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Aspect-based Sentiment Polarity Classification
using Neural Network Methods
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Abstract

With the development of the times and technology, people are not the same as in
the past, that they need to check newspapers, buy magazines, and ask their neighbors
for information to know what they want to know. With the development of technology,
most people can use the Internet to check whether they have the information they want,

no matter it is restaurant reviews or the practicality of laptops.

The dataset used in this study is officially provided by SemEval-2014 Task 4, which
contains four subtasks: (1) Aspect term extraction, (2) Aspect term polarity, (3) Aspect
category detection, (4) Aspect category polarity, This paper conducts the second sub-
task study to judge whether the term words in the sentence are positive, negative or

neutral.

The experimental method of this study pre-processes the data and converts it into
the word vector as the source of input, and uses polarity as emotional label. Then Bi-
LSTM (Bi-directional Long Short-Term Memory), Self-attention and Two-level

encoding models are used to train the data.

Finally, to compare the accuracy of each different model, the results show that
using the two-level encoding method, the prediction accuracy rate is 82% for restaurants,

and 78% for laptops.

Keywords: Natural language processing, Bi-directional Long Short-Term Memory, Self-

attention mechanism, sentiment analysis, encoder, deep learning
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(B % %% p : Wallach, H. M. 2004)
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sgentence 1d="32897564#594303#2" =

<text:=The bread iz top notch az well.</text:
2/dentences

W 3.1 : SemEval-2014 Task 4 & Fa:%m |4 % A §= 5

14



<gentencess
<gentence id="3121">

<text=But the ztaff was =o horrible to uns.</texts=
zagpectTerngs

zagpectTern term="staff" polarity="negative" fromn="8" to="13"/>
<fagpectTermnss
zaspectCategoriens

<agpectlategory category="gervice" polarity="negative"/>
®) 3.2 : SemEval-2014 Task 4 & F:% 72 & B §~ &

<gentence 1d="1615"=

ztext=] bought thisz laptop on Saturday and am completely in lowve with it!</texts
</gentences
<gentence 1d="1670"=

stext=IT vou don't like fingerprints, thiz might not be the laptop for you.z/text=
</zentences

W] 3.3 : SemEval-2014 Task 4 3= 4] € "= H 7 F A b

" >

<sentencess>
<senlence 1d="2339">
<text>[ charge it at night and skip taking the cord with me because of the good battery life.</text>
<aspectTermss>
<aspectTerm term="cord" polarity="neutral” from="41" to="45"/>
<aspectTerm term="battery life" polarity="positive" from="74" to="86"/>
</aspectTermss
</sentences

W 3.4 : SemEval-2014 Task 4 £ 3 3] T #a:™hm T4 # B 4 5

b
1y
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EWEEY AR Y 3 3F 5% 2 % 0 bl4e Accuracy ~ Precision

Recall ~ Fl-score * ¥] 2 SemEval-2014 Task 4+ % ? F B~ Accuracy § (TG in
o AT AT . 8% Accuracy § (T AR S TR 2 5V kg Accuracy 2.

o WA RS 2 0T
N = TPI+TP2+TP3+FP1+FP2+FP3 8)

15



TPL+TP24TPY o

Accuracy = £

0N AR T ] nfk A e TPLS A TFRIE 6 0 A A de
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TP2 TERIE & & FEtk M ¥c
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AIE 4 6 A G Embedding » %5 R 3 T 0RA IO T OB~ 62 K
PAc b AR R Y s B £ @zt 2 Two-Level Encoding i & B § 27
F-Be B3 A8 AEHF - Bo wid ¥z il A FWME

HAcF3.547 7 o

Decoder

Bi-LSTM Layer
Term Vector
Hidden Vector
Self-Attention Layer Hidden Layer
Encoder
. Encod

Hidden Layer e

Bi-LSTM Layer
Bi-LSTM Layer _
Hidden Layer
Glove Glove
BREREVDERTH 1 3] Decoder
Bi-LSTM Layer
Polarity Softmax Layer
Hidden Layer
Positive, Negative, Neutral

W1 3.5 7§ % A AL
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EW32 W3A4Y 0 F e GRS - B A6 e R G op R R
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TR AP R FRTREES A RN ETENRE N R BT

N

FEE - B A FA AR F o A322 £337 id FRIRET RO
Boood W EHEGE S o TR R I N4ASTE e 3 R EIR o text & F AT
FHmoterm F o w0 d - BIEHRTV ARG S fAm e o Ao R3320 w0 &
¥ F e AL - TS, o e term fF e ﬁ“'FS% e » polarity LE - Bk

e 3 R A iR o

32 B RITHPIRETEER

id text term polarity
0 But the staff was so horrible to us. staff negative
1 To be completely fair, the only redeeming factor was | food positive

the food, which was above average, but couldn't

make up for all the other deficiencies of Teodora.

2 The food is uniformly exceptional, with a very | food positive
capable kitchen which will proudly whip up
whatever you feel like eating, whether it's on the

menu or not.

3 The food is uniformly exceptional, with a very | kitchen | positive

capable kitchen which will proudly whip up
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whatever you feel like eating, whether it's on the

menu or not.

The food is uniformly exceptional, with a very | menu

capable kitchen which will proudly whip up

whatever you feel like eating, whether it's on the

menu or not.

neutral

£33 LT nimhplRETRER

id

text

term

polarity

I charge it at night and skip taking the cord with

me because of the good battery life.

cord

neutral

I charge it at night and skip taking the cord with

me because of the good battery life

battery life

positive

it is of high quality, has a killer GUI, is extremely
stable, is highly expandable, is bundled with lots
of very good applications, is easy to use, and is

absolutely gorgeous.

quality

positive

it is of high quality, has a killer GUI, is extremely
stable, is highly expandable, is bundled with lots
of very good applications, is easy to use, and is

absolutely gorgeous.

GUI

positive

it is of high quality, has a killer GUI, is extremely
stable, is highly expandable, is bundled with lots
of very good applications, is easy to use, and is

absolutely gorgeous.

applications

positive
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it is of high quality, has a killer GUI, is extremely

use positive
stable, is highly expandable, is bundled with lots
of very good applications, is easy to use, and is
absolutely gorgeous
FISIFERERE G E

5 Gyt F SRR PR B L RSN SRR § R &
PIRPEE 0 AR PRITALRNER o om EFRELFTE > A & Python ik
Pw i oA E N (re) k) f%ﬂ%?j B2 cF e

’

B B AR

ES

:l'J L ;\‘
Mext =re sub("[*A-Z a-z0-9]" " ", text) | > it - .y ? e
F o4k 348 £3.5497

340 RBUTHN B2 SRR
Y T ,

Ok, so the servers wander around a little clueless, but
there's more than enough servers for the crowd they get --
it's

it's fine, you just have to make a small effort to get their

attention.
ERITHPN 52 “ﬁct 1£ | Ok so the servers wander around a little clueless but there
2L {4 5L

s more than enough servers for the crowd they get

attention

its
fine you just have to make a small effort to get their
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%“ 35: é— i]ﬂ., t’JF FWF\ z,»—i“f‘}f%'——,ﬁ‘%?ﬁ%fb
4o & 3 A R %% | it is of high quality, has a killer GUI, is extremely stable,
N R is highly expandable, is bundled with lots of very good

applications, is easy to use, and is absolutely gorgeous.

it is of high quality has a killer GUI is extremely stable
is highly expandable is bundled with lots of very good

applications is easy to use and is absolutely gorgeous
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A
Y
|
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|
8
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_
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e
T
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=
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W
P
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3
-
A
IR
ES
|
I
$

H-5 Stop Words(is ™ 37) » # ® §Rit § = ebfhst o gRRd 43 AT o B L
MR R DR A - AP e o

A7 ¢ * Python nltk 2 & # 3

B f AP e AT B

Ze4rd3.6%7m 0 £ 3 178 iR % 3 0 B S R M AT, AARBEE LA B kg

% 0 4ok 37% £3.89757 o

% 3.6 : NLTK % * 3 4

I Me My Myself We Our Ours
Ourselves You You’re You’ve | You’ll You’d Your
Yours Yourself | Yourselves He Him His Himself
She She’s Her Hers Herself It It’s
Its Itself They Them Theirs | Themselves | What
Which Who Whom This That That’ll These
Those Am Is Are Was Were Be
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Been Being Have Has Had Having Do
Does Did Doing A An The And
But If Or Because As Until While
of At By For With About Against
Between Into Through | During | Before After Above
Below To Form Up Down In Out
On Off Over Under Again Further Then
Once Here There When Where Why How
All Any Both Each Few More Most
Other Some Such No Nor Not Only
Own Same So Than Too Very S
T Can Will Just Don Don’t should
Should’ve Now D 1 M O Re
Ve Y Ain Aren Aren’t Couldn Couldn’t
Didn Didn’t Doesn Doesn’t Hadn Hadn’t Hasn
Hasn’t Haven Haven’t Isn Isn’t Ma Mightn
Mightn’t Mustn Mustn’t Needn | Needn’t Shan Shan’t
Shouldn | Shouldn’t Wasn Wasn’t | Weren Weren’t Won
Won’t Wouldn | Wouldn’t

% 3.7 BRBRiTH2 % EBL B Z iR P

BEE R G

Ok, so the servers wander around a little clueless, but there's

more than enough servers for the crowd they get -- it's fine,

you just have to make a small effort to get their attention.
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3 “,ﬁ% & 2L 13 55 %2 % | Ok servers wander around a little clueless but enough servers

* R RIS N crowd get fine make a small effort to get their attention

% 3.8: %i;a;t] " ‘f’JF F/W‘:J‘i KT*%%&’?;%D{K i ;"TJ

F 4 & 25 3] 7 "% | it s of high quality, has a killer GUI is extremely stable, is

HR R highly expandable, is bundled with lots of very good

applications, is easy to use, and is absolutely gorgeous.

3 "$ &2k {3+ 55 % iz | high quality killer GUI extremely stable highly expandable

AE 2] T e bundled lots good applications easy use absolutely gorgeous

A8 R &

_} g:;l i)'a.s}:ﬁ]sil%\?/‘— 1@3{]5 ’ "'-rlj -jtl;ﬁ-tj-i- fé?‘ Ff’m*ﬁri}d\

TA RS  BEFEESI TR E o FBA A L EREE o R ER
R £3.99F 0 REIER AT L% 5[02,0.7,0.1] BT UFERE 6 FR A

FERNEEF I G ARG RIS PTIRRINE S S L 5 T o e A 4TIE
Rlehig % 2 Tt » BEF A B E L AR Ep BT FY

7 0 BTN EIER A SRS TTRRIE SR TSR AR ) o
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% 3.9 TR HHREIEEHR A

W R et A5 v
i +1 [1,0,0]
i —1 [0,1,0]
Ty +0 [0,0,1]

4% » (Word embedding) e p #R3E 5 R ® 220 B L@ % - J P> 1B
penf %7 ﬂ&-ﬁ%])xmv—ﬁ’f A+ EEASE o TR ERETE > ETE B A
s R IR fer)

P GRS A B B k2 3 3P B3] (Bag-of-Word)( Zhang, Y.,
Jin, R., & Zhou, Z. H. 2010)1 %2 44 %45 (One-hot encoding) » 3# K i3] 2. iz &
- RO FIL I RRFPR T EGERE- BRI BRI G 03
WFORREM G R gp o e ARE S B Rl g Y

EERGY R B EFEI RN v R OEKE k22

(i

PREEDTE o pieBRe R Ao C HRPFE G- BREAZ]L HAER L0
4cF & ¢ F 3 positive - negative ~ neutral > BT e £ F A5 4

positive =[1,0,0]

negative =[0,1,0]

neutral =10,0,1]
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A fER o hiE Y B LY R REFH <A 2 AT
FEBFRT G ST BEFRFR Ei)}*ﬁ%y@% MRS EH A HT
e f S AR e BRBAY  BREBF LY F1000BFR 0 KA -
B ALF 9990 FRAF DRI o b p RFT ALY F 7 AL aE LA

i‘-@ , EJ A% é?‘gj%j’)\;‘;”l nlé‘}:’,\g;iﬁjfﬁgfﬁ& ) b”-f—_l',(&llﬁl") E??j‘\_é/g‘f’)? "g; ’ SE.,{
S F v ¥ ¥

SRl AT RSN Word2Vee (Mikolov, T., Chen, K.,
Corrado, G., & Dean, J. 2013)#-%| 72 2 Glove (Pennington, J., Socher, R., & Manning,
C.D.2014)#-3] -

Word2Vec ¢ Google **2013# Tomas Mikolov % % # 1 » 1 & p ehF -5 3P
Eigre R LEvPhFE  BEFY A EYATHE  EFAPNASNET R
T ePFEHE > Word2Vec * 3 & fA 3] 0 A W i CBOW #-3](Continuous Bag-of-
Word Model)(Mikolov, T., Chen, K., Corrado, G., & Dean, J. 2013)# Skip-gram 3’

(Continuous Skip-gram Model) (Mikolov, T., Sutskever, I., Chen, K., Corrado, G. S., &
Dean, J.2013.) » CBOW &2 _F F = {4 » %?ﬁiﬁ'lﬁ%l x e 3 0 @ Skip-gram R E_%

T~ DF RS 0 RIRL T2 AeBI3.677 0 e 3 B R E PG AR 0240

Glove (Pennington, J., Socher, R., & Manning, C. D. 2014, October.) &_#&** > &
AR AR £ o - BHEPAES - Bl F I e 2R HGE R D
o e Tanty > kP E N EP2Z Fang e it > Glove % & LSA v

Word2Vec 25> f1% 534 2 segh et & 0 3 W B B0 % R0
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PR R R PG WA R 0 L 2 @ Glove BIIF 4 & T L ATEL e

=

7

e

PR R L GFRESBYRAR I AP REEBRY FR Y

DR WG A AL~ 4845~ Common Crawl ~ Gigaword 5 124537 # # g » 5|
4 400K ~ 12M ~ 1.9M ~22M » # @ % & * glove.6B? T 4145 % » 6B 5 £ & * 60

RenE BB 0 £ 400K 5 d 0 F e & 550~ 100 ~ 200 ~ 3007

B W@ T o 2 A AT P

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT

w(t-2) w(t-2)

w(t-1)
L \SUM
—-—’7 w(t) w(t) F—bT

%

\

w(t+1)

w(t+2) w(t+2)

cBOwW Skip-gram

W 3.6 : CBOW £ Skip-gram -7 % 4{#1%]
(B % %% p : Mikolov, T., Chen, K., Corrado, G., & Dean, J. 2013)

F_&
#
=)
=
N
“
i
F
bi
ﬂ
&
N,
e
s
é-f-
fﬁg
&
e
&
3
=)
=
X
!
I+
Lo

P T FRESEFAE XA TR AHTR TR AL F

2 https://nlp.stanford.edu/projects/glove/
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U éﬁ% AP s AR g * Word2Vec 11 2 Glove 4 -+ - #0732
BB ERS AT B 2 g o

g R R BE R S 0 AT RCR R T i F R A S 0 T
dodk LG B IR R 0 Bl € # % R L (Zero-padding) k i (7 AT > F FA

s B 0 deB3T R o

WA R R

AEHHE

EICE RAFRR

EEE

A
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Fr el R

B v & ‘24 = 4 (Bi-directional Long-Short Term Memory) f§ # Bi-LSTM

(Lample, G., Ballesteros, M., Subramanian, S., Kawakami, K., & Dyer, C. 2016)d =

‘“—%

o LSTM £ {5 % LSTM 2 & » LSTM i8R ™ 8 ¥ 5] F & s pviet € & 1
FHLREF R g 2@ S LSTM Rivd Eod HHFR ¥
BREAESL B Ga@me e @l 28 223 FRAFOH %
F] b % i Bi-LSTM % fi#& » Bi-LSTM j&_% |+ - =& LSTM + &% 5] = | -
= LSTM » d *+ - & m%]ﬂ:‘:;% BT -k _‘rﬁﬁz;‘]%#:‘::sﬁg?ﬂg s BHEE Y S R T
LR E] AP BB 5 0 41384
AR R R R R el e RIS L E il %R

F#E e F R o

iR 7

(P yrev U ey U e B v
i

$ LT

W 3.8: vk E@leRirdl i
(B % %% p :Xiang, J., Qiu, Z., Hao, Q., & Cao, H. 2020)
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% 1 & Encoder-Decoder

Encoder-Decoder ¥ 7 & - B#-%| » @ - B1=% - Encoder-Decoder ’éﬁf#ér
BI3.0%T7 » B p RF7F I SV AP ERTF -2 HFLEE > ¥
EH v A E S EF ORI P BB R R LR N A AR O
¥ 42 > = §_ Encoder-Decoder # = =f¢ %i&{gm KN EE = S fia{mg ﬁ%l N L
LEE 0§ ERA LR -

% 1 f#/4 Encoder-Decoder 3 & 4% % e 3% > € £ 4o+ Attention # 4] % f /4
TR 5% & Encoder-Decoder tf— Axi® * » 224 - BLE 4 hfp - &
PR IRT Ry R ML P RS R M SRS E LT - B e

bed Aftention e | T3 P B 0 BTG by~ ke - B A RNE R

I RS - B o) . | ﬁ_ﬁiff-—ﬂ; G Al IR Su A ) 'k)xﬁ’r:‘%,‘g;o
= RN ) = J F J 4

99

Decoder

Encoder y € |

1 1
) (=) (») ()

®] 3.9 : Encoder-Decoder 1‘%
(B % %% p : https://blog.csdn.net/u014595019/article/details/52826423)

29



A Sk eniEAL? 0 5 * - & ¢h Encoder-Decoder enifFE B A2 i T A1
Heho e 2 A v iR Y ¥ HETEE S AT ERER Y A KD
Encoder-Decoder » i ® £ — & Encoder-Decoder ‘' # £ £ 1+ » — & ¢ Encoder-
Decoder #-3] 7 H4-B]3.1047 7 ©

FoE R 4023103312977 > &3 BCA| pF &2 — k& i Encoder-Decoder 4p
% & ¢ Encoder-Decoder ¥3t Training loss & 105/)%;]5%7& PR AT
o4 A 31047 A REFER NG 0 AR BT S K 31T Eh Y o 6

& 11 Encoder-Decoder &2 — % 57 Encoder-Decoder g+t = & % 3% 5 > 40 £ 3.11 ~ %

3129757 o
Decoder
Bi-LSTM Layer
Term Vector
Hidden Vector l
Self-Attention Layer Hidden Layer
|

Encoder |
Hidden Layer

- Softmax Layer

Bi1-LSTM Layer Polaity [ @ @ @
Glove Glove

Positive, Negative, Neutral
B H T AT ) 1437

B 3.10 : One-level Encoder-Decoder 5% 7%
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% 3.10 : Encoder-Decoder ¥ Two-level Encoder-Decoder 2. Training Loss " #&

Time Loss
(seconds) One-level Encoder-Decoder Two-level Encoder-Decoder
10 0.4627 0.4216
20 0.4295 0.3792
30 0.3887 0.3610
40 0.3716 0.3545
50 0.3684 0.3392

% 3.11 : Encoder-Decoder ¥2 Two-level Encoder-Decoder % Bai®#h & Fx & v© 2

Accuracy

Encoder-Decoder

Two-level Encoder-Decoder

0.7817

0.8267

% 3.12 : Encoder-Decoder 7 Two-level Encoder-Decoder

2304 TGk AR

Accuracy

Encoder-Decoder

Two-level Encoder-Decoder

0.7581

0.7863
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-5 RERR

A F U pythonF 3 HEBARN > FHRBE TR A0A41% 242

%241  ARBEF RS

5 2t
vk g2 R Intel(R) Core(TM) 19-9900K CPU @ 3.60GHZ

=R 16GB

Baor + NVIDIA GeForce RTX 2080 Ti

F 4.2 BT RR
3g P Rt
T¥ k% Windows 10
BES Python
=5 Tensorflow 1.12.0
R B Anaconda ~ Jupyter
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AT RIS 2 R R E LA T R 0 e B ek A D
P RET > P Ee L @R 0 W2 BEe LB R P et
PilE AR iE g0 {8 @ * Two-Level Encoding » % - * 7 | & 2

Pl RE LA 2% OB ERE AP FHREIPRE 21 A% kO

H

.—tJ » H #T#.?]-&r?]4l§lj45uﬁ-fr o

Polarity

Softmax Layer

Positive, Negative, Neutral

Hidden Layer

LSTM Layer

Glove Glove
RRAERZY TS @ ¥

Wl 4.1 1 LSTM #:4) % 4
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Polarity

Softmax Layer

Positive, Negative, Neutral

Hidden Layer

Bi-LSTM Layer

Glove Glove

PR R E R THTH 0 1 37

W 4.2 : Bi-LSTM #-3] % #

Term Vector
Self-Attention Layer Softmax Layer
Hidden Vector
Hidden Layer Polarity | @ @ @

Positive, Negative, Neutral

Bi-LSTM Layer

Glove Glove

BERRELHERITH 0 1) 3]

] 4.3 : Bi-LSTM + Self-Attention #-%] 78 1
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Term Vector

Hidden Vector

Self-Attention Layer

Hidden Layer

Bi-LSTM Layer

CRF

Softmax Layer

Polarity . . .

Positive, Negative, Neutral

Glove Glove
BREAFLAEHTH ) 15 37
W 4.4 : Bi-LSTM + Self-Attention + CRF -] % #
Decoder
Bi-LSTM Layer
Term Vector
Hidden Vector
Self-Attention Laver Hidden Layer
— |
Encoder |
: Encod
Hidden Layer Heos
Bi-LSTM Layer
Bi-LSTM Layer .
Hidden Layer
Glove Glove
L ] @ 51 Secodor

Polarity

Softmax Layer

Positive, Negative, Neutral

Bi-LSTM Layer

Hidden Layer

Wl 4.5 : Two-Level Encoding 13 2& 4{#
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LR AP BB AT e r Sk kR A R b
Wre R » A% 5 Word2Vec 1% Glove » 13 ¥ 2 @B B GFFH > LT
N P RRTHEA RS L 0 d 24374460 0 T U dE - B
BR2005)3002 B REFER S Bk 0 B AT R PIEF - BHEAIAR Bk

BT ATIRAEE 0 4ok 475 4410477 o

% 43 @ * Word2vec @74t » o EJL T 87+ F H3) BFE B (R F)

A Wi
#3
50 100 200 300
LSTM 0.6955 0.7062 0.7235 0.7385
Bi-LSTM 0.7184 0.7324 0.7410 0.7517
Bi-LSTM + Self-Attention 0.7458 0.7537 0.7602 0.7643
Bi-LSTM + Self-Attention + CRF 0.7687 0.7759 0.7781 0.7808
Two-Level Encoding 0.7764 0.7753 0.8056 0.8198
% 4.4 : # * Word2vec 3 q} RS2 8 A B R (L7 )
FA @R
i
50 100 200 300
LSTM 0.6552 0.6694 0.6957 0.6852
Bi-LSTM 0.6744 0.6853 0.6958 0.7121
Bi-LSTM + Self-Attention 0.6982 0.7181 0.7389 0.7260
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Bi-LSTM + Self-Attention + CRF 0.7427 0.7407 0.7621 0.7508
Two-Level Encoding 0.7532 0.7597 0.7639 0.7837
% 4.5 : & * Glove é?«?}\ > RJET AR R B R (R R)
FA R Wi
3l
50 100 200 300
LSTM 0.7217 0.7241 0.7443 0.7452
Bi-LSTM 0.7357 0.7468 0.7501 0.7524
Bi-LSTM + Self-Attention 0.7321 0.7458 0.7552 0.7679
Bi-LSTM + Self-Attention + CRF 0.7611 0.7814 0.7743 0.7852
Two-Level Encoding 0.7550 0.7803 0.8267 0.8182
£ 4.6 % Glovei @t » % A2 T f8 7 2 B/ (£33 7 %)
PR R
Al
50 100 200 300
LSTM 0.6414 0.6683 0.6891 0.6992
Bi-LSTM 0.6777 0.6950 0.7113 0.7167
Bi-LSTM + Self-Attention 0.6843 0.7092 0.7266 0.7411
Bi-LSTM + Self-Attention + CRF 0.7302 0.7422 0.7569 0.7647
Two-Level Encoding 0.7433 0.7681 0.7727 0.7863
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%4.7 1 &% Word2vec ¥ 4% » i 2T &7 I 3 U (R o)

o
A3l 50 100 200 300
LSTM 414 43%) 44 %) 464
Bi-LSTM 44%) 47%) 48%) 50%)
Bi-LSTM + Self-Attention 1= 11%) 1= 14%) 12 18F) | 14#23%)
Bi-LSTM + Self-Attention + CRF 1~ 34%) 1= 38%) 14 44%) 14 51%)
Two-Level Encoding 42 47%; | 4&54%; | SA1LE | 54 28%)
%48 i * Word2vec 374t » % &JLT 87 o B9 RPF (L322 % %)
2R
3l 50 100 200 300
LSTM 344 354 3745 7
Bi-LSTM 3547 37%) 39%) 41%)
Bi-LSTM + Self-Attention 50%) 54%;) 59%) 1~ 08%)
Bi-LSTM + Self-Attention + CRF 14 04%) 14 07%) 14 16%) 142 24%;
Two-Level Encoding 45 23%) 44 35%) 45 46F) | 44 58%)
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%4.9 &% Glove o4t » % LT fE7 b HCZ]2" P F (% Fo)

7R B
w3 50 100 200 300
LSTM 53%) 54%) S57%) 594
Bi-LSTM 564 14 00%; 14 064 15 13%)
Bi-LSTM + Self-Attention 14324y 14 39%) 14 47%) 14 56%)
Bi-LSTM + Self-Attention + CRF | 1450 | 14574 | 22064 | 24154
Two-Level Encoding 54 23%) 529%) | 5&45f) | 5~ 58%;
%410 : ¢ * Glove ;\?’ﬁﬁ% >R T fAR R RPERF (LA T %)
PP wR
3l 50 100 200 300
LSTM 444 ATF) 514 564
Bi-LSTM 52%) 57%) 14 02%) 14 10%;
Bi-LSTM + Self-Attention 1= 21%) 1= 24%) 1235f; | 14#42%)
Bi-LSTM + Self-Attention + CRF 14 38%) 14 44%; 14 53%) 24 04%)
Two-Level Encoding 54 11%) 54 17%) 542945 | 5440%;
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R R

437 44.6°% FoEFH T 0 AW 1;],\7\ R4 > 2 * Glove ;F’ﬁk'\)‘ » 13
Word2Vec 3744 » vt > Brg R 3R s 2 5 G HCR]cneta o d St R el s e

Aradedd FHBFR A pfFe L BY R 7 G 20 KT

¥

TEELHFTN KRS ES AP E L EH RN SRR KT
FUKFREEFR B @Y RIS AR Bl e m R
BEEFOR > J LV Eae L w2 R iﬁd AR BN e
BpER o 2P %> A PmaREF R LARSOFERAE Tk 5 54
@ 5200513002 B e i o BFRER LG 4 0 A 45F g IR B 200pF 0 B
FER VAR A300F ke B g EAPL MR ART N € S B AE
" o

AF B+ ¥ SemBEval-20141 748 =47 FEpernt - 2 B § & 7 i eh
B Pl Fr R chvt 0 & SemEval-2014% # v ¢ 0 % - % DCU (Wagner, J,
Arora, P., Cortes, S., Barman, U., Bogdanova, D., Foster, J., & Tounsi, L. 2014) & f} &
% = % NRC-Can (Kiritchenko, S., Zhu, X., Cherry, C., & Mohammad, S. 2014) & F3 >
" A * L ¥ % & #(Support Vector Machine)(Cortes, C., & Vapnik, V. 1995) » i #i-
SVM » ¥ vl js B m g V% > ey EvFP Y SVM 2 27 A% *“%&,E\"‘Fﬁ‘
A R I B AR RR - SVM S F R S A
HGEER O BN SRR ZPRI AT IR ALY R e £
B R/ A A IR A BFIT S5 S Two-level Encoding » # ¥ 4 2.3 { 4%

e AP TR G EA DRERBOFP oo N L TR ﬁ_ﬁ.]@_gﬁfo



HFATEARY Wl g N Am RN PP RS ZEFILEOTRES -

% 4.11 : SemEval-2014 % i+ - Lt B} E 29 %2 Bm i

N B 5 Accuracy
! DCU 0.8095
2 NRC-Can 0.8015
3 UWB 0.7768
4 XRCE 0.7768
> SZTE-NLP 0.7522
6 UNITOR 0.7495
7 UBham 0.7460
8 USF 0.7319
9 UNITOR 0.7248
10 SeemGO 0.7231

Our 0.8267

% 4.12 : SemEval-2014 £ 54| 7 "ai®%kaw - B Ipe A9 52 B

AEN ] i Accuracy
I DCU 0.7048
2 NRC-Can 0.7048
3 SZTE-NLP 0.6697
4 UBham 0.6666
> UWB 0.6666
6 Isis_lif 0.6452
7 USF 0.6452
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SNAP 0.6406

? UNITOR 0.6299
10 UWB 0.6253
Our 0.7863
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FoE-Baw@PR A F AR o

BT 0 1A E A 6 %P 32| 4ren- A Eq] > & SemEval-2014

FOFREE Y KK 6T - LG o AT PR R S R R

& peo @ ERBEMRTE o T AF BRPIEF SRR 0 2 ek S 2
R SO kD% A BE RN A h S Al N R G S NI
# 4 Wt SemEval-2014%F = FTH & § 7 > 7 F L& fih & F L2337 e
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LR RERY VR A LR NP R VREFNOORR
BB ap i T4 7 3 SemEval {v Sentihood » ¥ FAl L #cf 2 £ 2+ & » A

REZ A8 & 2 BRI AR ehd $O0P% G w0 47 0 R G w i {8

Bt

=1

PR R FHPRTHORLE BASE TR § (5w

&

BRER IV € F FAFPhEA > 4 FF i fg8* { % i) > 64 @ TD-

d

LSTM ~ TC-LSTM - ATAE-LSTM % % > %% 7 I e U3 A mE B 30 A 27
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