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Abstract Emotion Distribution Learning (EDL) is a recently proposed effective multi-emotion
analysis model, whose key idea is to handle the emotion fuzziness by associating each instance
with an emotion distribution. Each component in an emotion distribution is the expression degree
of the corresponding emotion on the given instance. Different from the traditional Single Label
Learning or Multi Label Learning, EDL can quantitatively model multiple emotions simultaneously.
Nowadays, one of the most critical difficulties of EDL is the lack of emotion distribution marked
text datasets. Utilizing the existed single-label emotion datasets in EDL is a possible way to solve
this problem, where emotion distribution label enhancement methods can be applied to convert
the instances’ emotion label to emotion distribution. This paper proposes an Emotion Wheel and
Lexicon based emotion distribution Label Enhancement (EWLLE) method by extracting the
affective words’ emotional information and introducing the prior knowledge of the Plutchik’s
emotion wheel psychological model. Based on the psychological emotion distances, the EWLLE
method generates the discrete Gaussian distributions for the emotion label of the sentence and the

emotion labels of affective words respectively. Then, the two kinds of distribution are superposed
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into a unified emotion distribution. Extensive comparative experiments on 7 commonly used

Chinese and English text emotion datasets show that the proposed EWLLE method is superior to

the existed emotion distribution label enhancement methods in the emotion recognition task.
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RS 1O 7 3B BRI 22 o R 1 2 5 05 4 A
S R 0 R K 5 R 2 1 1 4 o
M. %S Ko B R A BRI SE 0 BN 1

T 10), EWLLE J5 ik B A F s 19 B 5L
SRBRAE v A RS T AN F R R A e
FRAE plo  BURS I A0 A f . 76 B LR 1 EWLLE
T R 2 (12) 4518 2 A 13 000 0 B 007 49 7
£ B AR S R A

" my,
d=""2 S SVp taep, A2
1

;mk e
A n BA)F s, 1 BRI B o S R s AR R
AR o, B SRR B f | R A o, 1Y
Soo MEHIRE LW B WA S, R T 2 R
By A A T RS v IACE R B
FAE W o34 f , NGOG d P R . EWLLE 55
B RO BRI 1 R,
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Bk 1. EWLLE #¥.
i A\ : training sentence s; and its emotion label y;,

weighting parameter A, emotion lexicon L
i i

1. Extract all affective words {w;, };_, from s by

emotion distribution d; of s;

looking up L;

FOR EACH w;, DO
Obtain all emotion labels {p!,}*, of w.. by
looking up L;
Generate discrete Gussian distribution fy = for

each pi, by Equation (10);

5. END FOR
Generate discrete Gaussian distribution f, for y; by
Equation (10);

sz/ /<F/1 f
Emk .

)P 25 bR 2B R R A I BUE Y L0, 1],

M A=10 AR EWLLE J5 i 4 s i 8% /i L%

SR I LS 2 b 45 A R ) SO o A

BanfEE s 52 M. 4 A=0 B, % EWLLE J7 i

B T ) A S ) M A N R A T

JE ) G 2 R 2. AS IR 9K A S B A i — 2P
WESE A WBEX EWLLE J5 M 58 19 5 .

)

4 XWHERSHWH
4.1 L E

AR SO BGR FH SCA T 45 R BIATE 55 b i F I 4 5
FRICYE 4 (TEC, Fairy Tales . CBET #1 ISEAR)
3 AN FABR AT P SO B HE 42 (NLPR.CC 2013, NLP&.CC
2014 F1 WEO 1 2y S 35 B4 4. TEC Bl 46 %

MR AN L) . Fairy Tales 464 15 ML #
B IR 1204 AR SES0R) T B AR A TARTE 5
g (U R O L 0 RV R 2% g 1 R
CBET $#l 4£7* R 4 T4 & 9 F i 45 3t 76 860 5%
I ST CREFPG 26 R AR 8540 Z5HESD) . AT BB 25 A1
A S e i B b AT T T He b 6 Aot
25 CBEAS DRI IR0 500 AR AR ) 36 51 240 4%
HESC. ISEAR B 4 40 3% 7 Rl 4 1 7666 ,«’7
T AT B A R AN R A 7 A 1 2 I Y
HMER IR S N 22 P A Sk ) ISEAR B 4k i
5 il g (RTARS  DROW VAR 1 VRMEL R R %) 3 5431 2%
A HEAT L 5. R SCHCHE 4 NLP&.CC 2013 Al
NLP&.CC 20147 & [ SR15 5 Ab B 55 vh SO 253
(CCF Conference on Natural Language Processing &-
Chinese Computing, NLP&.CC) F 2013 4 1 2014
A A I IRV AT: 55 1 2 T 8O 4R L A Hiis 4R
Bq & 7 M S B 2 TR DOE VAR 0
PRI 6. RS ANTE S & W ol I e o A SR
WHE ¥ H a4 A. NLP&CC 2013 #1 NLP&.CC 2014
Kot 5 23 B A0 5 MOB IR R SR /Y 32185 A4 1
(10552 &4 21633 S T0IH L)) 1 45421 4%
MJF (15690 Z&AF 45 m) F1 29 731 S5 TG 4 4)). ztijc
M NLP&.CC 2013 1 NLP&.CC 2014 %424 43 5 vk
JH T 7581 F1 11431 4515 4% /m). WEC(Weibo Emotion
Corpus) #4227 #s Bl T K2 F 2016 4F 44 &
R L TR SRR R T, B 7 R A (o L BEALIR
A AR R CRME A 26O A SCiE ] WEC Bl
B 6 Fhif 43t 35121 ) kAT 25, KATHE
1B T T S S R O SR A R AN S B
B35 A1 45 1 A) 1 HORE L 4T A T ROR R 2 A

21051 Z5HESCH 6 R 25 b 2 CBURS RO B0 it ) i i) B
K1 PRILBHIEE

otk pA TR KB BT R R iRl eRi Tl R RIS
TEC 1555 761 3830 3849 2816 8240 21051 15.3
Fairy Tales 216 - 264 114 166 444 1204 24.0
CBET 8540 8540 8540 8540 8540 8540 51240 15.0
ISEAR 1087 1081 1083 - 1090 1090 5431 21.7
NLP&.CC 2013 1146 2075 1562 472 186 2140 7581 22.9
NLP&.CC 2014 1899 3130 2478 820 299 2805 11431 23.3
WEC 1562 4876 14052 1011 661 9959 35121 39.7

e SCRH 1 SCAR FAL BB RN T . H 5 K BR
bR RTS8 R IR AT DUOR B S ST R AR AR
Ja K A S SO RERE g /NG L 8 B A ] T A Ak
B f s R T IR 89 B 2% word2vee 1 ik A KL

TS B F6 R Ol 300 4E R[] . word2vec #EEITE
Google News ¥4t 4£ (1) K 29 1000 124~ b I 2515
B, fa) AL B K 24 300 T3 A~ ia]. X T Hp SCOCAS 1 Ak
L FRAT T SE R BRAR A T SRR R A AU R
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HBCF. RIG R Jieba 433 T B Q34T vh 32 4334,
R s R A SC TN 25 3R] 6] &R RY Chinese Word
Vectors ¥ B 48] 32 78 2 300 4k (1 [q] 7. Chinese
Word Vectors B0 HG 85 J7 4~ 1a] it i 76 11 A B
S G RHE B Ry 142 3600 5 A1) E IR
E| MO S R IR /NG = i <3 [ Sve N i N 3 [ e I o
ULt H B AL 16 k. BRI A 1) kA ) i A
e G Ol B2 e R O S B S (SR 2y RS iR
BRI i A B AN ) 238 o AL R 4 —
300 7 [y il A KR B, ) - 19 S5 KA 5 9 B0 R B
6 LTS ORI AL @

S A 9% SO %] #8  NRCH™ Fl Emosen-
ticnet ™™ & I 1M . NRC 1% B 40 & 14 182 %
JBGR] F1 10 Fh G 4% #5245, Emosenticnet ] H £y &
13189 AM1F I 1] R 6 FiIf 45 A 25 1 1B i) it v ) 43
AME IR IO 1A G 2R 2 I O LA
JEEE KA T I AR5 L1 6 Pl 45 (437l i
A DO IR AR RMERN 2% IR IR A BT
X6 T g eI IR I B X T R A R S A 0 5
JER] | HGE N 1) 1 4 bR 25 U IR bR 2SI 0T AR B
2, AT B 15603 A 9& SO LA L 454 1 2R P
Bbrid 1. 31 M2 bR 2. v SCI R n] 3R 1 R % 2
TR A BRI SCA PES 3] 5 27 466 A1 IRk
R 7 R L AR AR SCIR B T BRSO VIR L
PFRYE IR 6 T 2 I BRI X 6 i 25 1 1
SRR e AR BE 16 358 A v SCAE B ] L B A 1 IR 1
PR 1A TE 255 %

Sy WCE R AR UE B 4r 2 T T A8 X8R R
(stratified 10-fold cross-validation). E & (1) 52 56 4
TR 2 W B A A AR A 20 BB 1) S5 R S 3 4 B
3 s A — 1y FIAE DN AR — U, 0 107 1) 3 4 B 8 5 01 A
IR HT 5 0t 52 . A8 U Uk R Y A — 3T
Ho&— R Lk Y EDL 5 45 HUBIT 55 o B —Jr 5
B BRI IR0+ 2 —E N EsE. T
S 25 R BA ] otk 2 5 % b AR ] — 2K
SR EI R i R G & RIS R AL I (= i R =T R 57
FH T PR 15 2 0 A5 3 1Y) de 2 PR R

1% 25 P A PF B 8 B>k T 4 B B AR TE 5 AL 34
B H AR AR 43 0 2 A B R (precision) | 47 8] R
(recall) .F1 5355 (F1-score) F1#E #i 2 (accuracy).
4 FPEM AR PR TR A XN

TP
TP+FP

(13)

precision=

ati——12 (1)
T TP YN
F1:2><pr(.ec?'sion><recall 15)
precision+recall
TP+TN
accuracy= A - (16)

Horp, TP 3R SEbRbR 2 o 5 H 1000 Ay 509+ 451 5
FP 327K 52 brbm 2 A BB B A B R 5, FN 3%
78 S B AR 2 Sk ELAE 0 S A B A 1 TN 3R 52
B 28 A AR HL oA 0 B 1) 50, A 3R BT A A 1 Y
B AT B A 25 bR 2 00 3l E S DL B 4 R f 4
FREAT I3 9K Ja B4 48 BR 78 e A 16 2 A5 28 B3
HAE o7

EDL 1f5 &5 R 880, R F BiIE B B 8871 g
() 22 AT 45 25 B 22 W 2% (MTCNND A5 B2 | 7R BAFR
ICEHEAE b AR R 1 AR R N R A3 A VR SR R
FEAS I W B 2., 55 0 I A il AR [ L[] T pp
W2 il 2. MTCNN A5 7Y 3000 4 155 J8% o A Hh 45 43
S5 e I 5 4R A I 2 RN B S0 5 SR MTCNN #%
RS0 3 — 80, BRI B AL R 3 Rl
% 0 R/ANC3 4 F5) Y ik 8 A% . B Fh o 98 #4545 100
4~ ,dropout rate %4 0.5, batch size FBU{E N 50,
PRk sRE AL R SGD B3k kAR R B RN 2 ) F2 43
MBE K 200 F1 0. 02,

SLETE 1 R PC g, FEM R E AN
Intel fi%%¢ i7-6700 3.4 GHz 4 #% CPU #il 32GB
7. LI AR P K A Python 15 5 4 i S 2R, 40 A v fifi
F T B Python #l#s2#% > /& Pytorch 1. 3. 1.

h T AR S B EWLLE AR4C 5 88 7 3
(IPERE , FRATHEAT T = 4N EL 3258, 4331 2 4 Fharid
5 7 VR AR 0 SC L I B H i A B I 2 U R RE XS
PS5 ) 1% 25 b 25 AL EE R 8L A X EWLLE Jr i
PERE B 500 43 BT 52 30 A0 4 BhobR 0 3G 3R O 10 &
FL A v 3 SO A A SR TR A Y B A SR
4.2 SWERSIRICEEEAENEHIRERERTE

1B UE EWLLE J7 i 09 A 2k AT LR
4 FhAF IR o3 A A 10 3 iR 5V R Hh S SOSUAR B s 4 1
HEAT T X E SR

(1) One-hot. X} BFRICT 45 bR 2 B 4% g 11 19 J7
BB A) T RO 45 68 25 9 A5 0 One-hot [a] &, 7] &
KB A T R I 4 bR 2 B0 7E One-hot [ it

@ https://github. com/{xsjy/jieba
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(2) MWLE. J£ T Mikels 1§ 856 09 A5 10 38 58 J7
. Yang 5 A48 9 MWLE 1§ J& 43 7 b5 10 14 38 77
T Mikels I 48 B2 o 1 45 18] Y 0 B 2 B
B TR 1R 00 0 A K ) 1 2 45 AR 4 Dy 1 TRk
3. MWLE J7 7 fif FH AR J8%0C 3427 S0 50 R 0 1 26
P2 R AT AR 4 AR R ) SCAS oA R R A
2. Yang % A $2E H 1 MWLE J7 3645 P A BiUAS A<
Sk R T OH A BRI Y Implication Constraint
WA, Fi4b s T Mikels 15 B4 5 19 8 Fiil 45 5
SRR AR P 4 2 RR A SCR B
SOE A T3 MWLE Jy i o1 46 8] (9 .0 B3 2% B
B, MWLE 75 ¥ H (1280 e BUE 0. 7 30740 A b vfE 22
W 1.

(3) LLE. J& F 1 J&ia] M 0 45 00 35 98 7 3.
Zhang % A\ LLE bric 3% 5% Jr ik, [\ i %
BT AT b A B E S 4 5 8. LLE
T 5 R B R < AR AR BN IR A P SE TR
TG L bR B — R B AR 48 s TG T AT At 1 2 B 2 1Y
18 AR AT B0 4l L E AT R AR A5 40 19 43 L. LLE
AT LA B Sl A v i 18 ) i 3 5 R (H
S s VA A I IR ) 0 B AR SR 58 AR LLE Jy
TSRO E SR

(4) EWLLE. A SCHE Y 2 T3 & 52 v 4 il ge
FUH B ] B Y bR e 3 58 7 3. EWLLE ik fESI A
7 80 B2 S 56 N TR SE AL 1 M) A S 2
T 28 RN I im] (R 1% 25 15 5L 2B UG IR A A ) 1 4
PRAA T ZR B0 A A D SCRT P SCROR B 4 B BN
0.8 F 0. 3.

Z 5 XY 4 Bl A3 A bR 10 3 9 5 YR A e
SCEUPRAE R TEM SR SRR R 2 R . K 208
KT R MTCNN PR 15 0 A Y, 4 b 10 38 58 7
TAE T B8 UG E S 56 15 T A 2 U8 RS 1
(Pre( %)) F I (Rec (%)) JF1 43 ¥t (F1( %)) F
HER R (Ace (260D, £5 A Bdis 4 b 1Y 5 g 52 50 25
FEZR 2 o DL AR

N 2 8 Rl LUF L AR SCI ) EWLLE
JPRTERA T AN B S LU TR E AR e s 5
EEAR R4 R, DL ISEAR ¥ SCR R 4 B
HERA R ) , EWLLE J5 i il %tk LLE J7 ik &
H2.57% , 1t MWLE FEEH 3. 78%, kt One-hot
Jri 5. 25%. Lk WEC b SCHUHE 45 1 1 o o o
Bl EWLLE J5 ik s b LLE ik 2.53%,

F 2 ETFMICNNTUUEE ) 4715 KD HiRic R A AN
BEIRANBERE . BOEE F1 SHMERE

FRic 5

b 5 ; Pre/% Rec/% F1/%  Acc/%
J7 i

One-hot  52.32  41.96  43.77  56.74

TEC MWLE  55.19  42.03  44.16  57.89

-~ LLE 55.56  42.89  45.85  59.23

EWLLE 57.33  43.08  47.77  60.76

One-hot  72.53  62.01  65.19  69.16

Fuice Tales MWLE  73.25  63.51  65.54  70.83

ary taes o LE 75.45  64.27  66.33  71.51

EWLLE 77.98  63.56  67.72  73.33

One-hot  61.33  56.77  57.98  56.74

. MWLE  62.56  58.71  58.19  58.80

CBET LLE 63.17  58.69  58.28  59.71

EWLLE 63.72  59.44  59.06  60.38

One-hot  66.78  65.21  64.49  65.46

MWLE  68.32  66.59  65.84  66.93

ISEAR LLE 70.21  67.86  67.78  68.14

EWLLE  72.89  69.03  68.17  70.71

One-hot  49.13  41.92  42.59  58.07

NLP&CC MWLE  59.41  46.68  48.28  60.50

2013 LLE 58.31  46.36  48.16  61.14

EWLLE  59.80  46.59  49.09  62.51

One-hot  53.60  43.21  44.23  58.19

NLP&CC MWLE  53.12  48.61  50.52  60.03

2014 LLE 61.45  48.28  50.60  61.61

EWLLE 61.88  47.40  51.05  62.76

One-hot  61.28  39.24  42.17  60.55

. MWLE  58.39  42.37  48.13  61.21

WEC LLE 55.41  42.87  47.16  61.71

EWLLE  62.45  48.41  52.20  64.24

I MWLE J5 3 &5 i 3.03%, tt One-hot J7 i /&
3.69%. AHXF T 3 Bt LA AL, B T 1 Fairy Tales,
NLP&.CC 2013 F1 NLP&.CC 2014 544 -1 7 [l
FAEWR AN, EWLLE J5 57 A 74 Bodls % B
4 DVEReTE bR b XA AN R R A $R T X — S 4
FEAE T A R 15 4 b 2 R0 IR IR A B A
A A Z A0 s 5T B O B 2R R R A 3 T R
HIEIE AR e

5340, 5 Zhang S N SEH 25 5 — (Y LLE
T RO T A R A B 5 B MWLE Jr
. 3 U AR 45 R BIT 55 b A SOAS v A JE ]
FREEARERIEZE B & NEAR A 304
298 A0 1 BRI & X 43 BE R T I A 1
B 2E R R AR e I AR s AR ESN . T
5 IR FHE 2 0 R RIS J8 ] I 28 15 8 R T A R A
FH o 6] 1 26 05 25 T3 i i 19 One-hot J7 15 £ 55
Brp R T R M ERE.
4.3 AFHEEGRZENNEZRE 2 ¥ EWLLE 7 %

4 BE 19 52 M

) FAEE RS AL E R A A 2 EWLLE Jik iy

— ANEESH R T AR A B S A b Ay
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(e PR R A NN A EFSY U R i e
2R 2=0 B EWLLE J7 & H A & 5 gl f5 8 i A
PR TG AR 024 A= 1 B, EWLLE J5 4
SR AR B A R & ) TR B R A5 B O T
AR X EWLLE J5 ik PR RE A2 Wi FATH 2 A9
M 0 AL 3] 1CHRR 0. 1 BUE — KD 38 3 4 1 (1
MTCNN K5 4155 25 P00 T 3R A8 4 > 9 SCR0Hs

AR 3 A b OB A ELR RS2 R 45 R 4 i) n 1A 4
A S s,
0.74
0.72 +
0.70
) 0.68
§ 0.66 == TEC
% —®— Fairy Tales
0.64 —&— CBET
—v— ISEAR
0.62
0.60
0'58 L L L L L L L L

0 01 02 03 04 05 06 0.7 08 09 1.0

A

Kl 4 FEF MTCNN FiURI R AR A E R A BAIE R T
EWLLE FiL7E 4 3 SCRURAE T RIS 25 00 e 2%

0.66

—=— NLP&CC2013

osil —e— NLP&CC2014
: —A— WEC

=

o

o
T

Accuracy

=

o

=)
T

04 05 06 07 08 09 10

A
5 6T MTCNN BB AR R M2 HB T EWLLE
JrikAtE 3 A SCHR S L 0 265Ul
M 4 ATLLE W4 A TESCR R R B T
AL PR HE A R AL AR H. AR AN TR 4R b A1 45 R
BIMER L 150 BRI 22 53 HARZ 2 A=0. 8
o B Ak B R AL A HUELAE O B 0.7 Z [R] i 1 45
YU 0 HE B 8 A0 1 T 5 8 T L I 394 ) 15 2 o
S WA S 25 0. A= 0. S . 17 Jk A ) T

0.2 03

0 01

S bR 2 A L i BT A L 2 TR ) A 3 AR AT B
A 25 A KT 0. 8 B MERARBER A 15 K E T
Rif 5 2% B 214 19 S ) £ AN T B T 38 58 O 9k 1) 1 g
23 I BRAR ) 1 SCAR R A5 e ) A SR X1 4 R A
JEH EE.

SO L BR T S8 1 s A B 5
SCEUREATE L& 5 Y 3 ARERRI KRB T
FRRLA AR A R 3. Y A BUEFE 0 2] 0. 3 Z[AIB 1% 245
PUNM MR, & 0 F T, 962 A=0. 3 B ik 8 & ik
H. 24 A BUELE 0.3 3] 0.5 2 [A] B, 15 51 7 i 2 e e
T 5 10 B I S 3 0 ) I 4 A AT S 3 AN R
FHIUMERE SR TE. 2 2 BUE KT 0.5 B3 AN 5ds
B (I 4 TR T A 23 i R B AR B AR I K P 3.
AR UL ) I R 4 1 AR K TS B (S B
WHE B EWLLE J5 76 3 A v SC8 a4 A8 R 81
B2, FATIN X AT fig 2 N ok v SCEHE 4 i A
% 28 b3 2 B bR O A A 22 AR IC 1 4 A 2 AN R AR
B b A 3w SO e 2 T R

TN 4 ROl 5 AT LR B T T AR
T 4 b 0 B 01 A5 R B MEA R (A=0. 8 B A=0. 3)
HR = T A= 0 F R R fE BD s A=1(H
AT IS G bR 2 B B X UL O T 4R T
Xof SCAS 1) 1 28 T9UI A 1 58 . EDL A0 3 58 07 176 4R
JSATE %43 A 1) 3k A v ) B 2 ) 1 R0 B3] 2 1) 15
TR 1R 15 28 b 2 0 B R .

4.4 ZMERICHEIE T A A P 2R AR TE R
Stk

T VR LEER 4 B IS A bR 10 4 5 T I AR
P81 J8 A 1 LA DX, AT DA b 0 S S 3 s AR
Tk 10 Z A AR 2 Tk 1 41 A AT A IR A3 A B 6T
ST 3k 1B 514 43 5 One-hot MWLE,LLE Al
EWLLE #ric 3 58 77 6 4 iU 8% 43 A BAK 1y X L
ZERANFE 3 PR, 3 B A MIF H 5 S A Y D
U ST B AR 4 b 2 R T A I D) B LA 26 5 2%
4 FPbRIC I 5 T5 1 i ) ) AR R I A A TE R 3
18 A 0 25+ 6 o g A7 S ) L RELAAR A 1 A7 J ) A
HH ) B S A R 2 A

& 3 fr7n s One-hot J7 ¥ A B A 8% 53 A1 /2
FABRIC R 25 1 1] B 4 A0 5 ] 5 4 AR 4 I 1
BHRAE 4.2 A SR E5 5L, One-hot Az B 1 18 43
A LA 26 PUNAT 55 vh R B T 5 22 i 1 k.
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R3 AMBERSBRIEATAETPEIFAERNFEERS AL (A FXAPHERARBEGRE BRI HEHEY

EXFERZAEERE BERE LR .2 K% 3546 .4.15F.5:.BE.6. 53

F ) F A =31 A A A5 ISy A
T RHARs e Hobr %% One- hot MWLE LLE EWLLE
0.6 0.6
1 just just: 6
| absolutely absolutely: 6 04r 0-4¢
lost my mind. lost: 3 0.2F 0.2}
.1 mind: 6 0 0
1 2 3 4 5 6 1 2 3 4 5 6
People are people: 6 0.6r 0.6r
more likely to  die: 3.5 0.4F 0.4}
2 die in hospital  hospital: 3,5 ) 5
at the weekend. the: 6 0.2r 0.2¢
RS, .
ZE 2R weekend: 6 T3 345 6 07234 5 6
I’'m
~xhausted . 0.6 0.6
exhaustedbut exhausted: 3
) but: 6 0.4} 04}
3 can’t sleep, Custs 6 : ’
1 just want Justs 0.2 0.2
my nap want: 6
. : : 6
TR 3 nap: 123 4 5 6 23 4 5 6
0.6 0.6
Packing to o4 o4
4 leave leave: 3, 4 . .
tomorrow. 0.2F 0.2
PR% 3 0 0
1 2 3 4 5 6 1 2 3 4 5 6
4 of 6 0.61 0.6
speedways in 0.4k 0.4}
5 Midland don’t  have: 6 0.2 0.2
have pizza. : :
st
g1 2 3 15 6 23 1 5 6
Arabic 0.6 0.6
coursework
e 0.4f 0.4}
6 deadline deadline: 5
extended by 0.2F 0.2F
a week. 0 0
PR 4 12 3 45 6 12 3 45 6
0.6 0.6
Ei g =Ny 0.4 0.4
7 FIMNE X2 .l =T
.3 E AR 3 0.2F 0.2}
PR% .3 0 0
1 2 3 4 5 6 1 2 3 4 5 6
WA LTF i 061 06
R (1) 18 £ . {5 ; L L
S 2 0.4 0.4
8  IHIRIER AR 6
ORI LN 0.2F 0.2+
R 2
b5 12 345 6 2 3 4 5 6
1 don’t want 0.6 0.6
to walk 2km  want: 6,
9 everyday everyday: 3, 4 04F 0.4F
: especially in the: 6 0.2F 0.2
the winter winter: 6 0 0
bRk 1 1 23456 123456
S =EE 5] 0.6¢ 0.61
ftarsds%,
Lo RmERE L 04 04
GESEE A o 0.2} 0.2t

NS
PR%s . 2

—_
(S
w
e
(2]
(=21

1 2 3 4 5 6
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MWLE Jy A= B 1 15 8% 43 A1 78 4] 7 1 5 55 1%
WO T 245 BN 450 FLAE IR R Y
BG4 FEAG RO A rp o e E B ) F B IE 25 1
G3AE Bt HLAB U BTG 25 1 o (B H 5 S 4
14 P 5 300 . 3 o 5 A T B 0 B 2R R
MWLE #] kb 78 J5 46 B bR 10 1% 26 b 45 19 15 B B
AN AH S T8 O B AR B B 2 B M, MWLE
ME LA S8 A& A 4] 19 HAR G AL 1 an s MWLE S f3i]
) 4 A A IR A T A S A AR AR Y
UK 4 DO AN E 1 43 (BDAR [W) 5 {H 2 3 2ok T4
B A 5 SCAS S B UF 119 2% 38 B B8 Wi R 1 DROER. 5 4b s
MWLE g 4b ¥ 4) v 40 & 55 5 501 25 B B e
UK SNG4 0 A Ol B an, 4] 3 Y I ST 4 2 AR
i AH A & 5 3R 5 X 37 U B 25 2% LR,
MWLE il 41] 3 A= B 18 8% 3 i th R AR A4 &
PeAE . ORI AR A R SR LA O, A
MWLE Afe Rl a) 8 51 A B S 45 B 25 5t 1Y
UG 4 5 2%

LLE J5 3 32 $2 BRSO w94 8] 76 LA
B SR 2y T A 4 01 R A3 A b B i Jk R
XoF 0L EA) 15 4 AR 2. N - SCAS v B Bl B RO 2 T
AR PR S FE R RN FIE Rt 5. H
& LLE AReH I8 5 4] 7 5 S0 450 B A B9k
SN AN ) 1R LG 45 R T LLE S K
A FE T IREAE G AR AH R A S A SRR
AT IR BG4 DO N 4.2 TR S 45 R & LLE
BT 45 58 ) F SO HR B A PR AL 09 1 2% B T
MWLE SR F 9 5 T 38 F 0 34 27 858 1 58 56 61 100
15 45 AT 55 3 A A8

TP 3 LA 1, 5 MWLE o ik 221 25
(953 (B A R — M2 0.5 247 A [A], LLE ik B4 24
o EA R 0.2 247 X2 K oy LLE J5 ik i /)
TFHEEWEHENESI c JFEICH e=0. 8", fifil ik
SRR A B, AT LLE W7 K S 454
R0 A 2 AL 2 3 1 ] 1 S il BB 1 2
P 2 B o AE A WY I 04 i 2. s 9 ) 5 B LS
i A% LLE 38 1 5 /8] have 5] A T IR 24
15 2% 5 AH 2 38 3 X ) SCA N 43 BT o 3% m) AN
&Y. 5 LLE Jrik A, MWLE J5 358 i
B AR BRG] AR UL 26 BOAR A W] BB A AE D 2%
AL B S 25 1 0 B 2F BE B 4. AT ) 7 3¢
A RIR B NG 25 R A A — E AR PE I A S H
S 40 B B RS A 1 O A S BN AT
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an emotion distribution for a sentence rather than a single

label. However, emotion labels are crisp in most existing
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emotion datasets. Label enhancement aims to convert
traditional emotion labels into emotion distributions.

In this paper. we propose a novel Emotion Wheel and
Lexicon based emotion distribution Label Enhancement

(EWLLE)

distances between emotions according to the Plutchik’s

method, which calculates the psychological
emotion wheel and utilizes the linguistic information of
affective words from some classical lexicons. The Plutchik’s
wheel of emotions is a well-known psychological model
proposed by Robert Plutchick in 1980 to describe human
EWLLE exploit the Plutchik’s

wheel of emotions to determine similarities between different

emotional relationships.

emotions through Gaussian distribution. For a given sentence,
based on psychological emotion distances, EWLLE generates
discrete Gaussian distribution of the sentence emotion label
and the affective words’ emotion labels, and then superposes

them into a unified emotion distribution. Different from

existing EDL label enhancement methods, EWLLE takes into
consideration the psychological and linguistic emotional
knowledge at the same time during the label enhancement
procedure. Extensive experiments on text emotion datasets
demonstrate that EWLLE performs favorably against the
state-of-the-art approaches to text emotion recognition. Our
research belongs to the project of the National Natural
Science Foundation of China (No. 61866018), whose name is
“Text Mining Method for Difangzhi Combing External
Resources”. Text emotion analysis is one of research contents
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