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An Emotion Feature Extraction Method of BiLSTM-CNN
based on Orthogonal Projection
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Abstract: The emotion feature extraction method of BiLSTM-CNN based on orthogonal projection aims to obtain the
weighted neutral word vector from the text, obtain the emotion feature with higher discrimination, and provide strong
technical support for text emotion classification. The traditional deep learning model ignores the special meaning of words
in the key local context information, resulting in the insufficient acquisition of emotional features. To solve this problem,a
BiLSTM-CNN emotion feature extraction method based on orthogonal projection has been proposed. Firstly, the neutral
word vector is projected into the orthogonal space of emotional polarity words, and the weighted neutral word vector is
obtained. At the same time,the CNN deep learning model is used to extract the key semantics of the text. Then, the
BiLSTM-Attention model and weighted neutral word vector are used to learn the semantic features of sentence emotion
from the extracted key semantics, which makes the text more discriminative in sentiment classification. The experimental
results show that the proposed sentiment feature extraction method can obtain more complete sentiment features, thus
significantly improving the accuracy of text sentiment classification.

Key words : emotional classification, orthogonal projection, BILSTM ,CNN
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X432 28 5 T B ) SRR R SCfE B CNN AR AT LU i AR TRl A /N 7 1RO 22 1) Jay 3l RN v, AN AR
FFAE , {H TC3 6 S BE R A A T T30 XY AR () n « — e < IE 8 < 97 Sk BURRIR R SCAYA] ) . R L, 7E
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Fig.1 BIiLSTM-CNN'’s emotional characteristic extraction framework based on orthographic projection
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Mi'E b e R AN A ¢, TR
¢;=g(W-X;[j:j+n—1:]+b) (5)
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VERIZXANFE ST IE RS o XRIAYRFIE. [FIRERORRESLIRES F, A s A JZ AR S GURHIE ),
S, =VD-CNN(X) (6)
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() g (9)
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1IEAZ B2 )Z (Orthogonal Projection Layer, OPL) Ul 4 »
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Fig. 4 Orthogonal projection principle
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Lo =06 (o f)) (12)
S, O MR B, R A S (13) iR,
Orj(x,y)="2 2 (13)
x| Iyl
Sy R SRISTERURRT /£, HOTE A7 1] AT, A0 25 X 43 1 4 S AT i
7,=06(f, (L)) (14)

1 A, 2 (14) BB RHE I & £ S T £, . ~f,. R PR RHE ) B f, BOS R BIRMEm & /.
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I XSO HEA R 2K

Y p, = softmax (ﬁp -W,+b,,) (15)

Loss,, = CrossEntorpy (Y, , Y op,) (16)

X B Loss,, BREUHN Loss, BRAEGE RN ZR, AT M FHAFE DG &% Loss,, 45125 R AL S 1] Adam fL1k

. D-NET P K SR Loss M FHIZ SGD HRALZR . A HRALIK BREL Loss,, B, 6 B2 i b £, 1536

Mok, EARIX PR R R ECTERRTE SR ISR F, WDk BAR AR S ] Loss, X F, BYSZIRJEAE £, B IEAE
Dyl b SR RT DAFR B A1 6 (-4t B P R i B 0 3 S 1 155 SR PR R

3 JET CBA BIRURIBUSCAS T AR

FAPEE A AR AN B LIRSS &, P2 T CBA B 2B RUFH CNN+BILSTM A i 45 M
2T A SCAR A T I IR IR BRI, 25 6 1 LRI AR B E S i SRR, 199, SR Word2vec ALY i
A SCA B4 Ay ) ) £ 5 LU, F A CNINASE R A 3400 4 A ] £ 647 58 70 B9 424, SR B A SCAS 1Y 3 B4y
fIE. CNN B R4 55 5 B2 Al KOt Ak 2, 4 A2 09 5 09 2 28 U A K 1Y RR AR, T )23 00 000 R B80T o
Relu. TEERZE Z G #-AT I RMAARAE W B2 A S IR R AR R4 T 1] R SRAE IR B TR 240 H Y
SR B CNN 284 IR A RRAE AL A BILSTM 2% v 4 IBCSCASRRAE HEA T 9 Ak 27 T | LAARIBURFAE 22 [ (1) A
TEIR R A MDA ISR ]38 5 ), 71 Attention AL, 3455045 — IRF 200 55 8RR AE 1) £ 1) DR FC AR 50
3.1 AHmASLE

CBA #HR ] word2vec RS Zxin] ) 1. AHES T A Gt 77 3K, word2vec #5138 4+ Y1 2575 21 4 B 4
AR AR 5 3] ] 12, AT DASE A I 3R A Rl =2 0] S bR SCF B Word2vee £ CBOW Fl Skip-gram P
PRt e, 1) it A I 28k B2 5 T >R B, CBOW A A 31| 2k ] 122 3 BE 44 Skip-gram BRI, (HRTE TR L RIK
(R ERf P 7 T, Skip-gram BRI Z5 ) 2 (1) e 2 R0OR 58 CBOW REAI T 224 R A SCRE PR VIR 45 R Aty
4 Skip-gram G544 Y 2l A SCAR B 1] ]

RSy A B Hh ) — 25 SOAR B TR ECH K [ W, W, e, W, RS IR 53O fE gl ik A=
JG AR RN D= %, ,x,, -+ ,%, ] ,x, € Ry, Herh d il [a] 4L
3.2 Multi-head Attention 1R

Attention ML YA B2 — AN EE (B 53 A0, 7E ARG 5 AL 3, A B K 19 1) 75 4 A SOAS Bl i 22
TEREASG3AT 55 i R AR A P B . 30 8 0 A RS SCAR 73 28 25 R 5 W B R ) ) v AAT R0 T o 2
MR

B ) M A 223k B 1R (Multi-head Self-attention ) A& A H Hbr 43k & @ HbnT L F 3¢
FRAEm & KRR ) & V ISR e R GRS, Horb ) AR AL AT AR, . 0 5 K Sedb AT AT
TR B A | BT B ) RGE [ S A JsUh e iV, DL Vo B bR SO HA [a] Y 8 2
R A AL (17) 2 (18) PR,

A ion( Q,K, V)= Sofi (QKTJV (17)
ttention LI, V)= Dottmax| — —

Jd,
attention—output = Attention ( Q ,K, V) (18)

KA d, IR, B Q 5 K VERIA LAY 5 7 ) i3l 5 Softmax #HE BREUE A — B 2214 1Y 5 8
fiF 1) 2 B DS C A3, SRS Xt v rp A 1) g 5 O 7 94 3 18 0 4500 A4 ok TR 45 LA T ISR A,

2853 BiLSTM-Attention J5 13 2 [l i O, BEAL & T 30K LN SUF R, XOREE JICE T EZE 5 L,
TR R T UF B, CBA BB AT LIS 3 3= 5 A9 15 EERAE 1) &, B S0 7 40 2 SCAR S A 51 Skip-
gram Z5H  XPOIR B AT AL BE , A5 2 BARAE D, SR 5 1 2 R 8 I 45 110 4 ARUZ s Ak 2 15 31 ey 3
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AR O, (EARET A e R LS 1 1T SO R B A T S R AR B, T EL R a3 A i
fi vy i JERFAE SR B

4 ISR

A E = AR AT X R B0 BT 4 vk A A,
4.1 SKIGHUIEE
ARSI B A =R, 23 2 AG _news B AE 20 000 S50 38 00 5250 = B4 4 50 000 4%
B, Hhl R BESE 30 000 48R, HARGS B ILER 1 FiR.
F1 HRESIHER
Table 1 Data set statistics

Name Training Validation Test category Total
Sogou Lab 20 000 20 000 10 000 4 50 000
Zhongshan 10 000 10 000 10 000 4 30 000
AG_news 10 000 5 000 5 000 4 20 000

4.2 BSHIEE
16 Word2vec "I Z5RA0 i) o] i 36 11 SAZ BERAHE )y T, 1 T Skip-gram % 1k CBOW AUR4F , P tE A
SCR Y Skip-gram AEHHEATIL LIS, TR A TEEHR 15U 7 000 86 3l 07 I A LA 36 1
TR SEYG A R AR B L LSTM NN LR SRR Zhad 7 b Hh B U5 B4, AT RS Drop-out
WR 0.5, BEHLIIE 50% M FR0E)Z 5000 B 0TS (B LA SR 50 R FH B9 Relu S0 pREAT DU SRS Y 7Y i 84
B, AT DAt — 2 B ks A G i . R HAL S B 2-4 TR,
R 2 Word2vec &S

Table 2 Word2vec network parameters

parameter value parameter value
Train algorithm Skip-gram Words number 6 000
Window size 5 Word vector dimension 200
R3 CNNR%ESH &4 BILSTM M#&S8#

Table 3 CNN Network Parameters Table 4 BiLSTM network parameters
parameter value parameter value Parameter value Parameter value
Word vector dimension 200 Learning rate 0.001 Word vector dimension 200 Earning rate 0.001

Convolution size 2,3,4 Drop_out 0.5 Hide layer size 256 Drop_out 0.5
Activate the function Relu Activate function Relu
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