555 1 A Vol. 52 No.5
2024 415 H ACTA ELECTRONICA SINICA May 2024

BT P YRS FE S-S5 RRIE Y
SCRPFR IR RO 25 1%

FAT X % RE M
(1. Rz R2E(E B2 BE, JUE 10008152, K& K240 1124 B , Kt 300222)

M OE: TG SOR TR R 275 R E R 2 P RS X T IR AR S, 3 — bR T P AR
FOTE SL-ZE AR (1) SCAS P15 189325 7 15 (User Personality and Semantic-structural Features based Sentiment Classifica-
tion Method for Text Comments, BE_BiGAC). #H K A& AT GEAE AT 50335 P MA% B D038, 3 5 113N (] 40 B s
1555, WA SCA Hhog R IR P A R AE . RS [T 96 28 55T ( Bidirectional Gated Recurrent Unit, BIGRU ) FIAS R
22 2% (Convolutional Neural Network , CNN) AT LU BRSO 1T SCHE SCRME AR A5 M RR AR 0 PR3, 4 ) — R L+
BiGRU CNN FIXUZ 7 By L] 4 SCA T -5 MR AR AR MO T 125 . 0y XM AR ZE RV AE B 52, 5T AR = S8
X PR RAAE R SCAS 1 S-S5 R AR A 28R , DA 3R A B 1 SO ] 5 %35 . 7E IMDB , Yelp-2, Yelp-5 52 Ekman
PSP E R L B X) b 923625 A 35 B, BF_BiGAC 75 73 SR % (Accuracy ) FIINAY macro F {H (F,) E33AS 8073
B, A % T P BiGRU , CNN 9% B¢ 73 25 77 1% (Sentiment Classification Method Concatenating BiGRU and CNN, BiG-
RU_CNN)7E Accuracy fH_E43 #1327} 0.020.,0.012.,0.017 & 0.011, A1} FPF 4 CNN  BiGRU Y175 B 4325 75 ¥ (Sentiment
Classification Method Concatenating CNN and BiGRU, ConvBiLSTM) F, {&_F43 %427+ 0.022,0.013.0.028 }% 0.023 ; K%} F
P ZREE5 BERT Al RoBERTa, BF_BiGAC EARIESP JERT L AT B0 T 4070 1B 9381 72808 .

KB RIS RIARRAL XU [ AR R AT B A 2 2% 5 TR L)

EEWHE: HEEKARBISE (No.61906220) s U H i ASCHAR BT BT H (No. 19YJCZH178) ; 5k Bl 2 i 4
(No.18CTJ008) 5 H g I 28 = i 24 38 S B et A

FESES: TP391 XERFRIZAE: A XEHRS: 0372-2112(2024)05-1657-13
8 F 23R URL:http://www.ejournal.org.cn DOI1:10.12263/DZXB.20220645

A Sentiment Classification Method for Text Comments Based on User
Personality and Semantic-Structural Features

WANG You-wei', LIU Rui', FENG Li-zhou®

(1. School of Information, Central University of Finance and Economics, Beijing 100081, China;
2. School of Statistics, Tianjin University of Finance and Economics, Tianjin 300222, China)

Abstract:  Since the traditional sentiment classification methods for text comments usually ignore the influence of us-
er personality on sentiment classification results, a sentiment classification method for text comments based on user person-
ality and semantic-structural features is proposed. According to the advantage of Big Five personality model on effectively
expressing the user personality, the user personality feature is obtained from the comment texts by calculating the personali-
ty scores from different dimensions. Moreover, the advantages of bidirectional gated recurrent unit (BiGRU) and convolu-
tional neural network (CNN) on effectively extracting the contextual semantic features and the local structural features are
taken, and a new text semantic-structural feature acquisition method based on BiGRU, CNN and two-layer attention mecha-
nism is proposed. Finally, in order to distinguish the influence of the features with different types, the hybrid attention layer
is introduced to obtain the final text vector representation by integrating the user personality feature and the textural seman-
tic-structural feature effectively. The experimental results on the datasets of IMDB, Yelp-2, Yelp-5 and Ekman show that

BF_BiGAC achieves good performance when the measurements of Accuracy and weighted macro F| (F,) are used. Specifi-
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cally, it achieves the improvements of 0.020, 0.012, 0.017 and 0.011 compared to sentiment classification method concate-
nating BiGRU and CNN (BiGRU_CNN) on accuracy, and achieves the improvements of 0.022, 0.013, 0.028 and 0.023
compared to sentiment classification method concatenating CNN and BiGRU (ConvBiLSTM) on F,,. Moreover, when com-

paring with the pre-trained models of BERT and RoBERTa, BF_BiGAC achieves higher executing efficiency while ensur-

ing the classification accuracy.
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3.2.3 ETIRA Attention EHI4FERE
Shy kG A SRR Rl -Gy 13 A AT AR DF 2R
B AN R S RURRAR 7 B0 TC 1 X o0 AN [ R fiE 2 2 1Y)
[, AR SCAE 3.2.1 45 A1 3.2.2 15 3Rl 5] ATR A Attention
2R Rl FH P PEAS R R R SCAS T S-S5 FRRAE
R, i 4 s, 158 5T R AR 4
& AR AR U7 3 T A5 0 FH P A R AR ) £ v, e RO LS
B 5 o 4t FE AR R A 1) /2 25 8], R BT 45 R 5 v e RY
BEATPRHE = (18) i
v= (v, W,)®v, (18)
Hrb @ Ry PHEEAE , ve RY, W, e R IS EHIE.
RT X Gr PRZSARAE AN [R] 4R B2 () S 230 TR A Attention
JE IR (19) 1538 o XN 933 B I ALE [0] B p,, e RM:
phyb:Softmax(a(va+bf)) (19)

FOP, W R b e R, ZEHIER 146 p, , Ao it o X
P TE BT , HE 4 A% 4 i B R A BT doc [
BN 5§ e RE (e 2380 -

f;:Softmax(cr((v-phyb)Wp+bp)) (20)

Horlt, W, e R b e R eI B S 5
P 522 0 0 3 SR e 8 Loss , 332 I 161
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Vo

A Attention 2

Softmax

Loss €—— y
4 JETIHA Attention 2 I FHIERLS

FERE FER T BRI Bk vh ir I 280, Bk
L QDR

1 nb c
Loss=——
ny, i3

Vylogy,

+H1 —y;)log(l -y;)
Forp ny ARy, A A ER @ 26 PR I LSS0 1)
Xof IO B 565 AEREL, 9, oA o5 £ 2T A T [ 2t p, XoF 107 25
JHEREL . 7EBCEERN b, 25 A SO7 vk BB AR AR B
3.

4 EXRERSHT

4.1 XIWIMEFHIEE

SZEGREEERES : GPU 2l 2080 Ti, INAF K 64 GB, i 4%
1 TB; 8IS H4E R G2 Ubuntu 16.04.7, TR EE 2
JHEZL K Tensorflow 2.0, 2w FE1E 5 4 Python 3.8.5. A7
Gy B E A SCTT VA W IE A SR R A3 i e B A s
SCPEIRECIRAE IMDB | Yelp-2 DL K& 243 5 3 SRR 50d
£ Yelp-5 . Ekman'* ® P75 U528 . Hid, Yelp-2 M7
JE AR B Yelp L hlt KPS0 A /NT 3 IS B
A RN T 3 FOTEEH RE h T B 5 2 B B
£E s Yelp-5 W BELHEH FH Yelp 464 v 5 AR ZE A N
FREEFTN . FEML SR b AR SCHE B8 1 10 1 EL AP 45 K5 e
SR NSRS R AR 4R |, O HLFT A 5 Al
ARE B ZRAE IR UEAE AR AE HEA TSR0 . RAB T
BRI I RE AR RIS E R BIS AR T
AR A S TR 2 98 B 7 B RS Kk . i S
IMDB ' K J# 4k T [100, 200] X &) P (9 F 6 80 i 22
Yelp H K B4 F[0, 100) X 8] N B9 FEE 50 £, 1 Ek-
man PR IS K EE /N 100, % B 8B E M TTHE T
55, 7 3043 ) £F % IMDB ., Yelp-2 . Yelp-5 P & Ekman %
B H A TR KK max_len 24 200,200,200 & 100.
AR SR 2 X A T 10 YR SE g T B R AR
A SR A A

(21)

k3 ETFREABERMIE L -EHSENX AT ER S %
Fi%(BF_BiGAC)

BN B TS=(X, YI(XeR™ ™, YeR™ m A 28 Pitig $ht dim
RS 6] N ¢ TR ZEMNER  FE UR n A I n 15 20 2R B
i docs RS HUEE S,

i doc BT ST .

Stepl HEAIYIZ5

1-1 BEHLAIIR L 6.

1-2FOR ¢ =1 TO n_STEP 1

1-3 R R =int(m/n, ).

1-4 FORi=1TO¢STEP 1

1-5 FEHLIESE n, K/NIUREARSE S.

1-6 SET Y« o.

1-7 FOR EACH d in S

1-8 SRS 1905 d (MRS A E o

1-9 FIROTTR 29K A5 d 1 S-S5 R RRIE 1) e o
1-10 A )HHAE N p, .

1-11 FIR(20) 15 d X0z (1 T 1] £k .

1-12 SET Ve [¥5].

1-13 END FOR

1-14 Fe IR QDT EBUR A, S ) M R IR S 6.

1-15 END FOR

1-16 END FOR

Step2 FHMTEIE doc A1 2]

2-1 $RIRSETL 14K A8 doc XTI A PEAS FRIE 1] it o .

2-2 4% MR 2 4545 doe XN (118 SC-S5 R RFIE ] o

2-3 MAHAA)MAXNRAHLE [ f p, .

2-4 # fE2X(20) 3745 doc HAE RS 0 1) 15t p, 4K 175 3R A5 doc X B 11917
55 Class (doc) « max (3,), Harbr o, b p3eF S5 £ Ak

R4 TRBHFEENBEXER

FISIIES AR | M | CPHRE | AKE
IMDB 50 000 2 229.39714 | 2353
Yelp-2 50 000 2 101.857 1027
Yelp-5 50 000 5 101.857 1027
Ekman 40 898 6 12.959 35

4.2 EBERMEITMIRE

7 L& B AN [ 5040 A v A 2 BOAS [ it
2 (Accuracy) FIIAL macro F, (F ) {EAE A 155 185 22 58%
RAPEN TR, TR R

> TP,

Accuracy = — (22)
TP, + FP,
lzc lzc
TP,
R,= TP L FN, (23)
TP,
= TP, +FP, (24)
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50 000

s []MDB
. Yelp

B Ekman
40 000

300004

FEAH

20000

10 000

<100 [100, 200] (200, 300] (300, 400] (400, 500])  >500

FEASX F]
s RIS PR A K oA
2PR, N,
F,= 12 P+R N) (25)

Horp TP s LS ZRAIBR 4 C HAE R 73 2RI
B PN 227 B BIARAE o C R SR A V1
$id PP RR LIRS Ay CABBR I C T
WG, N RS Coh PR EGE , N oI SR ]
WL, Accuracy Ml F AHI4 )& T IX A0, 1], BUE BT 1,
YIS XS PR SCAS Y 73 2ERCR B
4.3 KWL FERSHIZE

B LA By vk 5 A SCHEAT X L < BIGRUPT
BiGRU_AT (ATtention-based BiGRU method) "7 . MC_
AtCNN_AttBiGRU Multi-Channel Attention-based method
concatenating CNN and BiGRU) "™ | BiIGRU_CNN*' |
CNN_BiGRU_AT (ATtention-based method concatenating
CNN and BiGRU) " | ConvBiLSTM™" | BERT (Bidirec-
tional Encoder Representations from Transformers) 2’ |
RoBERTa (Robustly optimized BERT approach) "**' J
TextING (Inductive Text classification via Graph Neural
network) **.. Hirft BIGRU_AT £ BiGRU fy 2L fith_- 38 1
T Attention JZ DA X 73 [R] BGCHR 25 A8 5K s MC_AtCNN_
AuBIGRU 2 FFE R I HLf . 213 CNN 1 BiGRU K
MR 28 AR | AR R B T R ML DX o3 ) ok
7 A P 4 2 HE A 3R, OF EUKE 22 3@ 38 CNN Al Bi-
GRU &b B AR AEREA T R4 LIRS e A DS ) B3R
ik 5 CNN_BiGRU_AT 5 i [ 2 4< U i A 2 CNN Al Bi-
GRU H, FFH4 I Attention JZ LA X 43 AN [R) BOIR 25 19 TR
X 5] F* CNN_BiGRU_AT, ConvBiLSTM ELH&44 il i) ft 4K
UCHi A ZE CNN H BiLSTM 1, DA AR 153 9T 36 14 ) £ %
ik . 1T Skip-gram 45 F TEAH AR SO SR 14 J7 T2
Lt CBOW ISR 47, PR I A S Skip-gram 3845 5. 10] 14
). 2 SRR, BCE A 5 2 BEALR 1 % =0.5
YIZRHEIR n =505 & BERT Al RoBERTa % 4t K/ n =

16,27 2] 21 =107, B & HAb Jy v it KN n, =64 5] [1]
YRR d =300 2 B 1=10" BRILZ AN, AR 7t i
1 HA S Hn 2 5 Fis .

®5 TEEBIMEHSH

HELRY ZH SHE
BiGRU/BiLSTM e 2 4 300
LR 100
CNN LBREK 1
ESY AV NN 34,5
JRAA B BERT-base-uncased
BERT —
A GE S 768
FRA A B roBERTa-base
RoBERTa ——
A GESE 768
EHL 3
TextING 1R/ 3
[T 2 4 300

4.4 KA ANEERFIIERIUE

SR B UE R A AR TR S TS 18 IR M RE
T A ROPE T T AR SO 1 BE_BiGAC ARl i 15
SC-ZE R REAE 1 18R 43 25 1 (BiIGAC_FC) FEAS [R) £ 4
A F xR Accuracy ERll Fuﬁ JEEHEAINK 6 KT BT .
Hi  BiGAC_FC )5 ¥4 JT] BiIGAC 345 SCANIE -5 )
FEAF 0], 2 S A 2 4% 3 )2 1 Softmax 2 58 1 5%
. AL 2R P R P AR REAE R SCAR T SL-25 4
TR B 5 I8 T AN 2 Accuracy [HI & F (E YA =
TR Al il FH SCAR 1 S-S5 A RR AR A 8 28 07 vk .
78 Accuracy {H J7 I , A< SCHH XF T BiGAC_FC 7E
IMDB ., Yelp-2. Yelp-5 & Ekman B8 4E |23 252505843 5]
$#T+7T 0.006,0.010,0.010 & 0.008; £ F {E J7 i , A% 3C
FAXF T BiGAC_FC ££ IMDB . Yelp-2.Yelp-5 & Ekman %
P 4E b3 O 43 54 T T 0.005.,0.007 . 0.010 A
0.007. #— R, KA NEHAIEEHREE IMDB Al Ekman
A AR T /N T AR AR Yelp-2. Yelp-5 b XT i
g5 5L AT RE Y SRR 7E T T O A v 2 o T
& RN D BRI T AR SOOI 18R kG B 14 T . 257
I, BSR BF_BiGAC Jr ik e AN A B s 4 T i R RS A A
[7] , {H L3R 90 A B 4K B 4T85 15 T BiGAC_FC J7 1%,
BSUE T R S 25 5 1 FH P A R R
VERHRIE 2T IR 1% B SR B 7 A3 501
4.5 BiGAC HiEBMELIE

R B IE BiGAC J7 1k I 45 SCA 1R S -2 R e
AR B AE 32 T B 43 RS B 5 1 i A3 350k S f ik
BiGAC_FC J5 ik 5 LUF 3R LR Jy ik b A rxf L . BRAp Iy
BPATHRNT .

(1)BiGRU_AT_FC. 3# i BiGRU k15 e A1 XL 5%
7 ) 1 S Attention JZ2— I Kb )2 — 2 2 —
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%05 M
1.00
B BiGAC_FC
p— m BF_BiGAC
0.90 1
é.? 0.85 1
5
S 0804
<
0.75 1
0.70 1
0.65 1
o ml e
IMDB Yelp-2 Yelp-5 Ekman
Kk
K6 RIS 2E77 0 Accuracy 1 H 4
1.00
B BiGAC_FC
s = BF_BiGAC
0.90 1
0.85
LE 0.80
0.75 1
0.70
0.65 1
o g
IMDB Yelp-2 Yelp-5 Ekman
Kk
7 ORRE RS T F A
Softmax )7 .

(2)CNN_AT_FC. i i CNN 3R A5 SCA 55 #4 Fe 7R 17
1 — 451 Attention JZ— 85 KAk )2 — 48 $ )2 — Soft-
max)% .

(3)CNN_BiGRU_AT_FC. ifi it CNN K15 SeA 25y
7R i — 45 Attention JZ2— A BiGRU 3845 AN G
SR [ —1E Y Attention R — B K AL E— 4
JZ—Softmax )= .

FEUCIERE b RN RIS A AN R AR 1 X6 7 1)
Accuracy B il Fuﬁ CEERAK 8. K 9 fr s . 1] UL, Bi-
GRU_AT_FC 1 CNN_AT_FC 52 %45 4 v 25 5 B 52 i
B ELINEBHEE Yelp-5F1 Ekman R KN
Accuracy {HI4/NTF 0.5, X A9 F (EI /N T 0.4, 58 HR
,BiGRU_AT_FC FLH24 BT A7 Bim] o) oj 4 [ et A 7 e K
LA e (v T TR S S A (Ol B S L K = S N ]
CNN_AT_FC W 2% A i) ] S 301 TS B, Rk
ZWE TR R SO UfE LAY T BIGRU_AT_FC
FICNN_AT_FC i & , BiIGAC_FC ££ Accuracy {H Fl F {H

3RS SR T BN, 7 Accuracy {H )71, BiGAC_FC
AHEETF CNN_AT_FCTE IMDB. Yelp-2. Yelp-5 } Ekman %{
P4 LA T T 0.015.,0.020.,0.204 52 0.313; 78 F fH 7
I, BIGAC_FC #1%% F BiGRU_AT_FC 7 IMDB, Yelp-2.
Yelp-5 ¢ Ekman 4% 5 F 73 % $2 7+ 1 0.021.0.032,
0.313 }2.0.302. A[ UL, BiGAC 7843 % % T BiGRU #1 CNN
25 H LS A RE A P IR ) - v 4 2 B 1Y) Joy A
A5G B IR RBAS A AR A) 1 SCE A B k1A A
e T8 Ay 2 e M L I — 2B L 48 BIGAC_FC
CNN_BiGRU_AT_FC 1881, 7E Accuracy {H J5 T , Bl #5 AH
BT 5 # 46 IMDB, Yelp-2., Yelp-5 & Ekman 3848 45 [- 73
SHETET 0.007.0.002.,0.011 )2 0.018, 7 F {H_E 43 42
J+7T 0.005.0.001.0.015 2.0.022. ] UL, BRTE Yelp-2 %4
LA, BIGAC_FC XV 45 S B i & T &, JUHAE X
2 2 S BUHE 4E Yelp-5 & Ekman i}, BIGAC_FC A%} T
CNN_BiGRU_AT_FC L #8 h W] , iX E 22
CNN_BiGRU_AT_FC 5 #R R $2 B BB 2 [R] (1 i S ¢
A5 B (EAE SCAR il i A SERE b Bt T B BRI E £
BT BN T SCGE UE B, 1 BiGAC_FC FIH
BiGRU 25U A 78 1 Ppim) i bR S0l R 8, 8 it 2
A CNN 2 AT 8589 15 BA FERBUT X 20 ARl B2 51
PR IZREE , SE A R T T 1% B i w1

1.0

BN BiGRU AT FC
0.9 BN CNN_AT_FC
BN CNN_BiGRU_AT_FC

B BiGAC _FC
0.8 1

0.7 1

Accuracy

0.6

0.5 1

0.4 1

0.3 1

02~

IMDB Yelp-2 Yelp-5 Ekman

EVEIRES
B8 RIFIJT I Accuracy fH HLEE

4.6 FENNEBERERIE

T B AEAR SCTE B AL B9 A R, d e AR S
J7 ¥ BF_BiGAC ZEAili [ # B AR (1 Attention JZ K A4 &
DA JURAE AR5 RIS A SCHE A T T L

(1) NO_AT: # Br1H X Attention 2 | 454 Attention
JZFIRE4 Attention /25

(2) GRU_AT : % [ 45 #4 Attention )2 AR & Atten-
tion J2;

(3) CNN_AT: #5185 X Attention JZ 1R & Atten-
tion )2 ;
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BN BiGRU AT FC

B CNN_AT _FC

= CNN_BiGRU_AT FC
mm BiGAC_FC

0.51

0.4

0.3

0.2-

IMDB Yelp-2 Yelp-5 Ekman

b EE S

K9 ARk M F(E

(4) FF_AT: # Bk i X Attention JZ 1 25 4 Atten-
tion )2 ;

(5) GRU_CNN_AT : &R 4 Attention /= ;

(6) GRU_FF_AT: B BR 4514 Attention JZ ;

(7) CNN_FF_AT: #8418 X Attention = .

Fo.RTAEM T FRAFFETEA R EHE 5% X
N Accuracy (A F AR . T AL, B EEEE 1Y
RMEC IR . HRA, BT ASCERS AR5 AT
= JZ Attention HL I, FHXF R 25 RAE 4 D BIELE 15 K
FHAb Ty . a0, 78 Yelp-2 $di 4 b, A SRS ek
Accuracy {H0.927 K FJE 0.922, 7F Ekman (3546 -,
R IHAS K Accuracy {H 0.625 . Fx K waﬁ 0.617, 51k
NS GHVNOEN =3 3=k Nl b rer U 08 e s
IIRAES I IE 2 IO IO AT 55 15 m th W A3

#E—## NO_AT 5 GRU_AT, CNN_AT Hl FF_AT
Xof FEAS T, AT B T AL AT DU A i 4 o AL 43 26
A HERR M, DX R B BRI ARE R DG 3 0 4 X6 43 2 BTk A R
B G B Hoh, GRU_AT KB Bt F Hofth 3 Fh 5
2, BEBAE TR X Attention )2 H 25 8 AN ] 5] A9 AL F A
BT AR R TR o B Ml Ay
GRU_CNN_AT .GRU_FF_AT Fll CNN_FF_AT %} b & 21,
AR SCHF I 3 LT GRU_FF_AT F CNN_FF_AT, {0 5
GRU_CNN_AT A I , B IR & Attention JZ X 15 71
SR /)N, AT RE R R TE TR A Attention J22 516
K2R 4d 19— 4k ) & 30 B AR (B 2%
12 )2 A0 AT DU\ — 2 2 B DX 43 AN ) 4 J32 170 J 1 2 i
FAR TIRS Attention JZ F 520 .
4.7 LZRAEXLE
4.7.1 AREFEBELR

S YRAIEASC BF_BIGAC T i A Rk K H 5 4.3
WG B TR AT B BRAE A R E T VA R
AL, 33X LA 3 — 20 AR B UEAE 1K AN 7] 7 7 XoF 1z 1) e

R6 AXEAREZTMFEAEIMDB Yelp-2 £iEE FHILLER

IMDB Yelp-2
Ik
Accuracy F, Accuracy F,
NO_AT 0.876 0.876 0.906 0.904
GRU_AT 0.887 0.883 0.919 0.918
CNN_AT 0.882 0.881 0.916 0.914
FF_AT 0.881 0.881 0.908 0.908
GRU_CNN_AT 0914 0.914 0.920 0.919
GRU_FF_AT 0.901 0.901 0.918 0.916
CNN_FF_AT 0.894 0.894 0.917 0.915
AL 0.912 0.917 0.927 0.922
£R7 AXERBEETEAE Yelp-5F1 Ekman 3£ _FHIELE
Yelp-5 Ekman
T
Accuracy F, Accuracy F,
NO_AT 0.604 0.596 0.585 0.585
GRU_AT 0.613 0.612 0.604 0.604
CNN_AT 0.616 0.606 0.593 0.589
FF_AT 0.611 0.604 0.589 0.586
GRU_CNN_AT 0.623 0.619 0.617 0.615
GRU_FF_AT 0.620 0.615 0.604 0.603
CNN_FF_AT 0.625 0.615 0.601 0.602
EN'S 0.632 0.622 0.625 0.617

N Accuracy {E A0 F‘V{Eiﬁﬁﬁ b, 45 gk 8~11 s .
RO EXT G, R R B AR T AR K C R s
TR AR A R F R A SO A Tz A R R R T
4T 0.005 H/NTF 0.010, #4545 3R /8 A SO A X
TIZEE RIGIE/INT 0.005.

2P Al %1, BiGRU .BiGRU_AT } TextING J7 7
ANTF BB 10 48 RIS T oA i , B Rl
BATAIAYTE SC TR SCES R R B LRSS e I Ay 2k
.3 H., BiGRU A BiGRU_ATTEZ K BB Yelp-5 Fil
Ekman | R 380 T TextING , 7E MR AE A HIESE |
X JF R 285 SR 35 /INF 0,400, 3 3 ZEE R TextING B % 1E
PAH] 1R SGE UFBAMAFIHT GON BEH 1 3 i 2 L ia] %
) (A S5 L, BRI R W G b SRS 1B ) (A i A 35
% H MC_AttCNN_AuBiGRU, BiGRU_CNN, CNN_Bi-
GRU_AT K ConvBiLSTM &I, iX 4 F0 4R 3 18 T Bi-
GRU.BiGRU_AT J% TextING J5 ¥, Ut £ %5 & SCA AL
) 1T SCE: O DA B SCAR Ry RS R RE A i B2 T
TS SCA B B4 0 . i — 25 R I, MC_AtCNN_
AtBiGRU M CNN_BiGRU_AT ML T BiGRU_CNN &
ConvBiL.STM, i BH4E 4 Attention HLEI GEANLAS [ ERAE 19
FEE ST R SR THE B S MERATE . AR S
5 BiGRU . BiGRU_AT } TextING [ # I & ¥R, A S0 36
I AR T 3 Fh 7k, Xy 45 SR IR K F 55 0.010
1 O 5 B R 97.9% 5 256 AR SC 5 MC_AuCNN_AuBi-
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FACTLAET P AR R S-S5 R RS E B8 SCA PR 80 2607 i 1667

GRU S CNN_BiGRU_AT FLA I & B8R, AR SO 45 S
il AR 55, XoF I 245 SR KT AR T 0.010 AAE O o LR
50.0% JEIE R TF2ETF 0.005 TEOL 5 H R 87.5%. HAAK
F LYl BCUE S Yelp-2 Bl 4, A SCAH N T
MC_AttCNN_AtBiGRU fll CNN_BiGRU_AT 7 M 5 I
f) Accuracy B 43 51142 7+ 0.010 1 0.013, F, {H 535 $2 T
0.005 F11 0.008; >4 fifi H] % 4i& £ Ekman B, A SCH XS T
MC_AttCNN_AtBiGRUMICNN_BiGRU_ATZESGIFEE [
Accuracy {H 431427+ 0.006 F10.013, F {55142 F+0.013
H10.014, Ut BIA SCEF X LAFE BIAE JEITISTE L 45F4
FHEAOA B 5 A P RS ERIE K = )2 Attention HLHH X T
DA I B e N G S S o S I e N I
BF_BiGAC 5 BERT .RoBERTa 4 1} % i, RoBER Ta %f
i 4 FS5k =5 T BERT, 11 BF_BiGACAUAE Yelp-2 ¥4t
| ZFEIFS# T BERT #1 RoBERTa, 1% 1] GEJZ K >4 BERT F11
RoBERTa B 7E K AUBEE L EitEAT T 70l 25 , (B AY
JE i I 2R S B0 TR, DI AR I 25 25 5 ) 2 32
23R H{ER/NE T E SN R e AT T $d e 134
AAFIRAF 2 RO . RO E AR ST PR 8~11h
25 HH 1R 9 P LR T IR AE Accuracy (HAT F(E_ TR 28 F 4
IR T4 T 0.010 I B 5 L4358 77.78% .80.55% , 3
IR TF55F 0.005 IO A HL 2514 87.50% .94.44% , i3t
IZITIE TGN Accuracy BB 2 FH ES3EA B B
B BONIE 1A = I TR 2O B TR AR
%8 FREFEEMRE FE Accuracy B EHLE

Ttk IMDB | Yelp-2 | Yelp-5 | Ekman
BiGRU 0.887 | 0916 | 0.351 0.317
BiGRU_AT 0.893 | 0919 | 0.321 0.382

MC_AuCNN_AuBiGRU | 0.913% | 0.924 | 0.625 | 0.618%
BiGRU_CNN 0.896 | 0922 | 0.619 | 0.610
CNN_BiGRU_AT 0909 | 0921 | 0621 | 0.616
ConvBiLSTM 0.893 | 0916 | 0.617 | 0.614
BERT 0.898 | 0.935% | 0.626 | 0.565
RoBERTa 0.906 | 0.938* | 0.633* | 0.587
TextING 0.878 | 0.896 | 0.571 0.562
BF_BiGAC 0916 | 0934 | 0636 | 0.621

4.7.2 ARREFEREITLE

R UEAR SO BT R X gt T B R
) I IR S8R n LR RN T AN TR 254 L A
R A SCASEAE . AT 3, X n A0 TR 10 M
WO BRI A R 1g(n,) A B n SHEATHEIR R 4521
W 10 Fi7s . AL, BIGRU P TRCE & , Hov g
S H5E fre/ )N, ZE SR B[] A A B A SRS BRI e G
i3 . BIGRU_AT Fl TextING %t 17 285 FAH T , 3% A] E 2
PR 440 BIGRUJZ, 7 H BiIGRU_AT H Attention )
I IZS50R 5 TextING H GON JZH BT & B9l 2 S50

£9 FREFEEBRIELE ERBAK Accuracy [EELE

i IMDB | Yelp-2 | Yelp-5 | Ekman
BiGRU 0.891 0.922 | 0349 | 0324
BiGRU_AT 0.902 | 0924 | 0323 | 0.39
MC_AuCNN_AuBiGRU | 0.919% | 0.931* | 0.636 | 0.626
BiGRU_CNN 0.904 | 0926 | 0.625 | 0.621
CNN_BiGRU_AT 0.911 0925 | 0.627 | 0.619
ConvBiLSTM 0.906 | 0919 | 0.622 | 0616
BERT 0.903 0.936* | 0.628 | 0.572
RoBERTa 0.911 0.941% | 0.634 | 0.603
TextING 0.886 | 0906 | 0582 | 0571
BF_BiGAC 0923 | 0933 | 0.646 | 0.632

F10 REFEEMRE P EER

Jrik IMDB | Yelp-2 | Yelp-5 | Ekman
BiGRU 0.887 | 0914 0351 | 0316
BiGRU_AT 0.893 | 0.918 0318 | 0379
MC_AtCNN_AtBiGRU | 0.906 | 0.924 0.636 | 0.622
BiGRU_CNN 0.892 | 0.922 0.616 | 0.610
CNN_BiGRU_AT 0.904 | 0921 0.628 | 0.616
ConvBiLSTM 0.893 | 0916 0.616 | 0.605
BERT 0.895 | 0.929% | 0.625 | 0.565
RoBERTa 0.902 | 0933* | 0.633 | 0.585
TextING 0.876 | 0.897 0572 | 0.562
BF_BiGAC 0915 | 0.929 0.644 | 0.628

R REFEERIEEOBRRKF ELE

Jrik IMDB | Yelp-2 | Yelp-5 | Ekman
BiGRU 0.896 | 0.919 0355 | 0316
BiGRU_AT 0.903 | 0.921 0321 | 0379
MC_AtCNN_AtBiGRU | 0911 | 0.928 0.639 | 0.619
BiGRU_CNN 0.906 | 0.925 0.622 | 0.610
CNN_BiGRU_AT 0.908 | 0.921 0.641 | 0618
ConvBiLSTM 0.901 | 0919 0.628 | 0.609
BERT 0.897 | 0935% | 0.629 | 0.579
RoBERTa 0.905 | 0936* | 0.635 | 0.601
TextING 0.882 | 0.904 0.587 | 0.579
BF_BiGAC 0919 | 0.933 0.649 | 0.632

HAY . FE— 2RI AR SCIE P TR S MC_ACNN_
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