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Sentimentvisual analysis of user comments based on multi-head attention
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[ Abstract] Emotional visualization serves as an important intelligence support for users to choose corresponding products or
services. Nowadays, the amount of text data of online user reviews is large, and it is difficult to obtain effective information.
Sentiment visual analysis of user reviews can provide an effective solution based on large—scale data analysis for user purchase
decisions. This paper uses the BERT embedding and the multi—head attention mechanism to improve the emotional tendency analysis
method of the interactive attention network, and proposes a Multi—Head Attention for Aspect—Level Sentiment Analysis ( MHA -
ASA) model based on the multi —head attention mechanism. It also visually analyzes the characteristic attributes that users pay
attention to and the emotional polarity they contain. Experiments prove that the MHA—-ASA model effectively improves the accuracy
of sentiment classification, can accurately extract the emotional tendencies of different attributes in user reviews, and visualize the
analysis results to capture the user’s attention and satisfaction of the product. It has certain practicality and effectiveness.
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Fig. 1 Sentiment analysis model of user reviews based on multi—

head attention
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Fig. 2 Overall architecture of MHA-ASA

2.1 BERT &#E

LSTM AJ DA7E — 5 F2 B b 22 ff 1 2k 6 % 1) 1]
L, TR R B B (5 R, (HLIX T 7 2 R |
R8s, BXELOIR T, S0 2519 BERT 2 1
FPA Y o7 (] 1 SR AT LADR A LSTM BBk IG.. &
Vol 1S SNk N AR S e R SRS B L
AN B R4 /NG SR 5, 718 25 /AL & 3 N
[ CLS]FI[ SEP ] A&, AN P 5 LA [ CLS ] i (432K
FRic) , LALSEP J 45 (B ARiC) , 5 [ CLS ] 4 MR}
Jo7 A HE A AR AT DL TR RS R 8 R A T 40 S



5 8 1]

MRt , 5. LT 2R EEALR A e &l o br 35

Sl A, BERT [ SBRm ATEBLANIE 3 FT7s

Input [CLS] my dog is cute [SEP] he likes play ##ing [SEP]

Eas Ew Eiw Eo Eae Esn Ew Eae Eupy Ews  Eser

Token
Embeddings

Segment
E. E. E. E. E. E E Ey  Ey Ey

Embeddings "

Position
.k E E, Ei E E E K E; K Ey
Embeddings

E 3 BERT BLEREINE
Fig. 3 The actual input value of BERT

2.2 ZLFEEHH

PRSI HLR A 2 ) A5 9] 2 ] B — )22
AT VR R AR R T 22 3k 10 R Il e ) T AEAN
[F) 2 11 722 48 T 1) 3 s o AR I 4 T Y T R 0 AR
B PP B R R AL R TR T 1

FR B G| A Z Sk T AL TR P TS
HE TR R RE R RAREEE L, AR
FH 223 P 2 MUK AL 22 MHA -ASA AR )
TR

2.2.1 I F3CHEEJI( Attention over Context, AoC)

Xof bR ] ] R R v g — A ) B AT A T
BIRAE Bl A —A>a) 5 a5 v ) A 1]
HREEHATIE R A BO 5, PR %) 5 4] 1 rh iy
FRARRY R LU 2 2] ) F B — A Bn) 5 H e
BRG] AR DG 2%, T A AR i A ) 0 & R A5 R A
RSN R uR D N W I DN I N S S R =W

FEM T,
r'=2Z7_,(E E). (1)

Hp, 2, RARZREEILHI(Q = K) ,E° Fom
R A

1E A B AR Z IS AR B 1] [ AORE V: 1
R SCERIR =, et HE R R BRI 4y
IR B
2.2.2  REEJ TSI (Attention over Aspect,AoA)

W RF S T ) [ SRR BT ST ] R Rl
TER a5 AR BN R O R TEE A B i
SRR R J T G ARR B . AT RAad s LR Oy st
A HA R E NS )7 T B AR R IE

= 0, (B ). (2)

Hr 0, FRZRFEIHI(Q # K) B TR
D5 T BARHRA

LB ER N AR5, B E
W H bR E R HA T SCHRE B AR o =
Jrod o FoH m AT AL A8 7 TR

a a
{rl,r27'“

R

T VR A A BBZ RO RS, X 1
BAE LT SR R LR SO F AR
s ¢ T BULIE, 0 S B LR 5
T SCH R ARV R TS 2 2 1 BAR
B = R b | AR = LR B
TR BHOARAS BT — 0 1 R % g e
Bl 35 B A T B

rjcl/zal = zhj/n’ <3)
i=1

Foat = 2 05 /m, (4)
j=1

r= I:r;inal;rjainal]‘ <5)

SR T HEAEZNE )2 r BB B AR C 22
e, B
X, =W -r+b,, (6)
x = tanhX . (7)
o, WA b, 3 F AU AR M A 22
RO F) 1 AR P 43 AT El AR R A SRS

exp(s,)
Yi = C ° (8>
2 kzleXp(xl-)

23 EWERSHH
AU FE B PEIREARE AR K SemEval 2014 Task
4150 Bl A P A ICAS UL, X SRR S A
TC A =R AR 1 R, PR A, e
2328 S UIZRE s A 638 2R F s , K HAE R FH
PR B BT A5 1) S B8R 4, W3 1,
*1 ZRERANLERESIHES

Tab. 1 Statistical information of data sets used in the experiment

Dataset Positive Neural Negative total
laptop—train 994 464 870 2328
laptop—test 341 169 128 638
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Tab. 2 Comparison of model results

Models Accuracy/ %
IAN[® 72.10
MHA-ASA 75.39
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