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Abstract

Film comments as an important way of expressing emotions in audience viewing, and an impor-
tant field of emotional mining research. This paper proposes a stacking model based on word at-
tention mechanism BiLSTM and CNN (Word Attention-Based BiLSTM and CNN Stacking Model,
WABCSM), and uses the Chinese commentary of the Douban platform as the research object to
analyze the emotional tendency of fans to the film. The feasibility of the model. Firstly, the word
vector is used to train the text, and the word vector representation is obtained. Then, the fusion
model based on word attention mechanism BiLSTM and CNN is used to perform emotion mining to
better extract the emotional words in the text to achieve the purpose of correct classification. The
model of this paper is valid. Compared with the traditional LSTM model and CNN model, the expe-
rimental results show that the classification accuracy and recall are improved. In particular, the
addition of the attention mechanism can make the model effectively extract the emotional fea-
tures, thus effectively overcoming the difficult problem of colloquial short text emotional polarity
judgment.
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1. 5|

BEE TR BRI, R i I e B R B ORI, R BRI
HWELBGENE R E DS B ORI . JCHRRITFRE W AT PR A g, 2 NiE#
FEAR IR T AT N BRI A2 S BE UG HL5 , WSV EAT 1 2 0 B A ORI B 22 X SB L E — Ty
TS M 25 A P AR, (RN B 2R SRR WL B B3 SR 28 w1 5 3208 it (R SR 2 AR
LR ITAR 1 B B S I A 5 1T, BT DAV IR A EUBOR I 2 AR, S i i) 1 84k A e A
Ph, CHZ A2 R, KAk SRR R . REHSIRRY, FEX T ST I R Mgt R i <A1
AR ASCHL SERE R T SRR, I HIREUE T & MR NI 7O 5, RABIEAR
SRR PR R

2. HxI#

T, ROV IAZYE, WU ATEE 5 o AR S MR RS . Wt ik E
BAREPRN: SRS TSR 2SI [1].

BEF RN ) T A 1 Jekam] S R 2, BIDRE 23 38) Ja R SORS 55 1 ] S R AT AT UL S, IR SE TG
PRI IR B . YT AR N T eSS INAERR U0 TR, AR EERS BOAl B TS N A AR SS A
J&IA S [2]. Paltoglou 5T 2012 R TG AR L VAT RS I b, RIS e il FRREEI] L file
AR A S8 X A R REE AT i SR A [3] o X T A [ A5 FR) 175 Sk 20 » A5 P 450 17 Je ) S LA BB R IR
Jo S NG R R AR R, R ) 6 A 0] 1) 2 AR RS AT SRAE DA /M) 1 2 ) B 3 G
HR[4]. TGRS, FTATTEIRZ 6], (ERAEA FIURA 2, Fa Bz U T 15 kA
i, HAER ERCRIRZE, HERIREUR.

BT AL 5 I T T LOS RIS m O HERA 3, (R AENLAR 2 W GRBEYRT,  75 ZE0 SOAE AT b
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o HH, Pang S5 IS HINLES 2 2] O AR DA A AT 1), ARAT 220 A N-gram BB SR EURFE, I
B RGF R RCR 5] P R — Le 222 R FHBLES 252 ) AT 5 860 25, Bt liu &5 B [RD 8 i)
J7EXS SCAR AT ARV, T 5 R SCRe IR ST 7328 [6]. X T HL2 TR, Darger A L 55454 bayes
HTKNN BRI, FEA3H T bayes 73 2 UERH R = T KNN BEHI 0 UEM RN 4518 [7]. FEHHLE T
K, A EAE Tk, one hot 7331 2 A, {H2 one hot J7 V5B Tk i 2 8] (R AH ¢
PRI PR RO AR B 14 ) /. 77 f5 Hiton 2 1 1 98] 1) & (Word Embedding)J77v%, 7] DAREF (44 SCA TR
G5 R N A 5 A B 38 ) B RS TR AR B, TR AR O T [l A i 1) R, L 1] e 2 ) A ] AR A e s B S
ARG X A IR SR TE 8] Le S5 3k 1] m) & ¥ 77 gk AT oAb, A ) B (1A [ 7R, AT SR 17
one hot A& [ 6k m[9]

FE G NS 5 S BB RAFIIVERE, AU 720 SOR M —E A, BIME S RIpLES 2 ) SE T
FRIEE —EMER . Bk, &R RHREE RO T SORRHIE R IE#E, X—dRERERERA
JIVT7 0 TRFE S ) I WG IR J2 IR IR I 2% 5 48] SR 2 20 B R A AR 23 A, AT R DAAE SCAR i H 3 255
STRFE, XA TSNS 2], SWLAREH . WE%ICAETFL ARES LT STRETE
K Th. Collobert &5 & VK A& R4 W 4% (convolutional neural network, CNN)SI A 1 [ 4R1%E 5 AL FE 1145
B, JERAS 7RI EEIR[10]. R SR H AR 2 9 2% (convolutional neural network, CNN)XT Twitter
AT AT, CNN BEAESRIUCA I R Rl BRI T RAFIPERT, S50R W] CNN B A1 Ik
o ERIERILE L AL G HL A 2 o) S R A [11]

HEREIVUGE AT CERR) ZigH, TESCARIAIE, A = IHLH] AT DU AR AG E BR  fA
FRIEBEATHREG, $2m 220 . Quanzeng You Z57E 2016 #2H T —Fh: T = JIHLHI 1) LSTM HIE &5
ey, i SRR SCARRHE, FE45 G WL BT AR AL T8 SR IE 21 43 2810 H [12]. XM &g K
LSTM #E R 25 Gy E WU RO T & A, B TR N ZRIHERE %2 [13]. £ K5 456 CNN AR
Jiplil, CLRRHERRECN B br, $2 R B SR E R 25 B A [14].

BN AR Z IR B2 SIS N FHAE T B A 00, AR ARG I8 7 A 003 ) DR 7 (R A 2R 8 B — 1)
B RPN N 245 e L S T 1 AR FRATIE, R EURIFBRFE R A IR, RS T E R . SRR
] CNN 7E SCA LS BEATIS B B A IR AR, {5 CNIN AR RS SCA (38 ok RN R B 22, T rif
FESCA, SHECHIBRIRETE, FrUCN T4 CNN SERIHERIE, A SCHE CNN B JE AL o\ 7 5%t
SCARE SURAAE SR IR AT S 28R A a3 2 o pLT Y BILSTM B, 4 2K 71833 S 0 HL I ) BILSTM
HT CNN A5 7 [t £ 45 78 (Word Attention-based BiLSTM & CNN Stacking Model, WABCSM).

ARSI EFSE LA M AT (1) WA 2. FIFH word2vec 4 SCARZE MM, 1EABAIHEIA. (2)
BILSTM JZ . % [ 31| SC AR i ] A5 B T HR BRI 2 AR G, 185 S5 T P9 254 56, Bir BAR A BILSTM.
BiLSTM B AL %o} SCA 8 SCHRRAT R AT B8R, K] ) 2 (A N EAT SCATE SRR AR 2. () VERED
BUH o R PRSI, RN SCAS A G 2] (AL . (4) CNN = o BRURAE R SR IRTS n-gram RHE,
M T RARIERT K. ACET WABCSM BEAEH SRS B T 50iE, JF H 5SS E Y2
BT LR, BTG TIRUFIEE 3
3. ZFREENNFIE BILSTM F1 CNN SEERB P ER S

IR SRR R A A ) FEAE BILSTM A8 5 CNN R BEAT R i, — J7 i iE I BiLSTM #:47
SCARITE SCHREL, 454 CNN B, $RECCARIE . N T HREER U, 76 BILSTM EEIMA T
Attention =5, H IR2 34N SCARSCHF B, (A58 7Y i) DASE 4f (R4 BOGEER] , SRk B 43 200 B (1.
AR GE R I 1 PR
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Figure 1. Integration model architecture

1. SERUARBIZEH

3.1 JHBmAE

AN E AT jieba 7318 5 45 A, BAERAIT o Qe IEAM ) 23 ] e A2 (R I 2 A TR K
sz el “ s S TRV R, “EE7, TR, WETLrE R, R
“HEL IXRUINR AR, A ERIH SCRRERYE, SR SR T 2
X030 S5 I SCAREEEAT G5 A4 o AR SR BORRBR ) B R A AE R MR A B I R s, ToViom AR
X2 la B % . Hinton T 1986 fE#2 /041 i 7 (distributed representation) i) /72 1R iF #ufi# vk 1 One hot
(AN E[8].  H AT ELECH H (1 word2vec 7722 J& T-40 A N7 . Word2vee ] LK SCAS 8 IR 4 52 A %
i RN, AU 7 AR LR a8, 1T oA 207 2] AR EF (R R L2 T 9C &R . word2vec
KB RHIZREE R MU i [a) RS, D T IARAN, s Rominl [ SR 4ERE . il x; Ros ORI AR
i M, HSCARKEE N L, M ) T LR R N

S =[X;%,;x JeR™ (1)

[(E=—a KA [(3 j:)'-? ”»
= = = EE)

BIWASCE Ry “Hg, oFE, #i&, Zh”7 , HEERaea{l: 8% 2: IrF 3. #& 4
TR}, SORRVE N RN, S5RA0(Q, 2, 3, )RR UK “CRBRIFE R R o BERIES @A, 2,3,
A)BEAT word2vec Il 25, 1] i) B4 A2 1€ 1 - word2vec 43y CBOW #5% (continuous bag-of-words model)
A1 skip-gram #5284 (continuous skip-gram model), A3 [a) S &R /2 T skip-gram A58, Skip-Gram BEAL )
Wzt EER 7N AR BEEEAE, TR DL ETIA w(t) BN SC Context (w) HHERAIREAT FI00 -
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AL Skip-Gram #5844 B 240 1 O ARHS -
=0
FOR ueContext(w) DO
{
FOR j=2:1" DO
{

-a)

Hj_l. 0, + gv(w)

= o{v(w erl)
~p(1-d

e=e+96;,
}
}
v(w):=v(w)+e

32. XAENFEIR

BILSTM 2. 7H¥#%4 M%% (Recurrent neural network, RNN) /& 1% it 2 X 48 (A8 1A, #R28 e T8
3% BA itz tkE” , BTA RNN ZIRFES S —Fpig FHESE . X TR SCARIIAL 3 F RNN B R AT
PR, EXFTRICA, RNN W28 “I012” DhRERCRBZE . O 1 ##oRiIX AN, Hochreiter & Schmidhuber
T 1997 4R 1 T KA RHEIZ M4 (Long Short-Term Memory, LSTM) [15]. A SCH| ) BILSTM 7 2
AR, AR CZ M 2, DR IR AN RN Z A1 B SCAR ARG, 3 2 T ) SCARAR K

LSTM HLCEE M THAILAE 34 “I17 L, X =A “117 G587 LSTM n] LASEELx 7 5245
QE’JEEHK SIIEAZ, X PRILAE X 45 i B e (cel ) IRAS B T B . 1 21 t (A i) B 241 Rk B2 e {E

¢ FNEMBE S w,, LRt -1 %) cell i MIBLE Ry w,, , Tt BFZI B IE S oo (E A

¢, = tanh(w, X, +w,.h_, +b,) )

0 R EY tanh Q1 B8 B TIE € KN E) cell AR
BINTTHIMERE t B Z0EA AR cell SRASHIFENT, SXARBAE “BET]” bl JFH 3 Fh “717 Hli
(R SER s 2R E AT BT — I Z01 cell %t URCRT— I %1 cell idZ 3L EISEm, BT, 2R

N
( Whl W 1 [X ht 1! t 1! bl]T) (3)
JS1TH Sigmoid Z5LH, ST ANEXT cell IRASRIFZ MW, A ARIR N

(W W, W, 1][xhtl[le) 4)

FIT LA 4R 20 t 4 cell RGN
¢ =f®c_ +i®C ®)
ARG)TIEHA @ Fom SHUEHE, WHRZN cel IRATTLAMGHE, LSTM B IGRA KIS B it s 1.
BT T — I 20 0 B TR A 2 i i i B oo 3k [F) e .
4T, o IMFRRERA
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Ot = O-([on’who'wcoil][xt ' ht—l'Ct—l'bo ]T) (6)

e B T BLR IR
h, =0, ® tanh(c,) ()
AR BILSTM A58 1 o

h = LSTM (h, 1. %.C. 1)

—

!

t LSTM (ht+1’ Xt’Ct+1)
ht = [H'E]

WO A AR ot s, By mean(hy) o 5T KBEDSCAME A BILSTM 2, “177 SR SEaifE 2
MIBERT St 5E, IXARBLTE sigmoid BR%L, FHH v 0~1 28], 14874 fis, 08T,

TERE SNSRI AR SOR, YRR A AR T PR I B 220G 2, N ix S
TR (A K T DA BE e R SCARHEAT 1 B2 4 . SR AR 0L, R ST PP v ) w1 8] B A
o3, W 1 AR,

=
Il

Table 1. Keyword distribution
1 XBASH

PESCAR SR ]
JRIAAEAE SR gt W
TR, AR A AR, 2SO R
A, W T ORI, SHEKNEEHE, M, BAL, wItE
T REAKE, Za2tk, AET
ARFER K — R, BRI g, fREF
ALSEHF KN AR, B RITAR0E) KA, AR, FERLB)

T YE B L B2 B google mind FIBAAE RNN B8 iz, KitAT B4 7395, Bahdanau %655 — X
W = IS F 2 NLP &iek, B 8 FH 2L 28 B8R Uk ) sequence to sequence BEAY[16]. T fE#) 72
T CNN RS, T S AL TE . Wang Z54E LSTM AR rf 57 FHVE 3 ML R SR B e 5, TR
BRIE T R AL AT DL E 3% 2] SRR R AL 43 AT [17].

N RICE SE o= WAL KD IDANEE B = Bl e s 0 o P S P =R R A A

T =tanh(Wx +b) (8)

HrA W, b AOSBCEA R BT Redan AN e, BIASNER s AERE . HAE AN

g o) )
C Xee(T)

Forbr S NSCARIKEZ . i BILSTM JZ I S =[x %55 % | » TMZERE Attention J2 5 4 i
r:ZaiXi (10)

TERE AU, B o BOK,  HO R A TAI R B, 300 SO ) S ] S IO A AR B A O
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33.CNN &

A2 W 2% (convolutional neural network, CNN) ) H 3 L 8 F 1 UG AL BRATDE,  Kim 25 A7E 2014
FERHAL 45 CNN P28 04T T — L8 %, (145 CNN 25— T SUAKLL #E18] . Santos 5¢ A4 ) CharSCNN
B, 255G AN BRUZ SEIUE SCRAERIEN, FEN AT 1) B R IARLF[19]. 2 R IE5 R ) & 45 &
CNN 773, X HEEPHe TG, BUS TIRGFIIRCR[20]. 2R 505 CNN T 4000 BETS AT,
FH PGB G0 o BT A B A 145 R [21]. R IHI44 CNN B [ = BE25 4

BB, ICMARTERKE N, GO, SANESIERPTISEOC A w, B2 BREREE
P c,, BPERESRIRRE N

¢ = f (WX, +b) (15)
Hor, 1<i<l-n+1FRRPK, FNIELEBTEREL b N WE .

WALE . 8T — € [ SRS AT S RIS, R VA B AR VS, AR Sk F s K fE

JT NG GAR G I HARFE ¢, EAT I AL 3 E R IG B LR AE
p; = max(C) (16)
Hr, C :(Cl,Cz,---,leml) °

EFERE. WEMER P Bt SERE AN Z, FIH softmax BREGHEAT /K, REIFRE

B RTINS, S AELAE 0~1 2 0], 0 RRTEAaMM, 1 RRTEEBM, AXH
p(y|P,w,,b,)=softmax (P -w, +b,) (17)

Herbrw, by 73l Dy 2 RS EE A g 2 20

4 B

4.1. SEIGIFEE

AR SLIGIRET T AR R TR FE 5 2 P keras, #4E &40y windows7 LA 64 fi2, CPUKi3, &R
#& Inter(R) HD Graphics, JF& T pycharm. HTFAXEIEEAK, FrUATEREAE.
4.2. LR
ARICEIS N HEARNEH | M 60775 25 L, (045 30445 ST ITIL, 30330 5L, A
W R 2 IR 8:2 I LR i I SRS, RIVIZREEA 20 48620, WAL 0N 12155, BV
THARFIR ] TR L 2,
Table 2. Comparison of negative text and positive text
7= 2. IHIRSCARFIRRR AT EE
LS &S AL S &S

PR R g, E A A B A
o i IR B S H

T EAE AR

PRBETRIR VTR ) Fo b A 1)
FEAE IR — IR LY

ERE LT A, ARIZ

Her R R, AR R L

M2 AT A, AR CSCAS R R T AR IR, I AR SO R i A SIS, OMEET . il
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Jou7, RIRSORR “4F, fEK”7, e, BT, YRR, RIEGA BRI IR SRR AR T .
X SCAHEAT Bt AL B, TR R

(1) PFRSCATIFRZE IR ;

(2) ZBRVFIRSCADR AT 5 S o T Ab B

(3) REALELJE A SCAKHE 74, I 7 dL A TR BEAT token #24k, SR IUIECK T 5 (TR B4 1]

(4) A IEEYIGR, R A7 PR T R ANEEAE A P R AR ] [
(5) KitATHEL, FTHAUIZR.
A SRR SN 3 Fron

Table 3. Hyperparameter settings
=3 BEH¥RE

Batch_size 256 RN, RIS
Sentence_length 82 PRRSCAR I P K
Drop_prob 05 Dropout Lt 4
Vocab_size 18082 FIAKE
Embedding_dim 300 R4
Num_filters 100 Filter %
Hdden_dim 50 ERESIIAY Il
Num_epochs 10 ERIEL

4.3. MEREVIATIRAR
AR TR R RS HER . AR LUK FLAE. St B —Led8hs.
TP RN IEFRTMIAIESS, TN FoRFERIMNIE, FP RIRGSEMINIES, FN Ny IESEHE 0y 6t

XKoo SRR AR VAN 7 SN MR FH ARG 1 26 (Precition) . A A1 (Recall) 1 F1 {H .
FE U
TP
~TP+FP
PRI
R__ TP
TP+FN
F11H:

o 2TP
2TP+FP+FN

4.4, SLIGTFEE R 4T

ASCHRER CNN B RN E N3, 4, 5), B H4EREK/NN 100, 0% ERECA ReLu, Bk 2R H
Max. HAM LSTM AL R ECN Adam, #0E R %CA Relu.

Mot BESELS o K5 LA DU T 53551l £ word2vec AT AL [ & 3H 78 9 A [ &7 v REEATS0G . A s
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AR 1 8] [ AR B R, T HAR P R TR R . AR SCH) B TTBRAE TR A Y AT AR
B AFRPHIARRY, JEMA TIERINERGERL . SKIRtn T, SRERSS RUNE 4 Fios.

(1) HEFTHEHLFER LSTM R . AR HIBEN AL ) BRAE UREA N, FT LSTM BERL|
o

(2) AR LSTM B, AR A word2vec St SCAYIZRir] & 1E 4N, FT LSTM Bl
e

(3) FET-HAALIF A CNN A . AHKIRLOR FHBE LA o) SR AE A A, H T CNN BRI 25,

(4) FTFiA = IR CNN B, AR A word2vec X SCAS IRl ) &4 N, F- T CNN
BRI 25

(5) =T BENLIAIE M BILSTM_CNN 7Y . 2L X Pl A5 A 1) Stacking fili s, HHE AR BEHL )
EVEABRHA

(6) & T A E A BILSTM_CNN BB, ZBIRR KA REAT word2vee YIZRIFME MmN . 4ia
BiLSTM_CNN HAS AT Il Z5.

(7) ASCHAL. JETRENLIAEAE AN, FHIMAGEEZ L ) BILSTM_CNN (rand & Word Atten-
tion-based BiLSTM & CNN Stacking Model, WABCSM + rand).

(8) ACAEAY , FETFiA M E NG NN, FEIIAIREZ SIHLH] ) BILSTM_CNN (word2vec & Word
Attention-based BiLSTM & CNN Stacking Model, WABCSM + w2v).

Table 4. Experimental results
4 LR

Model Recall (%) Precision (%) F1 (%)
LSTM + rand 79.9 80.3 80.1
LSTM + Word2vec 81.9 81.1 815
CNN + rand 80.2 80.4 80.6
CNN + Word2vec 81.4 81.4 815
BiLSTM_CNN + rand 81.8 81.3 81.6
BiLSTM_CNN + Word2vec 82.8 82.4 82.6
WABCSM + rand 82.1 815 81.8
WABCSM + Word2vec 83.6 83.4 83.5

UG R

FeF A . DUMRRL R 45 B R, — 7 TH word2vec Y2k T 3R] ) 45 S EAR TR AR B
FERINZREE R o 1X 15 B word2vec YIIZR N 13 ) BEAR UF 7R SCAR Z B BRIE SR 2R, W I 4r B A K
IR . TREHLE S N A A A AR AN SR . 5—J7 T, BMEERENETR T, BEAIZRE RO AR AA
AN, X ULIREE 2 SRR ) ERA R 18ER

B TR . A SCRBIRY R S i 45 BN TAR G i) S B . JUIH R AETE R IHUH] PR, UG TR LT
AR . X T FBERY, CNIN B ELLE LSTM B HUAS BEAF I RCR, X Ui REESRCCAR IR |, G2
PRI B e L FRAE B (OCHETH), CNN A EAL T LSTM #EAY . LhE AR SO BRI 25 I, mi & B2y
BiLSTM_CNN BJRCR HeAE 48 LSTM LA A CNN ZCRFBZE LT, BEMLIAEIER T, KR 3T 7 1.0%F1
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0.9%; word2vec YIZLiA] A& T, FAER DRI T 1.3%H1 1.0%. FELLEERE FInA 1 38 = L],
SERRW, WERAVLE T REE WABCSM R I B4 1208, AL EIHA T, RaEE
BiLSTM_CNN #27t |~ 0.2%, word2vec Il Z& (1)1 ] &, k13 L BILSTM_CNN #$25 | 1.0%. WABCSM
BT AT AL AR T 1 25 VRV HE R A 50 PRFRIA [l 2 R BORE AL 2R xS B B, word2vec 1] 1]
R I UIZRRT IE SR AR TR0 B A5 5 U A AR I LB AR, A 984 ANFRARAE A Tl Ay v AR A A4S, A5 1034
AN AEE A TR ARAE AR o 10 BEATL ) B 4B 78 79 (YIS R T TE 1) E SRR AR TR 2, I
HA 1074 AN IEFEARBETNN GRS, 4 1174 A SURE AR TN A IEAEAS .
AR SRR S a5 S VR VG Z8UE A 5 BT .

Table 5. Confusion matrix

=5 RIBEEM

WABCSM + rand WABCSM_Word2vec
pos neg pos neg
pos 4928 1074 5018 984
neg 1174 4979 1034 5119

RSO TINS5 R 5 H A5 RN H LA 6

Table 6. Forecast results (partial)
7z 6. FUMEERERS)

st scA HIME e
Reevi s A4 T 0 0
B, REM, REMIERKEEEEREGET 0 0
WFERT Uil 1 0
NIRRT 5 i, KK 1 1
Wi LB T 0 0
EE IR AR . R, ASBIR LA HTIE A1 — )3 Trust me, believers 1 1

% 6 Hgs T AR SO AR T 45 5, Fo 0 FoRE e, 1 R BRe, BT A
SRR KA, MRS Ao B T EEe, XA BA G IR AR R G B .
n “ REEUIRTE AN 77 M “IRER T HSE” EFEMSOR, AR, RS EnET
PUES 2 S IHMERE, Bz BRI AR, AEALAS R BRI SOA ) B — A il gE AT 0, “alifl” 2
FAMAR ], MLES BTN AR SCAR, T “F/ IR IR A, LAt T o AR SCAR . X T
— L DASRRT o SR SO AT AR SR — MR A R

P2 45 7 BILSTM_CNN #5751 WABCSM #5851 75 6 A 1] ) 587570 T 045 2K B B A P o A DY o
RFENAREE LR R T DUE H,  DORSE RS K8k i LU BRI AE 5 8 VARG ik RIS T8
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