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THT £ 240AE B SCAS B0 7]

(2) T H 2 M 45 A G AR B 2 ) fiE
FIBIREME B IE A 704 5 Kaiming S} A5 45 5 16—
LR T2 N AL R HR AL, bk G T b T
22 0 2% 3 R H R ) 45 R K B S TR

(3) EEXHEGEH 4 P 48 A il B — 1 L) &', =
B AT Ty T PN o3 T b S50 A% AR AL A i)
R Bt T — PR BB G R AR ) 28 A5
FHSRAR T TSR

ASCKAES 1 54 G5 I 2R ST A G T
VB s RS 2 54 34T X 2207 T SCASBAE AP ) R
R AT I SCAR SO AL B R 5 4628 3 15 XA A i
FrEARN G 1050 4 WA AR SRR X BE T 5
TE5 S R4S,

1 HxIHE

B HCHE B U AR SR Y R B
151, TR BE 27 ] S W IR g e T i i) 2 2 i B, [T
FESCAS Y 75 TR R ATRL B 17 8% 03 2R AT 55 b, Aol R ]
P2 I 28 B BUSCAS T &S 5 TR I S R, LA A
SNBSS

CHRL10 ] B FHE M 2 W 2 48 th 1 B bn R
45 W90 12 W 4% ( target-dependent long short term

memory, TD-LSTM ) ##1 , 43 51) 44 SCAS 1) 1E F FI{E]
BB UG TAREFRIRCR . SCER( 11 ] BT
KGRI 1Z M %% (long short term memory, LSTM) [
Febl E5IA T I AL EAF B A RS A [F AL
BT AN [ A AL SR ST /) R AN [R) 077 T R) B 0
JEREREI o SCHR [ 12 ]85 SCAS 19 77 T 401 263 26 )
R R B 532 IR R 8 DA ST B4 P B A U TR, )
FHUBA 22 0 285 i e At Xof F903000 445 SR 6 AT I e 4
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TEmFIA] B 2LZ2 0, B DLE B 4 22 0 2% BE % A PRAT 3
T I SCA B

FEAEAL BRI ZRT7 2, 43 U R 1 2L AR
RHnHE g —/NaR 23, Rt Rt B T e SCA Y
KA REA I, T 0 B SR AT FEA B, B
XBAETFE BRI T IR 0 #)4F, T2 JE A K
5 RS A B R KB R, SHFESE R NER 1 T
Ro

®1 XAKIEFERE]

RS%Y R
8 9 50 60 2 3 0 0 6
2 3 3 8 4 5 5 45 8
5 13 25 69 78 21 14 0 7

2.3 RAEEEK

I ) AR H R R SO T A A S R 25 1 1)
B WE M EARAA P A — IR 7SO 4
JEGEME , AT LA WL i) (] B 4B RN, T — 2
45 18] ] £ T AR R IR SR Z [ IR 2R . ASSCRH]
Word2vec #4718 15 1 [ &4k

N T PR [R) A] [a]  AE E X AR A 2 S SR AR
M) , S ST AN [] 37) [r) 2 48 B8 FEAT 16 HE SR, AE
X HSER , FEEREUT 4 NARIR/NYLERE , 535
& 50.100,150,200,, ] i) & A~ [ 4 B ) /MR
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o, TR ) AR REAOR, FTREAL S IR S AL . A
S py A o) B A AE R, s R BUR SEI R R
REGIRIR ., B8 % 1] ] B AH LL T one-hot Y {] ] & 1M
=, SulIR T TR AR, I ELAR i [ R RS 2
L HTE SRR o (B, FFAS 28 58 ] 1] Bk F) £ 2
MR ZE 5 B E &, f B S R TR, R E
) R AR/
2.4 HEAbZE T

ARSI R F B8 PR SCAS R HE , YR
Ft31 105 000 4%, AL HE “ @R A M5 A
ST ST 45 20 AS/NTT T, TR T R A%
PHET = , AT BE ¥ KX 2 20 A J7 T iy H A LA,
Xt F W KB T5 A7 T E 3RS
SRR

T SO KA B X 1 24505 T, AT T
W BB R AR IR, 20 T T RO G TR dn k2

R2 BoAEHESITE

R K % is %
G HEA 81382 1318 1046 21254
PEB LT 83680 586 533 20 201
REASTH 80605 3976 2472 17947
HEBA S5 AFF ] 92763 3034 4382 4821
Moy NASE 42410 8684 12534 41372
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81 382K YNGR A B A $ K% J7 T , [A] i 7 12 )% B
L7 THI R SCAS HP < 227 AN Hh ™ R0 64 15 S 1)
S/ N T B R 4 2 BB

A g RS AS A T AL, S SCHR T e )
B H A —BB 5k, BB FIkUAR AL 1 By
Ro

i1 OB ERE

Input: data x, x labels

Output: data y, y labels
import Counter
class num =dict( Counter(x labels) )
if len(class num) = =1

y labels = [2-+]

y labels = reverse («x labels)

elif len(class num) = =3;

#ITTARAE A 2B

#4 x BOBREE LA U S AEL, B B 1~

y labels = reverse(max(x labels) , min(x labels) ) #¥ x Fr% iR 25 /D) B4 &

1
2
3
4
5. elif len(class num) = =2.
6
7
8
9

else:
10. y labels = reverse ( max(x labels) , min(x labels) ) && reverse(other 2 class)
11. for label in y labls.
12. generate (data y aspect + sentimient word)
13. return data y, y labels
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3.1 EEEA

BENGHT S = (w,,-w;,-w,), HH w,
RER T i A, BT 0 AN, B4, A
A RIS U ZRA) 5 s iRl BAERE V, Hop Ve
R d Fyiaig i AR . RS i AT
AT w, HIR) A BRRIR .

73 T R AR 1 SR S R DI R A
BURERS | I phy ASE B A U457 T 19 SR R o 9 A
TG PR G, R A S BT, W A AT
3R Z 5 2 BRI B A 4 R AT ) AL, IR
] B Ak 2 5 BB T AR R R A B 2 I 3R
57 J7 W, AT O R AR 5 I RE O T
i, A AR TR o

ARTOR A A R EEATLAS BE T %, RIVAE A AR
R B A T AR RSO . R TEER 2 N
2R EAS AL AT B BE B ST PR 91, i A7 i A 40
HRRR X R A T P A R A P —— A KR Y
FF AT TR, B 2k A BB AL T B BE R/
RP o B AR FEACE &, L AL B
BT RRIKE, d Hyia e 4R

T SR R L Y1 Zhod A b e B AU A B
G, A 3R HIE NI 4E (regularization ) 5 Dropout AH %
B BT ZORE AR R B G . IENL R AR
> B R 2 ) o RS B S R0 — Fh R 2
B, HEEA R XL AR Kk BB 2 S5 B I sh 2
I, = (1) Bi7s

error = LossFunction + B | w | (1)

TEA# ] Dropout B 28 [ 45 vy, #2828 2> 7
R SR REAL B 73— L 2 TR R RS B B
5 IR) A, o R T AR 005 B XUBS: o W Drop-
out 73— MFAL BRI TR Bz B BT
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FENL ] Dropout i 7 Hh , it 25 I 4% 4k — Y% AUAR
SBEHLE ST — L 22T, T X e 220 A 8
B 1, T2 BN 57 0, I J A — R I R
TEJFAT W 208 LAt _E AT Bl A A 22 I 28, 4 5 T
(R Il

3.2 ARG

Attn-Bi-LCNN ¥ % ff Embedding JZ | Bi-LSTM
JZ .CNN JZ ., Attention JZ K%ty Z4H i, Attn-Bi-LC-
NN AR B BN E 6 Fis .

I

Embedding | x#4Er | Bi-LSTM |z
= (G

Cho By

P

CNNEZ

HEEA
XA | Attention | PE
=
Softmax
= " R
B X =

B 6 Attn-Bi-LCNN &8 £ E

3.2.1 Embedding |Z

BEAI ) Embedding J2 i VE F 218035 LR
iAl[a] &, Embedding |2 B4 BT B o — R 43 482, H
WEBACEE B SR ) &, @3 Embedding J2Z f5 , ¥
YNGR SCA e 8 Sy SCASHE R, 46 M 10 565 @ 47 BP Ry ) 5
W AN TE] Y iE] [

S =R" (2)

W= (2) FiR, SCARHES KANA L xd, Hf L
R REATER, R 2 ) R TR AR, d R ie)iE Ak
i35
3.2.2 Bi-LSTM 2

Bi-LSTM JZBAE ISy 1 4 Bt /) v B3] 22 ]
AN 5 48 4, IF X 4] F 3R o8 #E AT 0 1S 7 . Bi-
LSTM ZRI/R U] LSTM , 4 SCAS R [ v 1 1) 14 R
[ 4 A B ) LSTM. Hv | 2% SR HCY i8] 44 i [7]
W UFRIR b, R Wi RN B, W A PRE i ok
153 YRR e s XRR LA, B

[FI#E , SCAS [ it 4R B 285 Bi-LSTM J2 (% Ry
AR YEE LFRoR AR A

8iom; = Bi-LSTM(S) =RI:E (3)
B, S oy AREICAEYEE LRRHRE, | R T
K, digry AR Bi-LSTM [0 2 48 B R/, R R 1Y

BE—47 BRI g B3] 4 SE B TR SRR Ly b, ] o
3.2.3 CNN 2

CNN Z AR HIJE N T 32 B 4R T8 SRR P Y
W SIEZ B G FR . TEERME 28 15 @ M 2%
FIHT i - 1 MARICIZE N . SRR M R[],
1A CNN BIFE 28 1 S UM 4R 11~ A] Z 18] #4
RE X 1 Z AR I TEAE 5

Ahk CNN JZR F BRI S0/ 43 ) CNN B — 4
B HERER BB PETR S IRE
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3.2.4 REZE

B2 55 ) T i T A 4 A A e R M 2% i
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3.2.5 &mHE

AR SCHIFE ) TR R 32K 1R AL, iy A 6 4% Softmax
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ARSCR AR B T E LS, HE R A E
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7 R

A = softmax(V tanh( W _D") ) (6)
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S=AxD (7)
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T P 175 SR SUAELRE S
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4 HELN
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4.2 #RHEIXIEE
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AR B S, RS AE e X AR b TR AR
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®3 HELGIRARE
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B M55 i
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1ETH ETf FS/ 94
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Text aspect-level fine-grained sentiment classification

based on deep learning in travel scenarios

LIU Wenyuan, GUO Zhicun, GUO Dingding
(The Key Laboratory of Software Engineering of Hebei Province, School of Information Science and
Engineering, Yanshan University, Qinhuangdao 066004 )
Abstract
Aspect-level fine-grained sentiment classification is to analyze the emotional polarity of the text data in a given
aspect. As the sample of comments often involves different aspects, the emotional polarity of each aspect is unbal-

anced. In order to reduce the impact of unbalanced data on model training, this paper proposes a new data balance

method batch balance (BB), which is used to balance multi-label and multi-category data. At the same time,
because the commentary text itself contains multiple aspects, the traditional model structure can only predict one as-
pect of emotion at a time. In order to improve the efficiency of emotion mining, this paper proposes an attention

a bidirectional circular convolutional atten-

network that automatically focuses on different aspects of emotions
tion network model. The model will pay attention to different affective information from different aspects at the same
time to form the affective semantic matrix, and make affective prediction according to the affective matrix. The com-
parative experiments show that the proposed model achieves better prediction results and faster computation speed.

Key words: sentiment classification, deep learning, neural network, attention





