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Method for Span-level Sentiment Triplet Extraction by Deeply Integrating Syntactic and Semantic
Features

CHANG Xuanwei' ,DUAN Liguo'?* ,CHEN Jiahao' ,CUI Juanjuan' and LI Aiping'
1 College of Computer Science and Technology(College of Data Science) , Taiyuan University of Technology,Jinzhong,Shanxi 030600, China

2 Shanxi University of Electronic Science and Technology, Linfen, Shanxi 041000, China

Abstract Aspect sentiment triple extraction aims to extract aspects and their corresponding opinion words and sentiment polari-
ties in the form of triples from sentences. Existing extraction models suffer from issues such as insufficient exploitation of syntac-
tic and semantic information in sentences and incorrect identification of multi-word entity boundaries. To address these issues. this
paper proposes a span extraction model that deeply integrates syntactic and semantic features(Span Extractor Incorporating Se-
mantic and Syntax Features,SESS). SESS combines self-attention mechanisms with multi-channel graph convolutional networks
to deeply explore the associations between syntactic and semantic features,enhancing the model’s ability to handle complex sen-
tence structures and multi-word entities. Additionally, the model employs a span-based extraction method to extract aspect and
opinion words,capturing the overall semantics of long entities and reducing sentiment inconsistency issues. The experiments con-
ducted on the standard dataset ASTE-Data-V2 demonstrate that SESS outperforms the vast majority of comparison models in
terms of F1 score, particularly in processing complex sentences and one-to-many, many-to-one sentiment relationships. Further-
more,ablation experiments and case analysis validate the effectiveness of each module of the model and its contribution to task
performance, further proving the advancement and robustness of the proposed method.

Keywords Aspect sentiment triplet extraction, Graph convolutional network, Self-attention mechanism,Dependency syntactic re-
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Fig. 2 Structure diagram of the proposed model
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Pt AR D RE AR B 28 ik A T B L A B T I R = T AL E L A
BT A RO R S R A . R 1A T A T RIS S
HER 4SS RARBIBED N FIEE. 2T R F
FAL I = OC A R . X 2 2 AR 0 S PR R A 4 o B AR
ANTF 5N R PR AR IEAl £ 4L T IR SC A Sl

# 1 ASTE-Data-V2 $i 815 B 501t

Table 1 Information statistics of ASTE-Data-V2 dataset
R I % & I if & K&
) #T BN #T #S =T
14Lap 906 1460 219 346 328 543
14Res 1266 2338 310 577 492 994
15Res 605 1013 148 249 322 485
16Res 857 1394 210 339 326 514

4.2 XBEHERE
A ORI TR 2 S HESE Py Torch SE8L, XS 50 2
Fric gk 2 B,

Table 2 Experimental parameters setting

2% 18
BIERL Linux
GPU V100 32GB
Batch Size 16
Learning Rate 5X107°
Epoch 120
2k @ H A S AR K A
11 2 AdamW
& AR % & # 2
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HOKE L 3
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Table 3 Results of comparative experiments

%)
e 14 Lap 14Res 15Res 16Res

P R F1 P R F1 P R F1 P R F1
Peng-two-stage  37.38  50.38  42.87 43.24 63.66 51.46 48.07 57.51 52.32 46.96 64.24  54.21
BMRC 65.12  54.41 59.27 71.32 70.09 70.69 63.71 58.63 61.05 67.74 68.56 68.13
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
EMC-GCN 61.70 56.26 58.81 71.21 72.39 71.78 61.54 62.47 61.93 65.62 71.30  68.33
Span-ASTE 63.44  55.84 59.38 72.89 70.89 71.85 62.18 64.45 63.27 69.45 71.17  70.26
SSJE 67.43 54.71 60. 41 73.12 71.43 72.26 63. 94 66.17 65.05 70. 82 72.00 71.38
Span-SACTE 65.20  60.18 62.59 73.33 76.31 74.79 68.39 61.97 65.03 71.02 71.31 71.17
BDTF 68.94 55.97 61.74 75.53 73.24 74.35 68.76 63.71 66.12 71.44 73.13 72.27
Dual-Span 67.14  62.13 64.49 77.01 74.00 75.47 67.97 66.34 67.13 73.56 73.48 73.49
D2E2S 67.38 60.31 63.65 75.92 74.36 75.13 70.09 62.11 65.86 77.97 71.77 74.74
MvLFE 66.12  62.33 64.17 76.37 74.46  75.40  69.97 64.14 66.93 77.02 73.41 75.17
SESS 64.77 63.16 63.96 76.40 77.03 76.71 68.83 65.84 67.30 76.56 73.36 74.92
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Table 4 Results of ablation experiments

%)

VS P R F1
w/o0 SpanBert- Bert 76.85 72.81 74.78
w/o BiLSTM 72.88 75.28 74.06
w/o BiILSTM+ Conv 74.54 75.08 74.81
w/0 SemGCN 79.35 68.07 73.28
w/o SynGCN 74.30 73.53 73.91
w/o Att 74.13 69.93 71.97
SESS 76.40 77.03 76.71
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Fig. 3 Results of aspect and opinion term extraction on

14Lap dataset
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Fig. 4 Results of aspect and opinion term extraction on

14Res dataset
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Table 5 Statistics of single-word and multi-word entity

triplets in the dataset

, 5 % B & k&
B %
#SW =MW #SW =MW #SW =MW
14Lap 824 636 190 156 291 252
14Res 1586 752 388 189 657 337
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Fig. 5 Results of single-word and multi-word entity triplet

extraction on 14Lap dataset
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Fig. 6 Results of single-word and multi-word entity triplet

extraction on 14Res dataset
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Table 6 ASTE cases
5 E#HZ LA SSJE SESS
The traditional Italian items are { ( traditional Italian items, great, { (Italian items, great-cheap, pos) X { ( traditional Italian items., great,

great-cheap and served in a cozy set-  pos), ( traditional Italian items,

ting. cheap, pos) . (setting . cozy . pos) }
appetizer are excellent here; you can . .
. R { Cappetizer,excellent,po) , (meal, in-
make a great(and inexpensive) meal X

expensive,pos) , (meal, great, pos) }
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{ Chost Cowner), personable, pos),
the host(owner) and servers are per-  (host (owner) , caring, pos), (serv-
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ring, pos) }
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. { Cappetizer, excellent, pos), (meal,
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