRI d Ji — R R R . R T AL MM LM% EdoE 8

YO =W YO 4 p (16)
B, K SoftMax bR KN Ty R i b 805 5 e HE R
__exp(yi)
p = o a7

ZZ:] exp(yi')
28 R 42 gk LSTM A BRI 1K) 2 fiF s

IS R W

EJ:"F)‘C ﬁ)\)‘(? EJ:'Fi
(l(onoQ) g e OO O) (wooo)—»m)
<1(w>ooo>g « 000 (wooo}—»@ 0000)
] wooo (e OO0 CW))—»@QQQ@
{xﬁ( w@@@) @mesoocj (e (waooo) OO0 )
' (,moo@( ooé’) (e <w7>©©o)—><ywoooo)

B2 B3 LSTMZHE
Fig.2 Improved LSTM structure diagram



%54 EEP,F A TREKEFDILMESY LAYy EF & 115

23 XAEADEIEARE
TE S 73 28 Z 1, 1 20 EEA B 5 v A SCAS o R TR SR AT KOs B AR B O HLUI R i) o R AR
AT ISR o UGk 2% 2 B0k i A 20 Gk i 2 800 U 0
O={ Eb> b c/(w ) e, (w,) W),
WEOLWO WO WD Wy (18)
HARRL, ZHO R AT Ee RN i faf 1] & 6 e RY, 6V e RO, WIH BT Lei(wi) e (w,)e R, A
Pl W e R W e RO WO W e R WD WOD e R 1] R AT 3 B B B B
RN ORI AL
K FRE ML BE T B U 2k HAs b AT ik o #e B 22 h  BE AL 2 35— B 7 (D, classy) I A7 86 )&

dlogp(classy|(yi')
a0 ’

Horr a5 20 % YRR TN SR BEMLAR BE T B i pl 22 I 28 19 7 1k
5 3% 38 43, ffE 1 skip-gram 5 B B0 56 I S die AR B o e SR G B K AR 7 24 0 BORE A2 I 25 B 3]
W],Wz,...,WTE/'Jﬁ'L‘k/\

f«—0+a=

(19)

IS0 togp (wel(wo), 20)
T

t=1 -c<j<cj#0

_exp(e'(wi)e(w.))
pOwiw.) = - ,
M exp(e (wi)e(w.))

Forft VR R RIE ORI e (w0) S w, B — T HEA
Pooling J5 S 5 fF 4R UR 467K [ K 15 19 S0 A< 44 1 4K 2K i, 3 i pooling J2 38 S A% 4 7 7 £
K8 (0 P A M2 , 7 SO o 6 502K M 5 B P A SR 10 1), 0 J2 PR 0 48 4 0 e AL
5 B softmax E UE47 4025

3 KWHERKSW

AR YR S5 Al Windows 10 4 % Python B2 % , JF7E GPU 1 iff 47 5556 . B4 1 43 28850406 4y 96 3L IMDB
L 52 P10 11 B o3 B B s 45, A Bl 48 B 3L AT 3 A0 o 2 A, At DRl B 2 i N 2 4 8 e 25 000 4%, (]
A B39 4 P A A 45 50 000 25 AN AR 2 10 I 25 4 DL % 25 000 2 B0E i il 48 . BoE 45 P g id AR FR HL R PRI Y
id, review fU R L ITIR 1 N 25, sentiment {2 175 J8 43 28 1 b5 28 (7 A1 05 28 1 B0 4 TP A7 7 ) o
3.1 BEmALE

G S i S W N Tl S N W N S v e 0 ) | T I o B B i 1 V2 S o = A (SR <]
Geit i SOy A o R R B A TR R 45 FH IR A0 : “the” \“a” | “that” [ Fil“those” , 3X 26 ] 78 SCAS Ho AU AN AL 31 4 i 44
T AR A HE S W VE R X SCARAR B NIRRT YER- . A1 “on”, “over”, “beneath” 5¢ F/R A X &, 7E
SRS Ab B b T SEAR R 1Y A3 ], O X 2 4n]) 0 AF FEAR o, HoE w1 SCAS R SO I3 S I A SRR R 4
Fro BT R R I 2 0 A 1, O (8 22 0 A $45 FH A
3.2 4 word2vecid @£

il I SELHEAT SCA 4328, 18 e 55 BE X ) SO A 38 ] T LA B . SRR S n R T T N —
FREASE FH 55 1 00 7y Oy 1 380 i 000l 2 T Ge 1 00 O ik Bl R R TR B 2 ] AR O i AR 2R 2R R R
TSI EZHZ KR, i n—gram M2 R 25 L K log_ linear #6141 4F AR Jy e o 3 7 R U, A5 Y 1)
R 2 PR AE AR R Ak DR 3] R R X DA DX TR R A X R A T . O R S ), AR ) b
WA HREF IS T2 ERENAE . XHEIHEF BTN 5T, Google #fE i1 Word2vec il 1]
] f, BE A5 38 o 45 28 00 TEORE R | DR T 0 bR R B B ) e AR L X A AR A R R SR AT R T IR S LA

ey



116 TR K F F IR % 46 %

word2vec K6 T 78 J2 M 248 W 4% , 4K i skip-grams 5 CBOW 37 #H 28 i) ik A o 1) 48 4% 7Y (Bag-of-words model)
SETE A SRR T I AE B R (IR) T 8 i 1k B RGBS o 7E SCA b 3 v ) 1 1T 3 B0 0 S0 B R % I
SCYE RN i ie] ) iR 2. CBoW 58 28 g K i ACTA] 9 LR SR B HR XA AR A 1R A R 1) F AR K R TR A4S
BTN T SCAS Kb B A P 3, ZEAR 22 43 24 [ J0 e 0 0K B0 A1 A e P i ) s 300 1 00 0 W R R S AR I 5 03 25 4 1
FRAE . Skip-gram 5 A1 J& — A~ ] 5L S A B AY L 38 7R M D [ AR IE T AL 38R R DG [ | T R HURE ) B
B, H e, B YL AR S A B R ) R T N TR DG &R ), LR TR AR O R E R P L A S
B B R R 56 2R R T SO [ R b B BB CBoW il AR /N BB % |, Skip-Gram i ] A5 KB E R

X HB 43 e B AR TR [ A R TR 2R G WS B 2 g A R AT IR Y G T, R e ke i AR A i)
B, fe S A B IS T SO & J ) i R Ak PR S B A 5 1) ML Word2vece £ AY A4 EE IR ] o
33 ETHLSTM A H A4 2

I T 25 7 ] 1] 2200 46 A 1] e ARE B R FH )ik AR e e A B T %) 1) 2 48 B ) S, 52— 15 1)
HRAJZ A A2 AT LU 8] ) 5 40 3 45 4 B2 R AIG, el iz B o oAb B S 09 B0HE f A Bi-LSTM 2544
AR I, F I 0 N e B 0 ] ) DA — R A B A 23 R AL i max-pooling B #RAE , K B[] 2D 1 4 B2
KRR EERE R N RE R

158 8 5 10 B At 8 ) 4% A AR, K I A I 8 AR AR T T T AR A R BT S T 2 AR A AT R L SR . A A
O3 R R B R R R ) A B B S P AR R R FH R 1A 3H SR SHNEERKEEEFE T LT 44
ZRAT

K1 TWHRANIASHIZE
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Fig.3 The relationship between the accuracy of each model and the number of iterations of set 1
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Fig.4 The relationship between the accuracy of each model and the number of iterations of set 2
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Fig.5 The relationship between the accuracy of each model and the number of iterations of set 3
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