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 E. o @8 B (aspect—based sentiment analysis, ABSA) § /212 5| LA P A P 4
THEZ TR LGN EAZE, TR G @A FIEA HERBEE S TE AAFAK S £
EMRIALS, B T A AF M AHIERE, AEAREFEL. LT S AR EERM %
P W R S LA T R S AT AR SRR A HEAE  R R A S E & A AR AR F 2T 1) 0 X
AMESH, X AEL G AABELBZEHBDA S IEw ;AR BERBEFELIS
HAE RS, RA T IS @ ARE - AE - A e B A B IR T P 2 4R R AT R
4#%%, FR 2 R AV, S AFIE A E BAR P 0 T R Z UL B Ty R A R T R K &y

EARAAERIL, RAT ZAAE AT ML T, 4T = UM MIBAE S0 5t ) B F 4L

FIA A AR
KGR RO B AT ZE N & M ARARIL; ST SHEE S RS
FESZES :TP391 XERFRERS: A

Sentiment Triplet Extraction Method for Multi—feature Weighted Graph

Convolutional Networks

HAN Hu, XU Xuefeng',ZHAO Qitao, FAN Yating

(School of Electronics and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Aspect—based sentiment analysis (ABSA) aims to identify users’ opinions expressed about specific
text aspects using elements such as aspect words, opinion words, and sentiment polarity. However, the existing
research mainly focuses on individual tasks, which neglects feature interactions between different parts and causes
error propagation issues. A sentiment triplet extraction method based on a multi—feature weighted graph
convolutional network is proposed to jointly model multiple subtasks. Then, a double affine attention module is
employed to capture the relational probability distribution among word pairs. Additionally, prior information such as
text semantics, syntax, and location is encoded into multi—feature vectors. Finally, graph convolution operations are
utilized for achieving multi—feature fusion and realizing the joint extraction of aspect term—opinion term—sentiment
polarity . Through the estimation test based on 2 benchmark datasets, the experimental results reveal that the
sentiment triplet extraction method based on a multi—feature weighted graph convolutional network can effectively

alleviate the error propagation issues in pipeline methods. Moreover, feature interaction among each factor of the
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HEE&WH: BHEARFFILE B H (62166024 ) , National Natural Science Foundation of China(62166024 )
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triplet set is proposed, and it is proved that the model in the current work performs much better than the previous

benchmark model at triplet extraction.

Key words: sentiment analysis ; graph neural networks ; grid tagging; biaffine attention ; joint extraction
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W OrmAR, B W) =JtdHFE L.

weather was
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1 2NOUN 3AU

|
1 0 root DET
I
I

T AR . [weather, food]

B 1R TE 45 58 SCA T, ATl = 0 4 (weather,
gloomy, NEG) #ll (food, tasty, POS), H:H', “weather”
“food” Ky 77 1l AR 1 , “gloomy” “tasty” N & WL AR I,
NEG FI POS 15 Bt 1 .

root
nsubj
o) §_ oy l l
gloomy
41AD

5 CCON.

sub, H
o detj ng:—J(*()p l '

but ﬂ the foodN‘ ' was tasty | !
6 DET [7NOU 8AUX (9 AD]) !

RILAIE : [gloomy, tasty]

JTHE =04 . [(weather, gloomy, NEG), (food, tasty, POS)]

B 1 @ A= AR 5 HE )
Fig.1 Example of the ASTE task

J7 TG T = e 4l A I /K 2k 325 (PipeLine ) il
K5 (Joint) WA AR J5 2 . Wi /K £ o3 i) G T
H s SCA B J7 T 2 WA | 4 =385 N2 40
WAL, VARG AR 55 v B AR AR 2
FIBFFEE )2 KTE B AN : Peng 452244 ASTE AT: 55
Sy WY Be e i, 56— B Be ) e & 1) X ] 4 e
12 W 2% (bidirectional long short—term memory net-
work, Bi—LSTM) Fil K] %5 FL W 2% (graph convolution
network, GCN)#Ric i SCAS 1Y J TH — 17 8% %t Fl & I
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85— 10 A2 AT 55, AT 9 37 9 1 01 2 Y
BART (bidirectional and auto-regressive transformers )
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(convolutional neural network , CNN) Fy# Y H 58 3 i<
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SEAH, TICHEAE A AN AR AR Y 224 B i e 3k
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Zhang S5 YR YRR E O D R] A AR R 4%
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Tab.1 Meaning of grid tag’s relationship
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NULL N AR Cao, 10 ) AAFAE S R

RAEBLZE A ht T 2 A 2 5 3oL
2.1 [EBENX
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Fig.2 The illustration of SPW-GCN model
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Fig.3 Example of multi—feature enhanced representation
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T LA SR DL, 565 I BOR iR A 4325485 (PD) 58 1L
ERL.

Peng—unified—R+10G"™ : 55 — B B fli H Peng—
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55 B B Al TOG RSS2 8 A 35 T % 17 ) 238 D
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TE5E — 4158 ASTE-DATA-V1 |, A SCAR
()3 R M BB AR TR FH A& B i 1 8 1 S'E2 F1 GTS—
BERT, 7 Lapl4 I F 43 545 1 6.76 4~ A 43 wi Al
4190 H 4015, , #F SPW-GCN 5 S’E* GTS-BERT 7 4
BRI TN LR, & BAR SCREARY Y 4
R e T B RE T 4S, U] SPW-GCN A £
W) = ot B se &, A bk B 2 4RE{E B 0k
L ENiOTye

25 M LT IEME R Peng—two—stage T /KZR 7k, F,
FEARF 4L 5 T 15.84 4 4 A, X & H R BERT 4
T3 5 b Bi-LSTM Zifidh 1 77 ik PERE B 47, e Hh
5K B8 PR RE T 7R (1 BERT 4w fih g A
OTE-MTL fl GTS-BERT [ #5 ic 7 £ 5 £ A% H Fr 2k
o1, {53 /& SPW-GCN 7¢ W 4 B 48 19 F 394543
23 50 Y GTS-BERT 2.15 11 3.45 4N 1 43 45, . X Fh 2
FHIE P F SPW-GCN R A s 25 i 71 41 £k 24 o o3
W, G o b R B3] 2 8] ) 56 R R AT IR X DL TR, 2
> 7 TR LA IR e

Xt BT RO BMRC A BART-ABSA , PERE T
KM Ik, BMRC E242 25 THEH T 3R
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Tab.4 Comparison results of different models on ASTE-DATA-V1 dataset %
. Lapl14 Rest14 Restl5 Rest16
P R F, P R F, P R F P R F,
Li-unified-R+PD"*’ 42.25 42.78 42.47 41.44 68.79 51.68 43.34 50.73 46.69 38.19 53.47 44.51
Peng—uniﬁed—H+P|):8] 40.40 47.24 43.50 44.18 62.99 51.89 40.97 54.68 46.79 46.76 62.97 53.62
Peng—unified—R+]OC[8: 48.62 45.52 47.02 58.89 60.41 59.64 51.70 46.04 48.71 59.25 58.09 58.67
IMN+I0G'® 49.21 46.23 47.68 59.57 63.88 61.65 55.24 52.33 53.75 — — —
OTE-MTL*] 49.66 41.73 45.20 64.02 53.35 58.20 50.58 45.51 4791 64.83 48.72 55.63
JET-BERT*! 54.44 25.79 35.00 69.06 31.26 43.04 66.18 34.62 45.45 63.30 37.08 46.77
GTS-BERT!"! 57.52 51.92 54.58 70.92 69.49 70.20 59.29 58.07 58.67 68.58 66.60 67.58
SRS 59.43 46.23 52.01 69.08 64.55 66.74 61.06 56.44 58.66 71.08 63.13 66.87
BMRC™ — — 57.83 — — 70.01 — — 58.74 — — 67.49
BART-ABSA*1! 58.07 55.48 56.75 69.22 69.14 69.18 59.69 60.22 59.96 66.25 68.39 67.30
SPW-GCN 57.93 59.63 58.77 70.90 69.98 70.44 57.60 64.50 60.86 68.39 70.74 69.54
TE *+3RIRME ASTE-DATA-V1ERAE 1% AR 1) 5 AR
x5 AREHBIFE ASTE-DATA-V2EEE FHIXT L4 R
Tab.5 Comparison results of different models on ASTE-DATA-V2 dataset %0
. Lapl4 Rest14 Restl5 Restl6
P R P, P R P P R F, P R F,
CMLA+! 30.09 36.92 33.16 39.18 47.16 42.79 34.56 39.84 37.01 41.34 42.10 41.72
RINANTE+%] 21.71 18.66 20.07 31.42 39.38 34.95 29.88 30.06 29.97 25.68 22.30 23.87
Li—unified-R'® 40.56 44.28 42.34 41.04 67.35 51.00 44.72 51.39 47.82 37.33 54.41 4431
Peng—twn—stage[f’] 37.38 50.38 42.87 43.24 63.66 51.46 48.07 57.51 52.32 46.96 64.24 54.21
OTE-MTL?! 54.26 41.07 46.75 63.07 58.25 60.56 60.88 42.68 50.18 65.65 54.28 59.42
JET-BERT'® 55.39 47.33 51.04 70.56 55.94 62.40 64.45 51.96 57.53 70.42 58.37 63.83
GTS-BERT*7! 59.40 51.94 55.42 68.09 69.54 68.81 59.28 57.93 58.60 68.32 66.86 67.58
SPE2(8) 60.09 46.21 52.24 71.94 60.91 65.97 59.95 54.63 57.17 70.08 62.57 66.11
BMRC#*!! 70.55 48.98 57.82 75.61 61.77 67.99 68.51 53.40 60.02 71.20 61.08 65.75
BART-ABSA!'" 61.41 56.19 58.69 65.52 64.99 65.25 59.14 59.38 59.26 66.60 68.68 67.62
SPW-GCN 59.51 58.41 58.95 72.99 72.33 72.66 62.37 62.88 62.62 67.26 72.90 69.97

A FRIRTE ASTE-DATA-V 2 $4li 45 1 X6 Ry AR 700 1y 42 5 25
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Fig.4 Results of ablation experiments for each module
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Fig.5 Triple extraction results of different graph
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Tab.6 Experimental results of aspect term extraction and

opinion term extraction tasks %

B A ot
P R F P R F,
GTS-BERT 76.63 82.68 79.53 76.10 79.62 77.82
Lepld SPW-GCN 76.98 83.80 80.24 79.66 81.18 80.41
Ret14 GTS-BERT 78.88 87.05 82.76 80.91 89.22 84.85
SPW-GCN  85.29 85.49 8539 80.76 90.15 85.20
Rest15 GTS-BERT 75.13 82.78 78.27 7297 82.74 77.53
SPW-GCN 75.05 84.25 79.38 77.07 82.60 79.74
Rest16 GTS-BERT 75.20 88.12 81.13 80.36 88.79 84.36
SPW-GCN 78.17 87.36 82.51 8236 89.66 85.85

T ATE 905 AR TEFEUTE S5, OTE 473 WA EMBUTE 55, fHdF
PR SR AR
3.7 ROISH
A B 4E ASTE-DATA-V2 Hig i 3 4~ 1
AT BIBEGE , n£ 7 FiR A F 1 AT 33k A
Rest14 M3 4E , 7] F 2 5% [ Lap14 K4 45— 4
Tk HARTT A, 238 T X S8 BRI AR B 5%
=7

GTS-BERT A fE 1E A P H i 2 A Bk LUK i
Arad, (X I T A T R A DR T IR B R I O
PRI =0 5 IE G O Z [A)A S AT T 22, P
T2 A AR AR 1 6 M UL AE ZE TCAS H i
G P BB AT, R BB R A TR
4, JE T AR R I GTS-BERT 45 1% MK “maintain”
PRy 77 T R) , S ORI R 1R 0 17 R M A SRR A
fE W% W B o S8 36 AT “part of my business” B 52 i
2 2 Jy 18 18] “interneting” DL R 2 %58 it ) = UL R
I IEB IO 1 AR A1 25 8 R =T,
R GIAAL E IR 5 A B TR ] 325 1Y 5 in)
AL, M bR RSN 5 =AM R E
ZHE T I Z 9], GTS-BERT i 2yt 3R L3 — 4> Jy i
AR “food” , (HFEFIKr 5 HVE LAY & WATE RS , ik
B IARTE “excellent” ECHM H — A5 5= A9 —J04l,
SPW-GCN A] D)oK i H 32 B = JT.2H (wine, excellent,
positive) , JCH Kl 2 J& 4H £k 19 A1 10 5 % BE 98 il 15
“wine” Fll “excellent” i 8 1 S 5 F 1) I FRAE £ 57
IR AR .

e g

Tab.7 Case Analysis

AIF1 The menu is interesting and quite reasonably priced.
1R = e (menu, interesting, POS) (menu, reasonably priced, POS) (priced, reasonably, POS)
GTS-BERT (menu, interesting, POS) (menu, reasonably, POS) x (priced, reasonably, POS)
SPW-GCN (menu, interesting, POS) (menu, reasonably priced, POS) (priced, reasonably, POS)
F2 Made interneting (part of my business) very difficult to maintain.
A —ondl (interneting, difficult, NEG)
GTS-BERT (maintain, difficult, POS) x
SPW-GCN (interneting, difficult, NEG)
T3 The food was extremely tasty, creatively presented and the wine excellent.
iEff = oodl (food, tasty, POS) (food, creatively presented, POS) (wine, excellent, POS)
GTS-BERT (food, tasty, POS) (food, creatively presented, POS) (food, excellent, POS) x
SPW-GCN (food, tasty, POS) (food, creatively presented, POS) (wine, excellent, POS)
S 3k
4 £

R e = JC L A EUT 55 Hh A8 BB S TR AL 4
S IR, A SCHE T A A B S AL (5]
BRI 45 B T R = T AL BB A (SPW-GCN).
HRAE S 45 5 AT, SE T I0CA L) A AR e 6
ARGE T RKE I AR Rk AL, #2871 =
JCZH 45 TG K (8] R AE 58 15 #5045 21 R X6) = e 4L 3l
UM BE 4 T+ 347 1E )52 0] 5 AR SCRERY S A RE AL
TIARIR
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