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Emotion Analysis Using a Bidirectional LSTM for

Word Sense Disambiguation
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Abstract

Lexical ambiguity means that a word can be interpreted as two or more meanings, such as homonym and polysemy,
and there are many cases of word sense ambiguation in words expressing emotions. In terms of projecting human
psychology, these words convey specific and rich contexts, resulting in lexical ambiguity. In this study, we propose
an emotional classification model that disambiguate word sense using bidirectional LSTM. It is based on the assumption
that if the information of the surrounding context is fully reflected, the problem of lexical ambiguity can be solved
and the emotions that the sentence wants to express can be expressed as one.

Bidirectional LSTM is an algorithm that is frequently used in the field of natural language processing research requiring
contextual information and is also intended to be used in this study to learn context. GloVe embedding is used as
the embedding layer of this research model, and the performance of this model was verified compared to the model
applied with LSTM and RNN algorithms. Such a framework could contribute to various fields, including marketing,
which could connect the emotions of SNS users to their desire for consumption.

B Keyword : Bidirectional LSTM, GloVe, Emotion Analysis, Lexical Ambiguity, Word Sense Disambiguation, NLP
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E = Fear 2,490 Joy |been great seeing your pics and keeping up
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E3, 2 L BoF dlolg 9ol g o)A
E33ko] AP 8144171 1209 7 GloVe )
2 283 QU SNSO| ofu]F, TR
HE ggstu gk 44 olf: FY
A ARgALel whet ojulr) e
HE|7|% Shu, o vholrt 7 2ioli ol
wjo] upe} 7t Babo] Al s &
8 7%, & 2o 29w ety & ok
AL R < 2 olo] YT AN
= =] 'l
E
=]

f
K
H
Lo
o oT
3
S
g
é
_v;
©
N
;L
ok
v

H
e
-
9#
kd
oy o
o
i3 mlo
tu
oY K
e
)i
H
i)
2
30,
ox mo ue =

o}
ol
o
rr
L
<
i
i)
4
oX
ol
o
kl
mt o 30 flo mo mk

Sadness | wow.. can you say emotional? im really gonna
miss mhs.. had graduation practice today..

.| My sister graduated today. it was amazing and
Surprise .
super emotional. Wow ...
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Loss Function : (Labed O 1
% Categorical
; Cross Entropy
Qutput Layer
: Softmax

H H
(Prediction) 0.2 0.5

-~ E 3 E 3 -
ReLU activation layer
F F F — F F F
Hidden \/[ I R::i;r‘::?t
Lay . I
B 1sTM N ea
B B B A— B B B
ReLU activationlayer
- - - - - -
Batch normalization
F F F — F F F
Hidden AL Reurrems
Layer N dmunseut
-L5TM
B B B B B B
Input Xy X9 Xz Xp—2 X1 X
Layer
:GloVe token token token token token token
(ag 2) 2 g7 Hetstes 2 72

Aol A ol FH FHL i
A

w5 mdo AA Q) PR <Y 2>

dolEE &
Ve g HEE look-up 3= fgqq 2 kst
© YHIE HE

o] ARE ekt

o SR O R 242 ByHow &
Bohe 295 Ay By gug ot
Ak RS 22, 92 oA Yol B4l ©
o2 el Zshd], B4l Wl o4 Ful TolE
o Ao} o]F Ful GojEe] YRS FUHO
2 AW 904 BEoR dedons, 24

HA| Bl R wglo] gopur,

QA7) Akshe Bl A P LS
= 2502 42 stacked FEjO|H, WF-E 3to]
W Fdsto R Ao nue 3ut 5ol
o]7]oll vj*] #A]4f3Hbatch normalization), =
o}$(dropout), ReLU 438} g4 2 80| 3
Hrk dEbgke] aks 2 axgfeto] Shgol
Hes Hix] AteE AAReH, B
A8t7] sl WA 2959 S AHAlS
TE SEEol28 AHAJIH

ReLU S48} 548 2 837]0] oA, 2t 2
ol TolBe sA the, olF Aitsiol
shte] Wg 2 gl AL 3519it) o]
e gl QWY Wee 3 4 glom, of
£ softmax A5} FH4e0] H8A1A 004 1 A}
ole] shew ALt HE oE ) A7)
2o dlole vlws, Heol T 3

lUH*

2

o

==}

I oL Yl ofl Tl

m>~
wt
5
re
=]
_‘>~l_
1y
fu
[>
2

u
HU
_\~_
g
@
[0)<}
s,
8



204 gH=lglolE=EA] A|5A Alx

cross entropy)E AHESH=T], o)== IATE A
Apeto] @abE ol WO R HEAE o
o|Ed}= vpAlo|th, o Auy} BAFo] oz Eyt
A Ad 2 dgE 4 A= sigmoid 2/} o
7k obd ReLU 243} gh5 ARESHA 0
oAl 1 Abo]9] Zh& WS} sigmoid o=
22, ReLU = 05T 212 ghold 05 High
Shal, 1Xoh =3 I gk 11’4% Hhgksth=e, o]
23t B4 9&ol 7le7] &4 EAE UE &
A o ATH24).

AT A= <3 3> 44 H GloVe YHE F2=
EA W2 AE3HE, LSTMI RNNS #lx]up
A REe] dug|For ARgsto] AR A
ol ol ey} vlwalYch ESE ReLU &
/\éil. [l = x%ﬁ_*s}._‘: =0 o]-o]_q LA J_]_X%Q_

o= S0

V. a7 2%

51 Agx A&

(E 5) HIX| AfO|=E M2, H|w 2E Z7to| Haie:

e ; w2 27| 64 Wz =7] 128
AA B9 Jes T FAAIZ| LA} 5, et 5% | 9= [922] 3% | 4= [q2=
Al 0] A& Al 3 S 2 /H;H 1o -Re-
TAFRL Ae A ERh W= S{"Sg; 0.6210 | 0.6313 | 0.5940 | 0.6593 | 0.6346 | 0.6007
<3t 4> Yo} Stk GloRe
Loppy | 06183 [06171 05847 0.5934 | 06171 | 0.5888
(H 3) Mot 220 Hjw RE G&?\f’ 0.3368 | 0.3921 | 0.3621 | 0.3255 | 0.3737 | 0.3591
ReLU 2a Glo-
Pl | oo a m BLSTM | 0-6426 | 06446 | 0.5917 | 0.6282 | 0.6321 | 0.5961
10 = G]o
A ot oFu}-3F " 10.6667 | 0.6263 | 0.5776 | 0.6423 | 0.6346 | 0.5907
il 0 ® ° © | Glo-Re-BLSTM LSTM
) LSTM Glo-
o LSTM | Glo-Re-LSTM RN | 0338703997 | 03758 | 0.3472| 0.3905 | 0.3752
0 RNN | Glo-Re-RNN
GloVe -
H| 1 T
- X | [gpy | GloBLSTM ALA}7} A9Fst W El(Glo-Re-LSTM) 2] A3t
X LSTM | Glo-LSTM =7 v BdEe] AEx div] 7R =4 o
X RNN Glo-RNN ko ReLU 3+4=9] Ago] wia} WA dup=

(B 4) DA 28

a7 a4 %
Input size 79
Max features 30,000
Batch size 64 / 128
Epochs 100
Activation function ReLU
Optimization Adam
Output layer Softmax

HlLal Tk ReLU B8 S48} g 24
3hA) b A WA Aol 27} 64, 1282
Glo-BLSTM 2] H|AE A3+E1= 0.591731} 0.5961
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EE R T o A EXC R £
o) 1282 WjX] Apo| =< EHA HAukHOR

HEET} PAEASS B
ReLU =5 A3} sl=2 Mx%glig ) 2]
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5.2 Fl-score A3

T HE &5 A% AES Fl-score= A|QF &
Dot vl e Zhe] win £ AAFien,
I A= <E 6> Ut Qith

ReLU 2HJ3} 5 #8517 2 Aol

W B ), wiX) Aol 27t 649l B9

LSTME 283 dojoln] FoA s FFEH 205

(& 6) Mt Hluw 2H Zto] 2F8 Zut &

e W2 7] 64 Wz =27] 128
= Fl- Fl-
AR | AEE | AU= AE& | A=
score score
Glo-Re-
BLSRM 0.6115 | 0.6163 | 0.6139 | 0.6436 | 0.6144 | 0.6286
Glo-Re-
LSTM 0.5778 | 0.5847 | 0.5812 | 0.5951 | 0.5860 | 0.5905
Glo-Re-
0.3751 | 0.4121 | 0.3928 | 0.3894 | 0.4091 | 0.3990
Glo- 0.5900 | 0.5857 | 0.5878 | 0.6036 | 0.5849 | 0.5941
BLSTM : ’ : ’ ’ ’
Glo- 0.5618 | 0.5824 | 0.5719 | 0.5886 | 0.5817 | 0.5851
LSTM . . . . . .
Glo- 0.3929 | 0.3758 | 0.3842 | 0.3605 | 0.3752 | 0.3677

Glo-BLSTM A&t= 0.5878%} Hljx] Alo]=7}
12821 A0l AIE 059412 Glo-LSTMT}
Glo-RNN¢| At B} ot F7H4 o=, 4]
Ato]zof whe} HlwskAl Fehe o} FALSHA 128
2 2do] ujz] Alo] =5 AAFS o, 64= A
e WEY dso] AT

ZF A Ae e vluPed, I A <E
7>RE| <3 1250] s} glck wjA] Ao] =7} 128
o o Anger 7H75-E| Surprise 717 7}4] 2] Glo-
Re-LSTM Fl-score-2 0.7033, 0.5441, 0.5762,
0.6948, 0.5401, 0.7090.2.2 Glo-Re-LSTM} Glo-
Re-RNN tiH] 71 =& g% Uehditth Glo-
Re-LSTM 2] uljz] Alo]=7} 64 ufj2] Fl-score

(H 7) Anger Zid B2 AWt H®

Hix =27] 64 Wix =7] 128
Anger | aeggus| U lgae|gus| -
score score
Glo-Re-
BLSRM 0.7203 | 0.6827 | 0.7010 | 0.7416 | 0.6687 | 0.7033
Glo-Re-
LSTM 0.7206 | 0.6526 | 0.6849 | 0.6953 | 0.6844 | 0.6898
Glo-Re-
RNN 0.4621 | 0.5884 | 0.5177 | 0.4196 | 0.4297 | 0.4246
Glo- 0.7055 | 0.6928 | 0.6991 | 0.7378 | 0.6547 | 0.6938
BLSTM | ’ : : ' ’
Glo-
LSTM 0.6998 | 0.6647 | 0.6818 | 0.6929 | 0.6888 | 0.6908
Glo- 0.5070 | 0.5803 | 0.5412 | 0.5144 | 0.5743 | 0.5427
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(H 8) Fear 4™ BER Z1t & (E 1) Sadness N 22 Znt ¥
W% 17| 64 WA =7] 128 WA =L7] 64 W= =7] 128
D EEEIE FEA e LI EE e e e | gue| T Igee|gus| T
score score score score
Glo-Re- Glo-Re-
B1 SRy | 0-3108 05212 05159 | 05681 | 05221 | 05441 BLSgy | 0:5222 | 05478 | 0.5347 | 05820 05039 | 0.5401
Glo-Re- 1 4504 | 05562 | 05032 | 0.5662 | 0.4378 | 0.4938 Glo-Re- | 5049 | 0.4157 | 0.4560 | 0.4665 | 0.4759 | 04712
LSTM | : : : : : LSTM | : : : : :
Glo-Re- . Glo-Re-
N | 02870 | 03988 | 03338 | 0.2846 | 0.3703 | 0.3218 RN | 03775 | 02145 | 02736 | 0.3495 | 0.2610 | 0.2988
Glo- 1 5266 | 0.4578 | 0.4898 | 05010 | 0.4819 | 0.4913 Glo- | 4867 | 0.4398 | 0.4621 | 05175 | 0.4810 | 0.4986
BLSTM | - : : : ' : BLSTM | - : : : : :
Glo- Glo-
LTy | 0:4872 | 04578 | 04720 | 04740 | 04759 | 0.4749 LSTn | 04465 | 0.4600 | 04531 0.4781 | 0.4739 | 0.4760
Glo- Glo-
| 0:2232[0.3012{ 0.2564 | 0.2668 | 0.2068 | 0.2330 RN | 03168 | 02570 | 0.2838 | 0.3246 | 0.2490 | 0.2818
(HE 9) Joy Zd™ ER &t ¥ (H 12) Surprise Ztd 22 Znt ®
WA =L7| 64 WA =L7] 128 Wx =L7] 64 WA =L7] 128
RANE LR LN T EIE E L P\ g gue| T gee|gue| T
score score score score
Glo-Re- Glo-Re-
B SRy | 0:3252 [ 0:5643 | 0.5440 | 0.5684 | 0.5843 | 0.5762 B1SRyp | 6807 [ 0.7129 ] 0.6964 | 0.7217 | 0.6967 | 0.7090
Glo-Re- Glo-Re-
Lory | 0:3364 [0.5181 [0.5271 | 04992 | 06205 | 05533 Lorn | 0:3476 | 0.6928 | 0.6117 | 0.6375 | 0.6426 | 0.6400
Glo-Re- Glo-Re-
RN | 02649 | 03755 | 03106 | 0.2882 | 0.3976 | 0.3342 RN | 04977 | 03169 | 0.3872 | 0.4870 | 0.4518 | 0.4687
Glo- . Glo-
BLamy | 04975 | 0.5864 | 0.5383 | 0.5797 | 0.5402 | 05593 BLomy | 6341 | 0.6647 | 0.6490 | 0.6236 | 0.6687 | 0.6454
Glo- . . . . Glo-
Loy | 0523805522 0.5376 | 0.5437 | 05743 | 05586 Loy | 0:5591|0.6747 | 0.6115 | 0.6503 | 06124 | 0.6308
Glo- 1 3150 | 0.4036 | 03538 | 03130 | 0.2169 | 0.2562 Glo- 1 3754 [ 0.2510 | 03008 | 0.3099 | 0.3635 | 0.3346
RNN el . . J D . . RNN . . . D . .
(H 10) Love ZX E52 AN} & 2 0.7010, 0.5159, 0.5440, 0.6887, 0.5347, 0.6964
Wx 7| 64 Wx =L7] 128 2 HjR|] Abo] 27} 128 wfjE T} tha "o Z] %]
Love | naie |gae S‘:;r'e Aee | gus S‘:;r'e ok oh2 Bl 2d gie] 93 AsS Bl
Re. Rel U &A135) 32~ 292 ox AE v
gi"s;; 0.7100 | 0.6687 | 0.6887 | 0.6795 | 0.7108 | 0.6948 = get e o ek EE ]_
Lt 3k 7ol vjx] Apo]zof A Glo] ReLU
0.6979 | 0.6727 | 0.6851 | 0.7056 | 0.6546 | 0.6791 o
LSTM 79106727 7 7 5 4833 1l 450l =2 A& ¢ = 9k
Gllglie' 0.3615 | 0.5787 | 0.4450 | 0.5075 | 0.5442 | 0.5252 olgigt A= FeF LSTMo| LSTMI}
} RNNQ| t+A-& 2}3}3) 1 o]3]o] ou|E A83d
Bf’sl‘;M 0.6893 | 0.6727 | 0.6809 | 0.6888 | 0.6888 | 0.6888 o = et 0114'_4 oS #-&st
AT =t JojA FE FHS golgto g BT A
LSTM 0.6545 | 0.6847 | 0.6693 | 0.6925 | 0.6647 | 0.6783 1(_)_% %__o‘___] Z,\_ 9\13% Xﬂ/\]@j_’t]’ H::‘:Sj_’ RelU @E_/\é
Glo- | 6199 | 0.4618 | 0.5293 | 0.4340 | 0.6406 | 0.5174 3} gk o] A8 oFHleE [STMO] Al A 119
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