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Emotion Distribution Enhanced Multi-label Emoji Prediction
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Abstract: Emoji, as an effective tool for emotional expression, has been widely used in daily internet-based communication. Current-
ly, most emoji prediction models employ word embedding methods to construct emoji representations, but consider neither the direct
association between emoji and emotions, nor the co-occurrence patterns of emoji in the target dataset, resulting in insufficient emo-
tional discriminability of the learned emoji representations. To address these issues, this paper proposes a multi-label emoji predic-
tion model based on the emotional distribution of emojis directly related to emotion, which is named EIFEP (i.e., Emotion distribu-
tion Information Fusion for multi-label Emoji Prediction). The EIFEP model consists of three modules: a semantic information mod-
ule, an emoji information module, and an information fusion prediction module. The semantic information module uses BERT to ex-
tract text semantic representation; the emoji information module applies a multi-layer graph convolutional network to construct emo-
ji embedding that integrate emotion distribution and co-occurrence pattern information; the information fusion prediction module us-
es emoji embedding attention mechanism to integrate the text semantic and the emoji embedding matrix for emoji prediction. The
comparative experiments on the Mu-Emoji English dataset demonstrate that the EIFEP model outperformers the existing multi-label
emoji prediction model, achieving 60.88% in Acc, 58.79% in JS, 74.05% in micF'1, and 6.92% in HL, respectively.
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Fig. 1 Emotional distribution of @ on 11 emotions
(The vertical axis value indicates the expression degree of
emoji on 11 emotions, and the larger the value, the higher the

emotion degree expressed. )
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Fig. 2 Architecture of EIFEP Model
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Fig. 3 Flow chart of the construction of the emojis emotion distribution knowledge base

(The average vector representations of emoji-containing samples in dataset S are processed by a BERT-based emotion model to gen-

erate soft labels, constructing an emoji emotion distribution knowledge base. )
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2 LY AR R R 1) AR R, AT R 4
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AR IR e S 17 B SR E e NI < I N i 1 1
LSS 7 O S N =

@BERT "%/ J& — Fh Fil YIl 25 19 1 5 AL 7Y, 3l
Ik XU Ta) 4 B g ok A AR R SO SRR S

@ BERT £ AY 49 &% i Mt (A Lite version of
BERT, ALBERT)!*!. /& BERT () —Ffh 28 & |, 3
b DR A M ik A R B R S i R 2 B D A A
SR .

@BERTHGAT ™' j& i £  BERT i i 19
%34 ] £ FIl GAT 3% B/ emoji 8 A & 7% 85
I, 15 2 B 2817 emoji 0 4345

TE Mu-Emoji % SC i 5 b 5y %F b 52 56 45
AR 2 frs o A SCHE ) EIFEP B8 8 4 {k |-
() 26 B0 ¥ fE F Hofh 6 A L 28 B A | Ace IS
micF1 F HL 43 %1 ik %) 60.88% , 58.79% , 74.05%
H16.92% .

R2 AR BB 5 R L ALA £ Mu-Emoji #c4% 5& £ 49
AP S 25 R
Table 2 The comparison of experimental results between the

proposed model and the baseline models on the Mu-Emoji dataset

LAY Acc(A) JS(A) micF1(4) HL(Y)
TextCNN 0.5529 05611 0.7188  0.076 2
BILSTM 05832 05645 0.7217  0.0734

BILSTM+Attention  0.5844 0.5681  0.7246  0.0721
BERT 0.6067 05776 07322  0.0718
ALBERT 05860 05806 0.7346  0.0721
BERT+GAT 0.6066 0587 0.7395  0.0693
EIFEP 0.6088 0.5879  0.7405  0.069 2

U H PR RS RS AL, A FOR B AT, | FUR %
B INLT
Note: Bold: best results, 4 : higher is better, V¥ : lower is better.

5 TextCNN £ A 4 [t , BILSTM # %l %
Z R % emoji Tl E’Jﬁ%ﬁiﬁjﬁ w4 Tt R BT
Acc F# & T 3.03% . X REJ& H T TextCNN
EoR b S o B B E’Jﬁ%)(fﬁ,u , T BILSTM &
iof /S A5 B AL R LS, 68 6% 1 4R SCA Y 51
() U0 O &, R B A 0 Pk B BiL—
STM Attention #% %I 3@ 5 5] A 3 = Sy #L#I
A R S emoji AR 25 AH 6 1Y SCAR(E ,Q .
5ok 51 A EZE UL A9 BILSTM A ., Bil-

STM-+Attention 1 38 B %5 4 , 7F Acc . JS . micF1
MOHL b 40 90 @ # 0.12%, 0.36%, 0.29% Fi
0.13%

5 BERT . ALBERT #f It , EIFEP £ 74 1 3%
MIAE T . BARWF , EIFEP 5% £ 78 micF1

o BIHCEE T 0.83% M10.59% 4T+, BERT

A ALBERT 51 4 S S o o mT BE 2 [ o 220 1
T A H Y emoji {5 B o T A SCHE Y EIFEP
B AL 1 @il A emoji /5 B, #& T+ T 245 28 emoji
) T BE o

AH T At 56 26 8 A rh A AL B BERT 45
R ] 18 45 #4) B BERT+GAT #1 EIFEP £ %1
£ Mu-Emoji 54 45 I (%) R B0 4y, AR R B 7E
micF1 | 2r S BCAS T 0.73% 1 0.83% Ay 42 Tt .
X I, BT TR R 2 IR0 4% 5 R AR AR X B i 4R
1Y B A~ emoji A 2 T LRI AR B emoji AR 285 AT
R A AR, FT LA 3R 42 /) emoji =2 ] 1 91 ¢
A8 THALZE S BT 28 emoji HEIAE B .
Ak, EIFEP #1814 L F BERT+GAT, 7E Acc .
JS . micF1 Al HL I 43 5 & 0.22% . 0.12% .
0.1% F10.01% . FH UL AT W, , A SC 42 /Y EIFEP
B F] A GCN BE B 47 b 4l $12 emoji 22 8] (1 #H 5€
£, Jf i i EEA HL DR SCAS 1 ) i 5 emoji
A o 55 B Rl A, A S0 3 R emoji ik A 3R
7, AN 4 455 7R B emoji TN 5 fE -
3.3 Emoji iR NRRF AR L K16

TEA SCHOE 58 TAE S, FRAT4 1 17 A H
emoji i 8% 43 A 1Y SE 5 AT Ok £ F emoji itk A R
NI . N T B E emoji 1E O A ROoR A
B, AR 30K H FastText A1 Emoji2Vec ' A [7]
By 1] e A 3 AR B emoji ik A R, IF TE Mu-
Emoji B4 4 b 47 X5 b 52 56, 45 B an 3% 3
/N o Hor EIFEP-FT #2 #1 & ] H] Fast Text £5 %4
Y2545 2] emoji #x A 7R ; EIFEP-E2V £5 A1 | &
il 1 Emoji2Vec J5 42 i emoji ik A R o
&3 RFE emoji i A& T ik JE Mu-Emoji #48 & Loyt

Rext b

Table 3 Comparison of performances with different emoji

embedding on the Mu-Emoji dataset

fe gy Acc(4)  JS(4A)  micF1(4) HL(vy)
EIFEP-FT 0.6071  0.5757 0.730 7 0.0719
EIFEP-E2V  0.6080  0.5808 0.734 8 0.071 4

EIFEP 0.6088  0.5879 0.740 5 0.069 2
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)1 26 15 8., DT 32 350AE B emoji ik A R 7E
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A, EIFEP-E2V £ AU 19 3% (K P B8 T B iR % 5%
/N 3% T Emoji2Vec i i1 43 #r emoji 7F 52 br
B A R SO G & Ok AR B emoji ik A R
7N, BE 5% B VFE T b A emoji 0 & RO ZE 15 8L
SR 1, EIFEP-FT 1 EIFEP-E2V #i &I 7 4 i,
emoji #x A 7R i, B T 5118 5 emoji (19 3
PR AR, TR B 4SS A ST Wl b
33 emoji X A FoR BN 25 0] XA EAN R o

2 T, EIFEP B4 B 7 S 4k b % 3= 3L
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T I 25 1 emoji 17 B8 43 A HT R B8 B emoji
TE 11 P LA 25 1 15 8% o A o, (A3 4>
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g5 W], AR SCHR Y A EIFEP B8 A FH 15 31 5
19 emoji 1% 18 43 i 7, N emoji ik A 3 i 1k
THHEXEMESEE, A TR
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Emoiji Labels
|

........................

PTBVOOTIOBmUsVDOR YO fm@® 8O«
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15 R TR B LT[R B B, #8578 T emoji Z 8] 47
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ME 4P LI EE 3], K 4 (a) 5K 4(b) Y45
R B, X 32 B EIFEP 1] LL AT 204 2 emoiji
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ji (e wen) JLT B A A RO, 53X 5840 Ul W T
TS S LA . R, 50T M %
1) emoji, @ . & .o @ B, EfI#HEKE
TXREANKEY R EEZE. WA, LD,
DD WA emoji ARAE IR T R B
L B 25 o Emoji 2 [8] B9 A ¢ P R AR I 7R 15
SCHY AR b i AR B AR B R 2T
X 48 emoji T B A ALY & LEUIE 4, 78 S5 PR

Emoji Labels
(b) FAMemojitRE

B4  Emoji pR2E 3 SR R
((a) F1(b) 7352 Bedli 4 v B S emoji AR F1 EIFEP BRI AY emoji b4 iYL BUBL 45 MK B /R emoji Z [A] AL
BEACRRRLRE , BELB AR (B (0 ) 1036 emoji LAY HE AR )

Fig. 4 Similarity matrix of emoji label co-occurrence pattern

((a) and (b) represent the co-occurrence patterns of real emoji labels in the dataset and emoji labels predicted by the EIFEP model,

respectively. The value on the right indicates the similarity of co-occurrence patterns between emojis, and the larger the value (the

darker the color), the greater the probability of co-occurrence of emojis. )
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