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Abstract

Existing sentiment classification models mostly use a simple matching strategy of single aspect word
and text single-layer granularity, or rely on the attention mechanism to achieve feature extraction.
Such methods generally have the defects in insufficient utilization of text structure information and
weak targeting of feature screening, resulting in sloppy analysis results and limited model generali-
zation performance. To address this problem, this paper proposes a hierarchical tree-structured
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attention model, which first synthesizes the word vectors that have been feature-encoded into three
granularity corpus: vocabulary, clauses, and sentences by self-coding group, then uses a tree-graph
neural network to assign weights to them in multiple layers progressively, and then filters out the key
nodes by the longest-path algorithm, and finally obtains the classification results by using the classifi-
cation network consisting of the normalization layer and convolutional layer. classification results. The
experimental model has better accuracy and F1 score than the same type of model on the public dataset.
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Figure 1. Tree-structured attention network
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Figure 3. Path generation module
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B 4. FORZSESE

T e SRR R 2 0 S5 B, BRI Sk 1 TE R L, B2 @ O R AR TR
RIERNRE, v, NERY RFHERTR, o () FonBis R B S EERIZ T e &, B
B r:

Zszl ZjeN,- a’fVJC

K

C'=c

RN, N 7R 2 Sk R T RGP AR R TR A, SINIESSHOR AR, ORAIE B 2 TR ) %2
St
3. IWMERS S
3.1. PHfriEHR
HER R (TR AU IR bR, € SONIER 70 SR AR, SRR LU, s
mTh
> (TP +FP+TN,)

accuracy =

F1 7330 VPRI AR 5 ELRNE SR, MR R SINECr 5355, AR mps:

.. P
precision =
TP+ FP
recall = i
TP + FN

Fle 2 x Precision x Re call
Precision + Recall

3.2. BUESERIIREA
¥ SemEval2016 - Task5 F1 MAMS s 8:4% 8:2 M LB R0 AN E SR, ER. . har=

DOI: 10.12677/csa.2025.155146 745 THEAURF 5 R


https://doi.org/10.12677/csa.2025.155146

MR A 1. -1, 0 %R, HEIED AL 56 Fios:

AMBIENCE#GENERAL
DRINKS#PRICES
DRINKS#QUALITY
DRINKS#STYLE_OPTIONS
FOOD#PRICES

FOOD#QUALITY

FOOD#STYLE_OPTIONS

categories

LOCATION#GENERAL

RESTAURANT#GENERAL

RESTAURANT#MISCELLANEOUS
polaritie

RESTAURANT#PRICES mmm negative
mmm positive
SERVICE#GENERAL neutral
0 100 200 300 400 500 600
count

Figure 5. SemEval2016-Task5 database
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Figure 6. MAMS database
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Table 1. Chinese Review Dataset database
%% 1. Chinese Review Dataset #{IEEE

Positive Negative
DataSet : :
Test Train Test Train
Notebook 201 247 123 83
Car 531 354 200 86
Camera 1090 469 400 200
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Table 2. Experimental parameters

F2 LHBSHERE

TR R Chinese Review Dataset SemEval2016Task5&MAMS
BN Z Y 300 300
it 2% s 46 4 200 200
HEJIERE 3 3
Dropout 0.2 0.2
AR RMS RMS
BatchSize 15 25
Epoch 5 7
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Table 3. Experimental results
w3 ZWER

SemEval2016 MAMS
Model
ACC F1 ACC F1
AOA-MultiACIA 0.832 0.716 0.746 0.717
ASGCN 0.816 0.729 0.735 0.720
GATs 0.824 0.741 0.716 0.715
TAN 0.896 0.764 0.812 0.722
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Table 4. Experimental results of each model on Chinese Review Datasets
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Notebook Car Camera
Model
ACC F1 ACC F1 ACC F1
AOA-MultiACIA 0.794 0.612 0.801 0.654 0.769 0.673
ASGCN 0.812 0.601 0.825 0.667 0.784 0.717
GATs 0.831 0.634 0.831 0.701 0.821 0.721
TAN 0.855 0.671 0.859 0.732 0.871 0.762
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Figure 7. Mainstream model training comparison under MSMA data
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