AL 3 T (= Hl ¥ B[ Vol. 44 No. 3
2021 4F 3 CHINESE JOURNAL OF COMPUTERS Mar. 2021

MAEENANEERETERBEESE

= N BOEK A

BEE B & ALEE BEH K O#
(RHIBMTRAFLTRS AgibEp B 6505000
(BB TR¥Y A NTEESEE RBW 650500

B OE ERIETEIG R 4 JR — R U N IR 2 AT 55 B AR TR RO R A RIS s 4
A B TRE G BRI B i PP A B RS R o AR G B i T AL 8 T 1 X LA ORI T AR HR R T R 2 R R A S
SR 25 AR AR SR L — B R G 18 45 R M R AR KT B R A A M BT BRI S T —
AT AR GO 25 R B RN AT L R £ T T 1) R IR S 0 4 R R LU, 25 BN 2 TR PR R )
BAE R E SCT 15 Bl 4 1L 388 5k 418 1 1) 32 8 1) o 287 O VA R TR BN 45 R R . AR R TR IR 101 LR R
5 25 R R 3 5 — A1 SR 6 Ak D8 D 78 A0 36 B 48 R0 4% (INTT-CNND Rl — A4~ 85 4 1 3 7 LA AY 4 i 122 99 245
w25 B0 R 2 10 3 SRR 1) 22 R 28 IR 3RO 1 T RRAE 1] s dRR K P RE AR ) & BEAT BF R LI RLA O SURFE
FVE 25 HURRRAE I 25— AN 18 26 4> 2880, Bk > EK-INIT-CNN (Emotional knowledge enhanced INIT-CNN). 7£ %
PR TS B A b Y 528 2 B A e INIT-CNN, EK-INIT-CNN f#§ Macro_Precision,Macro_Recall Fl Macro_F1
AR R T T 1.87% .1, 95 % M 1. 88 %. EK-INIT-CNN £ NLPCC 1 SCH {815 2% 43 A 3 00 50 0 4 B 0o v i )
3T E W E SR P B 2 R SEIRE I 2y 1k BT Al A SR 2 0 AR A% R I AR 4 0 2T 5
B W

EE A L GRS TN | 2SI A N o3 AR U Z N T EX e S I N R I e
hEESES TPIS DOI 2 10.11897/SP. J.1016.2021. 00564

Emotion Classification of Case-Related Microblog Comments Integrating

Emotional Knowledge

GUO Xian-Wei LAI Hua YU Zheng-Tao GAO Sheng-Xiang XIANG Yan

(Faculty of Information Engineering and Automation ,» Kunming University of Science and Technology, Kunming 650500)

(Yunnan Key Laboratory of Artificial Intelligence , Kunming University of Science and Technology, Kunming 650500)

Abstract  Currently, social media platforms represented by Weibo allow users to express their
opinions and emotions anytime and anywhere due to their openness and convenience. The case-related
microblog public opinion is a kind of Internet public opinion related to the case., which has the
characteristics of fast transmission speed and high sensitivity. Emotion classification of case-
related microblog comments is a multi-classification task of sentiment in a specific field, which
aims to quickly and effectively identify the emotions in a large number of comments. This task

helps relevant departments to timely evaluate public opinion risks and formulate relevant policies.
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Emotion classification usually uses the following methods: methods based on emotion dictionary,
methods based on traditional machine learning, and methods based on deep learning. Emotion
dictionary-based methods, which rely heavily on the emotion dictionary, and the Internet is full of
new words to express emotions, it is impractical to improve the emotion dictionary in real-time.
Traditional machine learning-based methods often use supervised learning methods, which rely on
large amounts of labeled data and complex feature engineering. Deep learning-based methods
generally encode text as a whole and lack the effective use of existing emotion computing
resources. Since it is difficult for traditional methods to effectively use emotional knowledge such
as the emotion words and emoticons commonly used in comments, this paper proposes an emotion
classification method of case-related microblog comments that integrates emotional knowledge.
This method uses a convolutional neural network with a semantic initialization filter and a fully
connected network combined with an attention mechanism to fuse the semantic features and
emotional knowledge features of comments to achieve emotion classification. Firstly, it integrates the
existing sentiment computing resources to construct an emotional knowledge base that includes the
case microblog emotion dictionary, emoticons, network buzzwords, negative words, and degree
adverb words. Secondly, considering the role of the emotional knowledge base and part of
speech, 15 kinds of emotional knowledge are defined, and the emotional knowledge representation
of comments is constructed by the continuous vector representation method proposed in this
paper. Then, the semantic representation and emotional knowledge representation of comments
are input into a convolutional neural network with semantic initialization filters (INIT-CNN) and a
fully connected network with attention mechanism, to obtain a deep semantic feature vector and
an attention feature vector. Finally, the two feature vectors are concatenated to fuse semantic and
emotional knowledge features to train an emotion classification model, called EK-INIT-CNN
(Emotional knowledge enhanced INIT-CNN). In order to prove the effectiveness of the model in
this paper, experiments were conducted on the case-related microblog comment dataset and the
NLPCC Chinese microblog emotion analysis evaluation dataset. Experiments on the case-related
microblog comment dataset show that compared to INIT-CNN, the Macro_Precision, Macro_Recall,
and Macro_F1 indicators of EK-INIT-CNN have increased by 1.87%, 1.95%, and 1.88%,
respectively. The performance of EK-INIT-CNN on NLPCC Chinese microblog emotion analysis
evaluation dataset exceeds the best results in the known literature. Experiments show that this
method can effectively integrate external emotion knowledge, and has obvious advantages in

emotion classification tasks compared to traditional methods.
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A5 B 00 14 9 0% 2 % I P I 2 R O 1A 4 JE R
AN I H BRI SRR 1] B T SCA N 45 R IA
R A A BT DLE— 25 0 28 4 7 4 R )
Je BN 28 AR R B AR T8 )2 R 45 B 25 R
R W T T FRAL ) B T )2 R Luong &
R Y A R R D WL VR U2 X A i
ASRZS R AT AR 0. AT A5 211 25 R R 1Y
FER VR AL 1) 22 v

T
Vatt :2 0(1h1
—1

Hrp T 2R AREEE o, BRI ARE 2, 1Y
W NAE GE T AXGHE
exp(e/E)

i exp(e/E)
e,=tanh(Wh,+b) (13)
AADFAD H W 5 b 53 53] g 1 B J1 )2 8
& E FoRENLRI A0 BF SCRHE T . =45
B2 5 S5 L di 3 N W7 22 ) 5 3. e Rt
BB IEB P EDRE o R E . W iR
TERE D2 i i g1 T e S 75 3 1 155 4% 0 3 1) i
IR A R AR — A (5 X m) 41
15 245 FAR T R AE 1) £
3.3.3 WBXAMIEMAEELZ
LD I8 1 15 SRR B RN 25 HR ROR
JE W A AIE 32 BOZ 5 2 il 45 B0 55 SCRRAE 9] &
V ccomanic I 48 R TE B R 18] 5 Viowtcase - K5I
B 1) B DR AR B SO I LA TRIAE V
V= V cemantic DV knowledge (14)
SRIG B AR BV 2 A 2 T AR S
R R OO e R A o i s, R EEE W
B R 5 TT 55 T o 2 2R 0 K.
3.3.4 Softmax JZ (1§ 21833+ )2)
B B B PE IR 01 45 A 0 i s A
#| Softmax JZ , i HFL A — A S0 LA 50 i

)
P(s)=— xRS0

Zexp(s,)
Horp C R 4 hn 2 A9 B H . R 58 U 6K o K0
Rt 17 2 o 2 1 T 0 ABE SR 0 A 5 LSS R A 2
[ 1) 22 1, 308 3k B 1) A% 7 530 3% ok 11 5 1 B B A Y
280 0K BRI

QD)

(12)

a, =

, i1=1,2,-,C (15)
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.
loss=—>7 > Pi()log, (P! (x))  (16)

Horb T OlgRgE o A INGREE P 9B — N REAR . Pl ()
FORBEAR o WY 25 b 25 1) LSS R o AL PP (o) 3R
INREAS o 917 45 A 2 1A LI AE R 0 A

4 IWEHH

4.1 KEHIES

T AR 2 R AR S SRR B
A3, 78 NLPCC2013 #1 NLPCC2014 = 3¢ i 1
T TP B 4 B s T 2 X . T
PR BT 26 R0 R Rl G 7 VR AE R AU PRE 16 245 70 2R AT
% g FE R 2 0 R R O I I R AR ik
ENEZ RN N )

NLPCC2013 1 NLPCC2014 w3 fi 11 2% 4
B VI 55080 B ok B BT TR i S 1 B8 4 43y U1 4k
A IK L 43 B4 R 2013 _train®, 2013 _test®,
2014_train® il 2014 _test®, 43 25115 20 N A T 1% 5
PR 2E. JE 16 45 (9 b5 1 9 none, 1§ 25 19 ¥ I
DUTSD i %k Chappiness) | 4f (like) , %% (anger) , %
(sadness) . 1B (fear) . & (disgust) il fif (surprise)
TRFEN GRS A SO AR TER R — 30 Kb
NLPCC2014 %454 nyi)l| k4 v . happiness F sadness
REA RN R P M BR . P70 &8s
A& T T A O 45 00 T8 WL JE TR I 4 1 1 4 O
Je. A TCWTTE Y S 18 45 0 AT 55+ I 2 R T 3] none
i 28 B4 - P B 4R 1 B 3 A Ak 4 TR,

% 4 NLPCC2013 1 NLPCC2014 £ EIEE (B 7. 5%)
5%

2013_train  2013_test 2014_train 2014_test

none 1828 4873 6591 3603
happiness 370 1116 1459 441
like 595 1558 2204 1042
anger 235 436 669 128
sadness 385 744 1173 189
fear 49 102 148 46
disgust 425 935 1392 389
surprise 113 236 362 162
R 4000 10000 13998 6000

I I B IR S B R AR T AR R A 2 R
TS GO B e Bt M TR B iR
Bon k. Hom R IR R A S 3L 10 812 455 YT # 5 3E
13624 4% 588 T WL SCHE W SR IL 17491 % 5 B2 FA
FIL 17875 F s IR AL ML R AL 33774 %59
P F P e i SR AL 37162 Jf 5 L KT 4 S

LR FYEALE I 58626 %, KL 189364 & M bl
HLRAE T 30000 25 i . w5 Hl DUTSD (1) 7 2818 24
FRAEFEAT N TARVE bR E TAE WA A 5E . B
PREEARE—SH) SR 11593 &KFEE N R
PR P IE L B0 B R 4 Fe RO 8+ 1+ 1 19 L K
SO R B o I G A L6 E A R AR L O A 4y
RN 5 fis.

RS EUEMBEIRIBEBES (B0

15 2 bR 2 Il 414 Ik 4R M 4R
happiness 1371 152 129
like 1348 174 152
anger 1348 152 152
sadness 1355 162 145
fear 1367 169 133
disgust 1342 144 158
surprise 1338 140 162
A 9469 1093 1031

4.2 WilZRAEmENER

AR SCA3 TNAE T SR 1] 5 1 28 ) 1) R 54 AH
B RE i1 Sy S 36 v B BT A ol £ O 246 A TR A A A A 1Y 1)
A S il STk 25 128 FF B B0 4] 1) 529, b &
AR 53 BE — S AR L 9 38) [ 5 1203 1] & A NLPIR
Lab 28 FF 1Y A il 18 kL P 2E 47 B0 )11 25 30011
B SR FH 1Y 2 word2vec® FFJE T E b iy Skip-gram
LAY, ] i) 5 4 A 300 4L iH 3R K/ 195197, It
b E P 25 X 245 5 Y ) Y1) i AR v o 5 TN 2 3 ) i
N
4.3 LIGXLLAER

MNB #%  ( Multinomial Naive Bayes)?. 7E
VI 2 43 AT 55 Hh B OO0 55 10 45 1, B R
SCHRLLS T SCARRAIE 26 B 1.

SVM #E# (Support Vector Machines). #J 2
FH T 18 43 AT 55 v O A% Je B 1) 285 51 491 4n SOk
[27 JRSC#k[28 1. FIF SVM A B (1) SCAS R AiE £ X
IR 7 25 SCHR15 ] — 3.

BLSTM ## %I (Bidrectional Long Short-Term
Memory) ", % R 3 B 9 LSTM X SCA 3%
FNHEAT G b 45 B BT SCAH OC 1 SCA R AE T T R
oy BRI SR8 5 Gk 017 IR R — 3

Att-BLSTM ## &Y ( Attention-Based Bidrectional
Long Short-Term Memory)™". 7 BLSTM # %l 1y

https: //github. com/guo-huojian/dataset/archive/ master. zip
http: //tcci. ccf. org. cn/conference/2013/dldoc/evsam02. zip
http: //tcci. ccf. org. cn/conference/2013/dldoc/ evans02. zip
http: //tcci. ccf. org. en/conference/2014/dldoc/ evtestdatal. zip
http: //tcci. cef. org. cn/conference/2014 /dldoc/evans01. zip
https://github. com/Embedding/Chinese- Word-Vectors
https://code. google. com/p/word2vec/

SICASACETACES)
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Fefl BB AERE SIHLE . SCA iR A4 BLSTM 4y 4.5 EMIERR

WEMAREENZh. 2 - M ESEENER
() 1 3w A5 8 Y R A A 3 O R SR [
BB Z R G SCERE30 PR 47— 2.

Capsule-B # 7 (CNN Based Capsule)®!. % #
RIFLTF Sabour %5 A2 HY A e 98 ) 457 (R 17 B0k A5
BTG B 28 B ] 43 28 5F 2 A SUAR 3 RAE 55 R IR
15 B B a5 . BRI I SCERE3 LM S 8k &

HAN#LTI (Hierarchical Attention Networks)™,
— TR GRU By J2 9k 5 ) A A Y 3 3
R GRU Za i J5 i A 1) 2% 3 5 01 )2 15 )
SCAS ) F- G SRR FE A — ) R
X GRU 2 12 43 28 A SR IE X3
AT o325 B R e A A OC T SCAR v H 2 A ) AN
BT AR IO TR N Y 2 A U 7 B AR S5 v
IRAS B U A 45 2R BB S 50 S TR 33 IR 45
— 3.

CNN #& %1 ( Convolutional Neural Networks)M®,
Kim £ 1 5 4 B2 0 2% 38 3o 5 SO 118 LROR
i A BB 2 R 2% i B BOTR 2 I 1 SRR AE 52 B3
AR IR 28 R AL 2 Fh S AR, 520 R T Y 2
CNN-non-static, 75 ff ] Il 5 1) 1] 5 5 78 Il 2k
T AR v Bl 2 B I 1)

INIT-CNN ## % (CNN with Initializing Convolu-
tional Filters)!*?, Z M #I 3 T 3R M CNN B, i
it K-Means 5350 — 2 91 8 Z Y n-gram fix A 7] i
HEAT IR 2R AR Ja RIS 3 1 28 b ok ) i Ak 4 TG
We s » 52 BB SCAS 1Y A% I3 26 B g INIT-CNN
HAPEREIE 75 1T 47 Ab B AR Y 53 2% AR 19 4 1
JIT K JEL O A e ot A 7R 47 el g
4.4 HESHEE

X F AL A% 2 > B, MNB #8419 7 1 [N 5
alpha B E 2l 1. 05 SVM A58 {14 1E ) Ak % C 3
1.0, B pR R 2R M A% PR 4K linear. X T #42 )
ZRRERY L BR TTE 4.3 5 P SR AL b iR K TR AR G
SCHR B9 2 B0K B 4 CNN-non-static, INIT-CNN
Je EK-INIT-CNN ] i 2 i B ik 6 fios.

®6 WMRASHIRE

GIREE 27 [IED
et Adam
batch_size 64
dropout 0.5
learning_rate 0. 001
BB AR E 1R & 2,3.4,5
BANE RN BIIR B AR Em 100
B 2 B R T A 150

AL NLPCC2013 Hh SR 26 43 v @
) A B 2R (Precision) . 3 81 2 (Recall) . F1 {H
(FD) \ZEH K12 (Macro_Precision) . % ¥4 1
[A] 3% (Macro_Recall) .2 F1 {5 (Macro_F1) L
KA F1AE (Micro_ FOAE R PEM 845,

4.6 IWHERSW
4.6.1 NLPCC o SCIR A% 45 53 P70

T B EAR ST 1 25 R Rl 7 A A SRR
£ B sHE 7 NLPCC Sl 45 43 A 21D 5 42
AT TN LS A5 R ILFR 7 ISR 8. R E-ESM,
BLSTM ,MCNN,.EMCNN LI } DAM 1 52 5 25
14 B SCERL 15 A1 k[ 17]. EK-INIT-CNN (base) #&
71 FJH I 2 R R g DUTSD 5 5 ) L 72 2
BT | 0 255 P T8 AR A AT S ok BT 2 R I
NLPCC 30 &5 4 £ A B A 5 4 Sl 17 400 3 4 1 B
PATE 2N FL B0 e B R o P 5 1 1 4 ) S, T 2
ffi i DUTSD.

SCHRLT4 42 th i & 1 75 5 =3 1) 85 84 (ESMD 5
ok T AN [ ) SR R SR WS A 2 5 A4S iU AR E-ESMJ2 -
TR B4 1 BAS L A2 NLPCC 15§ 4% 0 Hr 20 50 3
S U Y I d A 1 45 2R BLSTM 3l 5 X 1a) 1Y
LSTM $ Bt b T SCRH G /Y SCAS R AE T 715 2603 2%
JENE Y % B 22 —. MCNN 2 Seik [15 ] A
EMCNN H5 R (1% 56 il 155 734, 2 28 3 1) 465 Bl 28 ) 4%
B EMCNN g i T 2 10 45 5 449 1 ek =5 [l
18 7 I 2705 LI & O 8 B im) SC 3 AR IR s i) 1 B 55 L 4K
Je i i MCNN KL B 25— A~ 73 28 A% o 1 BB L 1
ESM. DAM iy SCHRL17 19 Hh o 78 & 3 2 Ll 1y
BLSTM #5& A1 iy B fify 340 1 — 4> 38 38 o SCA 1)
1 AT 5 A MiE RN AR R AR )2
JEIBCRN T 8 1 SCARRAE L 38 5 SCAS (8 1 SRR S5 R A
FE NLPCC2013 il NLPCC2014 1f £ 43 Hr ¥ 3 % s
8 IR YT A B I 4

% 7 NLPCC2013 EMHHIBELIELER

Models Macro_F1/ % Micro F1/%
E-ESM 35. 00 43. 90
BLSTM 31.51 40. 78
MCNN 34.62 43. 65
EMCNN 35.17 44.22
DAM 36. 56 45. 48
INIT-CNN 33.32 45. 80
EK-INIT-CNN(base) 40. 96 51. 88

@  http://tcci. ccf. org. cn/conference/2013/dldoc/ev02. pdf
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X 8 NLPCC2014 B ELIELER

Models Macro_F1/% Micro_F1/%
E-ESM 37. 86 44. 25
BLSTM 33. 85 44. 56
MCNN 38. 29 45. 34
EMCNN 39. 40 47.23
DAM 41. 42 49. 44
INIT-CNN 39. 39 54. 11
EK-INIT-CNN(base) 51.02 63. 66

MFE 7 FF 8 W LUE H . EK-INIT-CNN (base)
TEPAS TR R 4 b Ak RE X8 ik 1 B A % L AR AR
FHEE B T 8 i 48R DAM, 78 NLPCC2013
PEM R4 4 | EK-INIT-CNN (base) i§ Macro_F1
M Micro_F1 4 31 F T 4.40% Fl 6.40% ; 7
NLPCC2014 $(#E 4 I, Macro_F1 1 Micro_F1 43
BIFE T T 9. 60 %0 1 14. 22 %6, 52 5 45 2 & W @il & Ab

TG 25 R Y 75 W AE NLPCC TEMNAE 55 h B oA W]
(03 TR TG 4 0 TR R O A Pk TR E
EK-INIT-CNN (base) f£ 2014 4E$ 3 45 I 01 g 2
FHEAF T 2013 4R Ay, 3K & A Dy 2014 45508 4R )l
SRARTE RAEAFBI YN 250 78 43, X 5 SClkC17 0 45
W3, b, T NLPCC PEM Bt 4 8 T2
S-S B R 4R . 3 80T A BT R AR A 22, (H )2,
EK-INIT-CNN (base) 1 bt & 15 8 f) 26 21 € 48 T
CENE I INE &
4.6.2  ZFFMEIRSIE S KA S

T UE B AR SC R 1 A AR O R AR SR A O
WASHE %4 7 54 %5 - BA R ¥ EK-INIT-CNN
BT 5 A 8 AN H v ASE R EAT T S0 %) L L SE I 4
Rk 9 Fros.

R RHMBIREESELBRER

Models Macro_Precision/ % Macro_Recall | % Macro_F1/% Micro_F1/%
MNB 75. 88 75. 80 75.50 75.46
SVM 85. 54 85.15 85.19 84. 77

BLSTM 88. 65 88. 24 88.29 88.07

Att-BLSTM 89. 61 89. 60 89. 49 89. 33
Capsule-B 88. 94 88. 61 88. 70 88. 38
HAN 90. 84 90. 88 90. 82 90. 69
CNN-non-static 88.23 88. 28 88. 24 88.07
INIT-CNN 90. 00 89. 95 89.93 89. 82
EK-INIT-CNN 91. 87 91. 90 91. 81 91.76

GEHTEE 9 AT AR SCRE R EK-INTT-CNN 1 1Y
T4 bp 45 88 5 BT A S ME R Y. SR v AT LU M A%
gip) MNB K8 F1 SVM AR AR IS T A 45 19 2L
R HR S WE RN R AR TE — 1 2%
B, 5L &R 4 o AT SVM 2R 4R A L,
EK-INIT-CNN /) Macro_Precision .Macro_Recall .
Macro_F1 #l Micro_F1 4y 53T+ T 6.33%,6.75% .
6. 62 %1 6. 99 % ; 5 1% B4 28 % F 1 CNN-non-static
8 48 b, EK-INIT-CNN ) Macro _ Precision,
Macro_Recall Macro_F1 1 Micro_F1 53 B4 T+ T
3.64%,3.62%.3.57% Fl 3.69% ; 51& K& HKAT 5
R At BLSTM A EE 23552 T T 2. 26 %6
2.30%.2.32%F1 2. 43%.

WA 38 S HE 2SI 2R AT 55 R IS B iy 45 2R
(A5 R 3847 T 4 . 5 Capsule-B A B, EK-INIT-
CNN 4 Macro_F1 #l Micro_F1 4334857 3. 11 %,
3.38%0 ;5 HAN MILL . 43 BT T 0. 99 %6 fil 1. 07 %.
S A R R W] R SRS 4 RN LAY O 5 AR SR A
TR0 26 70 JAT 55 b HoA W] B A I .

546, INIT-CNN & 7E CNN-non-static [/ 3% il
ST A AR B A TR WD AR AL B R X e CNN-

non-static, A] DL FH & INIT-CNN ) Macro_F1 Hl
Micro_F1 4y 53T T 1. 69% F1 1. 75 %. X F W A
SO A BRI A 1 SCR) G AR T LA 3 AR T
1% 5526 TRl 26 I 265 1 551
4.6.3 B MIEL LB RIERE BT

R TR B AR S5 R BE A R S AR A LA 15 4
4 43 K PERE L K EK-INIT-CNN 55 J fiflf 452 74
INIT-CNN 47 T S2 8%} b . 8 B Precision  Recall
MEL =SP4 4845, 45 R LI 3~ 18] 5.

100.0

3 INIT-CNN
97.57 |3 EK-INIT-CNN

95.0F —

Precision/%
oo (o) el o
a3 S 8
(=) (3] o ol

o)
&
o

happiness  like anger sadness fear  disgust surprise

(CEES

P 3 2% A1 25 2 ) BRS04 X bE 45 2R
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100.0 AL X2 5 B EK-INIT-CNN 7 53X 5 A4~ 231 1) 48
975 I P INTTCNN He INTT-CNN B9 {5 fr 35 2 5t 4.
95.0 m ™ o AN AH HE INIT-CNN, EK-INIT-CNN 7£ i1 51
925f — | ] . disgust 2 f Pk RE SR TH 5 WA 2. X S T R0 AT
X900 W A disgust 17 25 (1 PF 18 H57 A5 5 fin 66 . 451 4
Sars AT R IR vh 0 R A )7 4 i
0 FENG A5 5 10 A %, a3k 4 EK-INTT-CNN A 43
. Sl AN d AR R H A R UG R AT R
w0 A disgust 28, B2, F I 45 R E W] EK-INIT-CNN

happiness like  anger sadness fear disgust surprise

THEI0

Bl 4 &AE I 00 BT S

100.0

CJINIT-CNN
COEK-INIT-CNN

97.5H

95.0F

92.5F
~90.0r

—

87.5¢F

0 - . - -
happiness like  anger sadness fear  disgust surprise

451

Bl 5 AAEERG Y FLAEX LS

AT 3~ 5 "R A SRR EK-INIT-CNN
BT fear 251y Precision. F1 8 %7 LA M like 25119
Recall $5 %5 o INIT-CNN ik Z 4b, =g 28001 =
A b AR Ak INTT-CNN.

Wk oy B AT A B fear 28 BB A 133
4 Hop g EK-INIT-CNN IE 8 # fi9 A 121 4. 1
LB I B EK-INTT-CNN 45 358 My 95900 B
fear KHMEHEA 8 55, i — Lt K BLiX 8 Z5 44
FEA AR PRI 2 (R A0 A T R o HobR 1
o — R E 25 T EK-INTT-CNN 088 AT 15 M 150 I
R g A —FE A AN, T B AR S A G N 9 iy
U= Ny R I R B e R T
X —TFe A\ TAr{EE A sadness 28, iy F EK-INIT-
CNN B PP A iy F R 2 i 7 i 2R 35 19 1%
25, DRI LA DR L T Ay fear 2. like 2811 Recall
T AR BEAR Y J5 PR 02 like SEMNA B h AL A 2
FviE 4 (19 77 38 B EK-INIT-CNN 33 43 25 58 Hg i
. pin.Fie R A i EK HEX ARKE,
LR WebR 11 A like 28, EK-INIT-CNN B H 3=
PN sadness 26, G5 R UL M 4R Hh B 2 F g
2P I EK-INIT-CNN 8 1 2 ] Bl A

(g AR MERE U F INIT-CNN, 3iE B T 4% 3¢ )7 5 fig
R Bl AT AR A1 4 2 I 1 o S R
4.6, 4 NF g IR R A B A Rk A

T UE B SCHR Y A 26 i A A (L&D 2)
58 MBI M LS 5 1A ke IE T 2415 b s
B W Se A T AE L RE AR INTT-CNN |- 34 fii 15 %%
SRR A B A A S X A TR R 5 SR L ] 6. JL
H INTT-CNN Sy A< SC ) FE b AR 70, oK mil A AT o] 175 26
HIH  EK-INIT-CNN (base) 22 775 ) 4801815 26 4137
JFE ) DUTSD, 15 2 1) | F2 B2 &l i) | 46 i f &
1455 K il A 25 317 s EKCINTT-CNN 28 i H
PTG 28 60 2 T ) 8 2 B I 2 ) L L 5 1) L
JIE IR | P 25 FH U R SRS 1F 5 ok il AT 2 .

92.0

270 L8191 76
o1 5| [ED T
o 91319127
91.0
N
905
I
90.0 8993 o oo
89.5
89.0 - .
INIT-CNN  EK-INIT-CNN(base) EK-INIT-CNN
i)
Bl 6 INIT-CNN 254 17 45 Al A 5 e i A 5ot 564F

A3 HTIE 6 W] 1, A H INIT-CNN £ %1, EK-INITT-
CNN(base) i 7 V- ¥ F1 FfCF ¥ F1 4348 7+ 1
1.38% 1 1. 45% ; EK-INIT-CNN 19 %1 F1 #1
WOFY F1 4y B3R T T 1.88% Fll 1. 94%. 3% &8,
INIT-CNN 5518 45 50 3 il & 8 B 45 45, T DL b 3
TR P . M AR b EK-INIT-CNN (base) ,
EK-INIT-CNN [y 2 -3 F1 FMfg-r-3 F1 5542 7+
T 0.50% A1 0. 49 % . K&y 4 B4 TH(EK-INIT-CNN
FHEE INIT-CNN A4 F4) 1 27 % F1 25%. X F£ B,
£ DUTSD Jefify b4 78 09 52 15 Il 17 4 ) e, 5 o
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F G 25007 1A X T R A RO 191 45 0
PAT 55 AT 25 9 1 T ik — 25 (9 S 40 0 Hr 45 2R B
WER X — 4538, Bl PEe o T ECE R A AL Y
& LR BEAS SR B ATl R v A HEE [ doge )7
HRRR) R ) 5 % W AR e B R
BT B T 2 R AR AR T S A5 P Y
AP & P ol P 2% 1) it ) EK-INTT-CNN B g 4]
IEA By disgust 284§ 4%, i A DUTSD (1

EK-INIT-CNN (base) # 5i J 45 5.

A SR A AV R A S E 43 ) 5 M R A A 1Y
Att-BLSTM, Capsule-B 1l HAN B2k &, 7 455 Al
1t K : Att-BLSTM + EK (Emotional knowledge) .
Capsule-B+EK #il HAN+EK. 8 J5 ¥ X = 4~ 11 %
5 EK-INIT-CNN #1752 56 % H , DAt 18 BH AR SCKf
INTT-CNN #5E TA: ohy 56 it 455 750 15 15 44 34 gl 5 455 B
G5O R TR A5 R WL 10,

R0 BEEMAMABRRHEUMRIESER

Models Macro_Precision/ % Macro_Recall/ % Macro_F1/% Micro_F1/%
Att-BLSTM 89. 61 89. 60 89. 49 89. 33
Att-BLSTM—+EK 91. 45 91.52 91. 44 91. 31
Capsule-B 88. 94 88. 61 88. 70 88. 38
Capsule-B+EK 88. 89 89.12 88. 90 88. 77
HAN 90. 84 90. 88 90. 82 90. 69
HAN-+EK 91. 14 91. 36 91. 14 91.08
INIT-CNN 90. 00 89.95 89.93 89. 82
EK-INIT-CNN 91. 87 91. 90 91. 81 91.76

BT 10 AT B A SO 26 R Rl A R B
5 Att-BLSTM, Capsule-B I HAN % % &I 4 45
B BEA AU oS AR Y 1 BE s o, At BLSTM A
EK # ®1 5 M: 58 $2 7+ & B .. Macro _ Precision,
Macro_Recall . Macro_F1 Fl Micro_F1 435327+ T
1.84%.1.92% 1. 95% #1 1. 98%. %W 4, 1 T HAN
(AT 2R I E50 AR B B A b 56 1 T SCA H
FRTEENEE B S5 HAN 7E45 616 45 R
il B PERR SR AR 4 B .

I ie m LLE 1Y, 78 L Al A AL INIT-CNN
SN 25 R0 R Rl A BT e, 15 B ) A SO A EK-
INIT-CNN, 45 7 i i g, A HE PERE 2R — 1
Att-BLSTM-+EK,EK-INIT-CNN f#) Macro_F1 #i
Micro_F1 4350 & 7 0. 37% fl 0. 45%. SZi 4t R 5
T, 456 A SO 26 0 TR il 155 B B A A0 D i 58
HERLAY A PERE , HAE INIT-CNN 8 #1745 5 1
HESS3 I
4.6.5 25T 25 FN R PR RE 4 AT

KT B TG & R A ORI T
I3 Z5 Pk BB 1Y 5 e AN ) B g5 R A T
EK-INIT-CNN, %8 T 6 4 %} AR, & A R0 R .
Model 1 CZ 4154 -1 45 18] L) . Model _2 (RAEFF5) .
Model_3(F & FiE) . Model _4 (F 15755 + M 2
) Model _5 CE F L% 25 7+ RIEF 5 + M
25 FE) LA T Model _6 CZE 1 f 1715 &5 1] i+ 75 5 A
AR EE AR . B R 7 TR R B R R A S 250
FEBCAEAE T LR 5k i T EK-INTT-CNN.
6 41Xt FL AL S INIT-CNN [ 5254 g 7 .

91.5

T e
=pgs T
91.0f T

90.51 -

F1/%

90.0r

89.5F

89.0

INIT-CNN Model_1 Model_2 Model_3 Model_4 Model_5 Model_6
B

P 7 2% T 25 R RE X HE

P 7 0 A SRR R INTT-CNN, fifi
25 WU 4 FR B R PR RR 3 A 48 T b, gk i )
BTN 25 R B, Model _1 (22 1 147 4% ) 30 0
Model_2 (F 1459 M P RE$2 7 L 8 B 1 s Model _3
(48 F D W P RB B2 T+ /. 40 1 FH B, Model 5
CRAF UMY 25 1) M+ R AF S + W28 FHiE) i
RE 5 It 5 T Model 6 CH& A4 fol 19175 45 ) .+ 75 7 ] -+
T BE R D AH He Model _1 (8 1 3 5 2% 1) ) 19
PEREWL AT $2 T . 3% 3% W] 45 & 1m) AR B @ 18] X 1 2%
Foak e AR . A L 5 R T AR B I )
RE 11 VE AN B S 17 Dt PR) 2 8 0 5000 46 b i 6
i) R 9] A DT R A G A S IR 2 AR R WL AR S
A 1 TR 19 2 R TR R LA A 0 R R 2 ) A
RURSBCAE T HL 5 5 26 R O 1 0 R A T A%
GEUR FE 2 ) B Z R B I RO B R
A,
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i 2021 4F

5

BHESRE

BEX ST ORI AE A SCER L — iR A 4

VAT 25 73 2805 5. % 05 %38 2o ¥ 3 — > 1 2

SRR & (o2 T — b 7 00 114 1 2 Jh1 3R

RTINS

25 R P 22 ) 25 AT R 4R T TR RN SCAS 1
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classification. At present, the sentiment classification of
microblog with Twitter as the main body has made very
promising progress and results. However, most domestic
and foreign sentiment classification researches on microblog

mainly focus on subjective and objective and sentiment polarity
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classification. As far as we know, there is relatively little
research on emotion classification of Chinese microblog at
home and abroad, and the existing research on emotion
classification of Chinese microblog usually targets microblog
in the general field. Existing researches are usually based on
emotional dictionaries and traditional machine learning
methods. The predecessors have accumulated a lot of sentiment
computing resources, and some studies have mined attribute
features such as emoticons and internet buzzwords for
emotion classification of microblog. They are collectively
called emotional knowledge. Although these methods have
achieved good results, they rely too much on artificially
constructed dictionaries and complex feature engineering, and
there is still a large gap from practical applications. Since the
emergence of distributed word vector representation methods,
a large number of deep learning-based emotion classification
methods have emerged. These methods benefit from neural
networks that can automatically learn the feature representation
of text. However, deep learning-based methods cannot effec-

tively integrate the emotional knowledge commonly used in

microblog. and the emotional knowledge has been proven to

be effective in traditional methods.

The research carried out in this article is aimed at the
case-related microblog comments, which belongs to a specific
field of tasks. Aiming at the above problems, this paper proposes
a case-related microblog comments emotion classification
method that integrates emotional knowledge. Compared with
the existing methods, the method in this paper effectively
uses emotional knowledge, helps the neural network model to
better learn the emotion of the case-related microblog
comments, and achieved the best results.
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Case public opinion monitoring is essential for courts to prevent
public opinion risks. In order to address the problems in the
current case public opinion monitoring, based on the needs of
the courts, this work studies the emotion classification method
of case-related microblog comments based on the characteristics

of online public opinions involved in the case.





