Neural Networks 192 (2025) 107894

Contents lists available at ScienceDirect

Neural Networks

journal homepage: www.elsevier.com/locate/neunet

Full Length Article , '.) ;

MPGM:Multi-prompt generation model with self-supervised contrastive
learning for aspect sentiment triplet extraction

Kun Yang?, Liansong Zong?, Mingwei Tang®*, Jie Hu", Yanxi Zheng?, Yujun Chen?,
Mingfeng Zhao*

aSchool of Computer and Software Engineering, Xihua University, Chengdu, 610039, China
b School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu, 611756, China
¢ China Mobile Group Design Institute Co., Ltd. Sichuan Branch, Chengdu, 610045, Sichuan Province, China

ARTICLE INFO ABSTRACT

Keywords:

Aspect sentiment triplet extraction
Generative model

Multiple prompt templates
Terminological affinity evaluation
Supervised contrastive learning

Generative models are widely used in natural language processing and achieve remarkable results in the As-
pect Sentiment Triplet Extraction (ASTE) task. Although existing generative methods can effectively identify
triplets within sentences, their performance still needs to be improved when dealing with complex sentences
containing multi-span terms. The main issues are the insufficient recognition of long-span terms and the lack
of comprehensive recognition of complete triplets. To address the limitations of generative models in the ASTE
task, a multi-prompt generation model (MPGM) with self-supervised contrastive learning is proposed for aspect
sentiment triplet extraction. Efforts are made to enhance the connections between terms and sentiment polarity
from various perspectives. Initially, multiple prompt templates are proposed to integrate the generated triplets
to mitigate potential errors in individual templates. In addition, a terminological affinity evaluation is designed,
which incorporates term information during the training process to enhance the model’s ability to recognize
relationships between terms. Moreover, the dual-dimensional supervised contrastive learning strategy leverages
multiple types of labels to enhance the representations of triplet spans. The enhanced triplet span representations
facilitate more precise modeling of the relationships between terms and sentiment polarities. Extensive exper-
iments have validated that the MPGM demonstrates superior performance to existing methods on two public
datasets, proving its effectiveness and advancement in addressing the challenges of the ASTE task. Specifically,
on the four subsets of the ASTE-DATA-v1 and ASTE-DATA-v2 datasets (14Lap, 14Res, 15Res, 16Res), the F1
scores of the MPGM method are 63.98 %, 76.63 %, 67.48 %, 75.61 % and 65.32 %, 76.80 %, 68.75 %, 75.49 %,
respectively.

1. Introduction (Radi et al., 2024; Wan et al., 2020), and ASQP (Zhang et al., 2021a).

The core of ABSA research revolves around four key emotional elements:

Aspect-based sentiment analysis (ABSA) focuses on predicting the
sentiment associated with specific aspect terms in a given sentence. It is
an emerging and important research field within natural language pro-
cessing (NLP). Unlike traditional document-level and sentence-level sen-
timent analysis (Cai et al., 2024; Maree & Eleyat, 2020; Phan & Nguyen,
2024; Rhanoui et al., 2019; Song et al., 2023), it offers a finer-grained
sentiment analysis. Notably, the dimABSA task (Zhu et al., 2024) ad-
vances beyond basic sentiment polarity classification by modeling and
predicting each aspect along multiple emotional dimensions.

Recent studies have introduced compound ABSA tasks that involve
multiple related elements, such as ASC (Li et al., 2025; Xu & Wang,
2025), AOPE (Chen et al., 2020; Gao et al., 2021; Wu et al., 2021b),
ASTE (Peng et al., 2020; Wu et al., 2020; Xu et al., 2020), TASD
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aspect term (A), aspect category (C), opinion term (O), and sentiment
polarity (S) (Ma et al., 2019; Zhang et al., 2023b; Zhou et al., 2015).
Their formats are as shown in the Table 1. As shown in Fig. 1, it illus-
trates all the element types in the ABSA task for the sentence ‘The décor
needs to be upgraded but the food is amazing !’. The sentence contains as-
pect terms such as ‘decor’ and ‘ f ood’, aspect categories such as ‘ambience
general’ and ‘food quality’, opinion terms such as ‘upgraded’ and ‘amazing’,
and sentiment polarities of positive and negative, respectively.

As an important subtask of sentiment analysis, early research on As-
pect Sentiment Triplet Extraction (ASTE) largely followed the methods
of traditional Aspect-Based Sentiment Analysis. In the early stages of
research, ASTE primarily relied on bidirectional long short-term mem-
ory networks (BiLSTMs) (Schuster & Paliwal, 1997), which enhanced
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Table 1

Task classification and output results of aspect-based sentiment analysis task.
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Task

Format Output

Aspect-based Sentiment Classification (ASC) (a, s)

(décor, negative), (food, positive)

Aspect-Opinion Pair Extraction (AOPE) (a, 0)

(décor, upgraded), (food, amazing)

Aspect Sentiment Triplet Extraction (ASTE) (a, 0, 5)

(décor, upgraded, negative), (food, amazing, positive)

Target Aspect Sentiment (TASD) (acs)

(décor, ambience general, negative), (food, food quality, positive)

Aspect Sentiment Quad Prediction(ASQP)

(a5, 0 0

(décor, negative, upgraded, ambience general), (food, positive, amazing, food quality)

v/—NEG\ /POS\

Sentence: The decor needs to be upgraded but the food is amazing !

Element: A(decor, food) C(ambience general, food quality)

O(upgraded, amazing) S(NEG, POS)

Fig. 1. An example of analyzing elements in aspect-based sentiment analysis task.

Single template -Previous Methods

Sentence —Template —~ Encoder — Decoder —Result

Multiple Templates -Our Method
Template,

Sentence—- Template, ~Encoder — Decoder ~Result

Template,,

Fig. 2. The difference between our method and previous approaches.

the model’s ability to capture contextual information and manage long-
range dependencies. The incorporation of bidirectional information flow
and gating mechanisms into the recurrent neural network (RNN) archi-
tecture (Kaur & Mohta, 2019) enables significant performance improve-
ments. As the ASTE task evolved, the slow inference and low efficiency
of BiLSTMs on long sequences began to limit the accuracy of triplet ex-
traction. Subsequently, the release of BERT (Devlin et al., 2019) had a
profound impact on the natural language processing field. Its bidirec-
tional encoder structure utilized the Transformer architecture (Vaswani
et al., 2017) to achieve bidirectional learning of context information,
displaying excellent performance. The advancement spurred further re-
search on the combination of various models based on BERT with graph
neural networks (GNNs) (Wu et al., 2021a, 2023, 2019), knowledge
graphs (Wan et al., 2023), and different decoding strategies (Liang et al.,
2023; Wu et al., 2020; Zhang et al., 2022a). Recently, T5 (Raffel et al.,
2019) unified all natural language processing tasks into a text-to-text
framework, supporting multi-task learning (Akhtar et al., 2019; Yang
et al., 2022), data augmentation (Hsu et al., 2021; Wang et al., 2022,
2024a), and self-supervised learning techniques (Qian et al., 2023; Tang
et al., 2019). With its powerful generation capabilities and high flexi-
bility, T5 has demonstrated significant advantages in handling complex
language tasks and adapting to the needs of ASTE tasks in different do-
mains.

Despite the strong performance of previous generative models, sev-
eral shortcomings persist. A concise comparison between previous meth-
ods and our proposed approach is presented in Fig. 2. Past researches
typically employed a single template, generating a single structure from
left to right in a fixed manner. Existing approaches overlook the poten-

tial influence of template variations on generation performance and fail
to account for the randomness introduced by relying on a single tem-
plate. Such randomness could adversely affect the outcomes, ultimately
impacting the overall performance of the model. The results show that
there are significant performance differences among templates with dif-
ferent target orders Hu et al. (2022). Moreover, earlier models are typi-
cally constructed with a unified architecture that places primary empha-
sis on enhancing generation efficiency for triplet extraction. Adequate
constraints are not imposed on the generated outputs, resulting in a
remaining potential for improvement in the accuracy of the generated
triplets.

To tackle the aforementioned challenges, a multi-prompt generation
model is proposed. It integrates self-supervised contrastive learning to
address key issues in the ASTE task through an enhanced generation
process. By introducing different prompting templates into the model,
a multi-template enhancement module is developed to address the lim-
itations of a single template in prompting generation capabilities. The
correct triplets are identified as those that occur most frequently across
all templates, while others are regarded as misplaced. In addition, the
accuracy of generated terms can be optimized by evaluating the simi-
larity between the generated terms and the original terms. During the
training process, positional and span information of the terms is utilized
by the terminological affinity evaluation module to reduce the train-
ing loss, and the accuracy of term prediction is thereby improved. Fur-
thermore, the dual-dimensional supervised contrastive learning (D2SCL)
strategy is introduced to improve the model’s ability to distinguish sub-
tle sentiment types and handle varying triplet counts. D2SCL analyzes
triplet features across multiple dimensions and assigns distinct labels to
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enhance the distinction between elements, bringing the predicted num-
ber of triplets and their sentiment classifications closer to the true val-
ues. The main contributions of this study are summarized as follows:

e We propose an innovative multi-prompt generation model with self-
supervised contrastive learning. A diverse set of high-quality prompt
templates is utilized to annotate the dataset. By systematically eval-
uating and comparing the results generated by each template, the
optimal triplets are selected as the final output.

e Term affinity is evaluated by incorporating the position and span
information of aspect and opinion terms. Incorporating such infor-
mation enhances the identification and interpretation of semantic
relationships.

¢ A dual-dimensional supervised contrastive learning framework is
proposed, assigning labels based on triplet count and sentiment type.
The framework enhances the ability to handle ambiguous sentiment
expressions and accurately process sentences containing multiple
triplets.

¢ Extensive experiments are conducted on two public datasets, and
the results show that MPGM consistently outperformed the baseline
models. Furthermore, the effectiveness of each individual module
is confirmed through ablation studies, and the overall framework’s
superiority in addressing the ASTE task is demonstrated.

The remainder is organized in the following manner. In Section 2,
related work is reviewed, with a focus on analyzing previous ASTE meth-
ods from three perspectives. A detailed explanation of the different com-
ponents and their roles within the overall model architecture is provided
in Section 3. Subsequently, experiments are conducted in Section 4 to
demonstrate the effectiveness of the model on the ASTE task. Finally,
the paper is concluded in Section 5 by summarizing the key findings
and discussing directions for future research.

2. Related work

In the early stages, RNNs or CNNs were commonly used in most
research papers on ABSA. Later, with the development of pretrained
language models, models like BERT or T5 have been widely used in
natural language processing tasks (Li et al., 2024). Existing research
methods can be categorized into three main types: BERT-based methods,
T5-based methods, and hybrid transformer methods.

2.1. BERT-based methods

In recent years, researchers have widely adopted pretrained lan-
guage models to cope with sentiment analysis tasks. BERT has become
the most frequently used pretrained language model in this field due to
its excellent ability to capture contextual information.

Syntactic and semantic information are often combined with BERT
models via GCNs to enhance feature extraction. In line with this ap-
proach, Li et al. (2021) considered both the syntactic structure and se-
mantic association of sentences to mitigate dependency parsing errors
and better capture semantic relevance. By integrating the two types of
information, greater accuracy is achieved in analyzing the emotional
expressions within the text. A multiple syntactic structure (MSS) fusion
encoder is designed, which contains semantic and syntactic graph net-
works Shi et al. (2023). While the semantic graph network captures
contextual information from adjacent tokens, the syntactic graph net-
work encodes structural relations derived from syntax. Furthermore,
an aspect-aware attention mechanism combined with self-attention was
proposed to generate attention score matrices for sentences, enabling
deeper exploration of syntactic and semantic information Zhang et al.
(2022b). In a related vein, separation and contrastive learning strate-
gies are employed for syntax and semantics in Zhao et al. (2024)
and Guan et al. (2024), respectively. A2SMvCL (Chai et al., 2023) in-
troduced a multi-view contrastive framework that combines syntactic
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and semantic cues for aspect-dependent sentiment representation. Sev-
eral approaches were designed to further enhance the model’s ability
to distinguish and amplify syntactic and semantic information. Col-
lectively, the aforementioned techniques successfully captured more
distinctive syntactic and semantic features while reducing redundant
interference.

In addition to the aforementioned methods, the decoding strategy is
a crucial component of BERT-based models. The labels are employed to
indicate the start and end positions of opinion and aspect terms within
the table Chen et al. (2022). Additionally, they utilized multi-channel
graph techniques to capture complex word relationships and thoroughly
explore linguistic features. In recent research, table filling-based (Zhang
et al., 2022a) and greedy inference decoding strategies (Liang et al.,
2023) have achieved remarkable results. The Span-ASTE model initially
introduced to extracts aspect terms and opinion terms, subsequently pre-
dicts the sentiment relationships between them (Xu et al., 2021). Sub-
sequently, Liang et al. designed a span tagging and greedy inference
scheme to extract sentiment triplets at the span level Liang et al. (2023).
Each span, composed of multiple words, can simultaneously serve dif-
ferent roles. To maintain a separate table for each sentiment polarity,
Zhang et al. proposed a table filling strategy. The elements in these ta-
bles represent the sentiment strength of the given aspect’s span Zhang
et al. (2023a). The table filling method builds a relation table for each
tagged sentence and is an efficient decoding strategy. The BDTF was
proposed, in which each triplet is represented as a relation region in
a two-dimensional table, thereby transforming the ASTE task into the
detection and classification of relation regions Zhang et al. (2022a).

2.2. T5-based methods

Since the T5 model (Raffel et al., 2019) is pretrained on a vast
corpus of unsupervised text data, it acquires rich linguistic knowl-
edge and diverse expression styles, which contribute to its exceptional
performance across various NLP tasks. The T5 model unifies all NLP
tasks as text-to-text conversion problems. For tasks such as text clas-
sification, translation, summarization generation, or question answer-
ing, both the input and output are represented as text sequences. The
unified framework simplifies the training and fine-tuning process of
the model, making it capable of adapting to various different NLP
tasks.

Previous work has found that models struggle to handle implicit
sentiment expressions and multi-span term prediction common in re-
views. Supervised contrastive learning was employed to distinguish be-
tween key attributes Peper and Wang (2022), Xu et al. (2024). Xu et al.
(2024) first applied graph attention networks to generative models,
integrating dependency syntactic information to enhance the parsing
of complex sentences. To allow generative models to capture bound-
ary information of terms and provide prompts for decoding multi-
ple triplets using shared labels, Zhou and Qian (2023) introduced a
span-aware sequence labeling module. At the same time, the genera-
tive model BGCA was trained by Deng et al. (2023) in both text-to-
label and label-to-text directions. The former reformulates tasks into a
unified format to support domain-independent feature extraction. The
latter generates natural language from noisy labels for data augmen-
tation, which helps train more accurate models. In order to improve
the prediction effect of sentiment triplets, Gou et al. (2023) proposed
MvP to use multiple prompt templates in different orders to annotate
the same sentence, which enhances the model’s adaptability to diverse
expressions.

2.3. Hybrid transformer methods

Some researchers have also explored the use of models such as XL-
Net, BART, and GPT for ABSA tasks, which represent extensions and
innovations of the Transformer architecture. Yang et al. (2019) pro-
posed XLNet by integrating the state-of-the-art self-attention model
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Transformer-XL into pre-training through maximizing the expected like-
lihood of all permutations. XLNet overcomes the limitations of BERT’s
formula by learning bidirectional contexts. To address all ABSA subtasks
within an end-to-end framework, Yan et al. (2021) utilized a pretrained
sequence-to-sequence model BART. Additionally, the heuristic candi-
date selection strategy and the All-in-One model were proposed by Jiang
et al. (2024) to address the challenges in few-shot aspect-based senti-
ment analysis. Chumakov et al. (2023) structured the output triplets by
simplifying terms without losing meaningful information and success-
fully analyzed data from unknown domains. To improve the ability to
learn sentiment information, SoftMCL (Wang et al., 2024b) introduced
momentum queues to model representations at both the word level and
the sentence level, allowing for the storage of more negative samples
and the expansion of comparison sample size. Zheng et al. (2024) di-
vided candidates into positive and negative examples based on the log-
likelihood of a language model, and combined contrastive learning to
promote samples to approach positive examples and stay away from
negative examples. They further fine-tuned the language model through
high-quality instruction generation targets to enhance generation per-
formance. ChatABSA (Bai et al., 2024) reformulates five complex sub-
tasks using constrained prompts and employs post-processing strategies
to leverage LLMs’ reasoning abilities, addressing limitations in implicit
information prediction.

3. Method
3.1. Model overview

The framework of the MPGM model proposed in this paper is il-
lustrated in the Fig. 3. It is divided into three main components: the
Multi-Template Enhancement module (MTE), the Terminological Affin-
ity Evaluation module (TAE), and the Dual-Dimensional Supervised
Contrastive Learning module (D2SCL). Specifically, the T5 model is uti-
lized as the core architecture, where the encoder captures contextual se-
mantic representations, and the decoder generates the triplets. Reviews
annotated with aspect and opinion terms are provided as input, and
the correct triplets are extracted through the joint operation of multiple
modules.

D2SCL

{} " Neutral

@ Mized
©© ‘Positive ﬁﬁ{}
l |
v

LDZSCL: LSe + Lipy;

"Negative

[- dn j0s 0} Asea L1094 sem dojde] aql,’
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3.2. Task definition

Given a sentence S = {w, w,, ..., w,} with n(n > 1) words, the goal
of the ASTE task is to extract aspect-opinion-sentiment triplets from the
sentence, where a, o, and s represent the aspect term, opinion term, and
sentiment polarity, respectively. s € {POS, NEU, N EG}, POS denotes
positive sentiment, N EU denotes neutral sentiment, and N EG denotes
negative sentiment.

3.3. Multi-template enhancement MTE

3.3.1. Prompt template design

Owing to the distinctive design of the T5 pretrained language model,
the attention mechanism can be flexibly adjusted based on different in-
put templates. As a result, significant variations are observed in the out-
puts generated by T5 decoding, depending on the input templates. As a
result of its flexible architecture, different information hierarchies and
content segments within the input text can be attended to during the
execution of multiple tasks.

In the Fig. 4, n high-performance prompt templates (T}, T,, 73,7y, ...,
T,) are designed for the ASTE task. When using template 7;(i > 1), the
model will give priority to focusing on task-related keywords in the sen-
tence, which will influence its comprehension and decoding process of
the context.

For instance, given a Sentence = ‘The pizza is delicious’, the gen-
eration model G will adjust its attention to the keywords =
{ ‘pizza’,‘delicious’}. A template-based mechanism enhances the adapt-
ability of the model and contributes to improved performance across a
range of natural language processing tasks.

G : T; @ Sentence - w(keywords) = T;, i=1,2,-,n 1)

where w is the influence weight of the template on the keyword, and 7;
represents the triplet generated by the i-th template.

3.3.2. Results aggregation

As can be observed from the generation results, different templates
may yield varying triplets. If a single template is employed like in tradi-
tional methods, the most accurate triplet may not be obtained, leading to

Aspeéct * Ha

TAE

1
—
1
1
1
1
Ho _:. |5 Similarity calculation
1
1
1
1
1
-
1
1
1

Inference

Fig. 3. The overall architecture of our MPGM model.



K. Yung et al. Neural Networks 192 (2025) 107894
T; :
Extract aspect-opinion-sentiment triplets: )
T :
Exztract triplets (Aspect, Opinion, Polarity): Extract aspect-opinion-sentiment triplets: 4 Sentence
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Triplet_Opinion: [0,A,S] : }_
Sentence
T4 g
Triplet _Aspect: A-O-S :
Determine aspect-opinion-sentiment pair: + Sentence
100 8 _J
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Fig. 4. A sentence combined with five prompt templates.
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i Result
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&/ X ¢ Generation results
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Fig. 5. Voting mechanism for final result selection.

unsatisfactory model performance. By aggregating triplets from diverse
templates, the extracted outcomes not only capture the primary view-
point and sentiment of the sentence but also take into account a range
of contextual information, thus ensuring higher representativeness and
accuracy.

A comprehensive description of the implementation details is pro-
vided, as illustrated in Fig. 5. Once all the triplets I = {7, 75, ..., 7,}
are generated, a systematic statistical analysis is performed on these
results. Firstly, the frequency 7 of occurrence for each triplet 7; is cal-
culated during the generation process, helping identify triplets that are
repeatedly mentioned in the decoding phase. Subsequently, Arg M ax(-)
is employed to select the triplet 7,,,.., with the highest frequency as the
correct one.

(2)

Tcorrect = ArgMax(F(Ti))
T.er

3

where [(-) is an indicator function and » is the total number of generated
triplets.

3.4. Terminological affinity evaluation TAE

Since aspect terms and opinion terms usually involve multiple spans
rather than simple single words, boundary extraction errors often occur
when extracting terms. The design goal of TAE is to integrate the span
information of aspects and opinion items with the hidden state during
term generation to improve the effectiveness of term generation. The en-
hancement of aspect term and opinion term information is divided into
two independent parts, with each type of term handled separately and
its affinity with the corresponding real labels calculated. The processing
flow of the TAE module is shown in Fig. 6.

First, it is essential to accurately capture the positioning infor-
mation of terms within their context. Term position features H?* =
{h‘l’”s,h"’” ) e RN*4 (N is the sum of all term lengths and d is

2 0
the hidden dimension) are extracted by filtering term position elements

Pos = {p;, Dy ---»D,} € R™L (L is the sentence length and » is the batch
size) from the last hidden state of the decoder HY¢¢ = {h¢, hg, .. hiye
RnxLxd .
HP* = HY* 1 Pos,,

(C))

H!* = H 1 Pos,

@: Concat
pos
Position :The pizza is delicious. | OO0d Hg ©): Take the intersection
@, Lrag
dec HPOS 1
oooog A oo g A

T5

oo

loss calculation

Fig. 6. The internal structure of TAE module.
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This is a nicely sized laptop with lots of processing power and long battery life .

Aspect Marker:

Opinion Marker:

0000 2 0O0O0O0 2 1

000 2 0O0O0 2 1

0 02 10

0 00 2 00O

Fig. 7. An example of term information annotation.

Note that during the training phase, position information for each
term is annotated, including its start and end positions. As illustrated in
Fig. 7, the start position of the term is labeled as 2, positions within the
term are marked as 1, and all other positions are labeled as 0. Using the
mechanism, the text generation module can better capture term bound-
ary information. When the input sentence contains multiple triplets, as-
pects and opinions at different positions have their own different posi-
tion information. Identical tokens in the generation module are assigned
distinct pointers for different aspect-opinion pairs, enabling information
sharing without ambiguity. With this design, sentences containing mul-
tiple triplets can be decoded more efficiently.

Next, the hidden states of aspect H* = {h‘l’,hg, .., hit e RLxd and
opinion H® = {9, h), ..., h?} € R4, containing the semantic represen-
tation of the term, are obtained. To ensure that the term features can
be further utilized for computation, the hidden states are reshaped to
adapt to different token lengths and batch requirements.

H, = Reshape,(H**),H, = Reshape, (H ") 5)

The term position feature H?* is concatenated with the term se-
mantic feature H,, H, , and a more representative hidden state 8¢, S°
€ R™Ixd j5 generated through linear projection and activation function.
Then, the concatenated features are passed through a fully connected
layer to predict the labels for the aspect and opinion terms, producing
the predicted probabilities for the label set:

Si; = ReLUW, (h!”* @ hy) + by) ©
P,, = softmax(W,S;; + b,) 7

Finally, terminological affinity evaluation is calculated using cross-
entropy loss, and the accuracy of aspect terms and opinion terms extrac-
tion is enhanced through loss reduction in the training phase.

N L
Lypp =~ 21 21 2; [16% = ) Toe(w?,10) + 107, = O - logw?, 0] ®)
i=1 j=I c&

where [(-) is the indicator function, )¢, and )¢, are the gold-standard
labels, and C refers to the {B, I, O} classification labels.

3.5. Dual-Dimensional supervised contrastive learning D2SCL

A robust learning framework is established by D2SCL to strengthen
the relationships among related instances and minimize those among ir-
relevant ones, which facilitates the acquisition of highly discriminative
feature representations. The interaction between instances and labels
during the training process is illustrated in Fig. 8. Instances are influ-
enced by the interactions with all labels, but only the same label causes
the instances to cluster together, ensuring that instances with the same
label are grouped during training. During model training, the loss func-
tion is minimized through multiple iterations. Feature extraction is grad-
ually refined during the process, resulting in improved triplet extraction
performance.

In the D2SCL module, two types of supervised contrastive learning
modules are designed to improve model performance. First, labels for
sentiment types are constructed. A fine-grained label setting is adopted
to enhance the model’s understanding of sentiment diversity and fa-
cilitate the identification of subtle differences in emotional expressions.
Second, labels are constructed built on the count of triplets to resolve the
challenge of insufficient triplet extraction. Sentences containing multi-
ple triplets in reviews are typically more complex, making triplet ex-
traction from such sentences more challenging compared to shorter
ones.

The input feature representation H" = {h,, h,, ..., h,} uses the in-
ner product (-) to evaluate the similarity score between two feature vec-
tors h,, and h,. Through the application of the softmax function, the
similarity scores are transformed into a probability distribution, ensur-
ing that each score falls between 0 and 1, and the sum of all scores is
1. An intuitive representation of the similarity and importance of each
sample is provided.

score(m,n) = h,, - h,/t 9
escore(m,n) (10)
p(m,n) =
ZueA(i) escore(m,a)

where r represents the temperature coefficient, which is used to scale
the similarity values. A(i) is the total number of instances, and the

Label 3 Label 1 -
NW )
v
attract A attract
I a _____> _____ az
sampl be—o7»_*
—> <
M repel ‘1’
,I\repel
| c
Label 2

Fig. 8. Interactions between instances and labels in contrastive learning.
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probability p(m, n) represents the probability corresponding to the simi-
larity between instance m and instance n.

In the end, for each sample i, find the other instances of the same
category (positive instances) and instances of different categories (neg-
ative instances). The supervised contrastive loss £, is obtained by
accumulating the similarity between all instances.

1 .
Lscr = Z Bl Z —log p(i, p) (1)
i 1Pl PEP()
where 7 represents the collection of indices of all instances in a batch,
and P(i) represents the collection of indices of positive instances that
belong to the same category as sample p, excluding itself.

3.6. Model training

The T5 generation process uses a cross-entropy loss to calculate the
degree of match between the words generated by the model and the
target words. If the probability of the word generated by the model is
close to that of the target word, the loss is smaller; otherwise, the loss
is larger.

T

L =—ZlogP(y, |x,y<,) 12)
i=1

where y, represents the target word at time step 1, and P(y, | x,y,)

denotes the probability of generating the -th word given the input sen-

tence x and the previously generated words y_,.

During the model training process, multiple loss functions are in-
corporated and comprehensively optimized. The total loss of the model
L, 1s the sum of the TAE loss L4, D2SCL loss L, g¢ 1, and T5 triplet
extraction loss Lps.

Lo =Lrae + Lprscr + Lrs (13)

In Algorithm 1, the specific steps of our model for triplet extraction
are described in detail. The first is data preprocessing, which is related
to all the data required for model training. In the 2 to 4 lines, five de-
signed prompt templates are introduced for use to process each sentence
in the dataset. Each prompt template is added to the beginning of the

Algorithm 1 Extracting triplets using multiple templates.

Input: Datasets required for training.
Output: Correct triplets.

1: ] Data Processing

2: for sentence in Dataset do
3 for T; in Templates: do
4 newDataset < (T; + sentence,Gold)

5 end for

6: end for

7: [ Training

8: for step in steps do

9 Lys = T5 « (newDataset)

10: Ly g = Similarity Computing(hidden_state,marker)

11: Lpscr = Contrastive_ loss_ Computing(hidden state, label)
122 Liya = Lrar t Lposcr + Lr1s
13: end for

14: Save best model

15: [[] Evaluating

16: Results = model < (Dataset)

17: for i in range(0,len(Gold)) do

18: id=i*5

19: outputs = Results[id:id + 5]

sentence

20: counter = dict(Counter(outputs)) © Count predicted triplets ,
21: Triplets = ArgMax < counter " Final predicted triplets
22: end for

T Get all predictions for one

Neural Networks 192 (2025) 107894

Table 2

Dataset statistics. *S and *I" indicate the number of sentences and triplets
in the dataset. *Pos, «Neu, and *Neg indicate the number of triplets with
positive, neutral, and negative sentiment polarity. «TCC (Triplet Count Cat-
egorization) is used to represent the number of sentences with a specified
range of triplet counts.

Dataset *S EA «Pos «Neu xNeg *TCC

<2 2~3 >3

14Lap Train 906 1460 817 126 517 545 321 40
Dev 219 345 169 36 140 133 76 10
Test 328 541 364 63 114 184 124 20

14Res Train 1266 2337 1691 166 480 605 562 99
Dev 310 577 404 54 119 153 130 27
Test 492 944 773 66 155 206 232 54

15Res  Train 605 1013 783 25 205 338 230 37
Dev 148 249 185 11 53 76 66 6
Test 322 485 317 25 143 210 99 13

16Res  Train 857 1394 1015 50 329 504 303 50
Dev 210 339 252 11 76 118 86 6
Test 326 514 407 29 78 192 120 14

sentence to form a new dataset, with the aim of using these templates to
process the sentences in the dataset. As shown in lines 7 to 14, the loss
calculation of the model during training is described, and the losses of
multiple modules are added together for gradient update. In the evalu-
ation stage, dictionary and statistical methods are used to calculate the
triplets with the highest frequency and this result is used as the final
one.

4. Experiment
4.1. Datasets

To assess the effectiveness of the proposed model, experiments are
conducted on two datasets, D; and D,. Both datasets contain sentiment
analysis datasets in the laptop and restaurant domains (including 14Lap,
14Res, 15Res, and 16Res). Aspect terms, opinion terms, as well as sen-
timent polarity are used to annotate each review in these datasets. D,
shows considerable improvement in both the quality and completeness
of its annotations. As a result, it overcomes several issues present in D;.
For instance, when an opinion term is linked to multiple aspect terms,
D, annotates only one of the aspect terms. In contrast, D, annotates
all instances where an opinion term is linked to multiple aspect terms,
providing a more comprehensive representation of the actual scenarios
and improving the dataset’s usability and completeness. Comprehensive
statistics are provided in Table 2. Based on the statistical data presented
in the table, appropriate labels for supervised contrastive learning are
designed.

4.2. Experiment setting

The T5-BASE model from Huggingface Transformers is used as the
pretrained model, with greedy search employed for decoding by default.
In the experiments, consistent parameters are applied across all tasks
and datasets, with the default number of prompt templates set to 5. Mul-
tiple experiments are included, such as those conducted on two datasets,
ablation studies, and visualization analysis. To simplify, the number of
prompt templates used during inference matches that of the training
phase. Additionally, the learning rate is set to 1e-4, and adam_epsilon is
set to 1e-8. All experiments are conducted on NVIDIA RTX 3090 GPUs
and NVIDIA A40 Tensor Core GPUs.

4.3. Baselines

The baseline methods are categorized according to different model
types, including traditional methods, advanced BERT-based methods,
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and generative methods. Our model is compared with several innovative
approaches from recent years. The details of each method are as follows:

1. Traditional methods

e CMLA+, RINANTE +, Li-unified-R+ and Peng-two-stage (Peng
et al., 2020) are all pipeline methods, with the first three models
being adaptations of their original versions as modified by Peng et
al. CMLA (Wang et al., 2017) is a coupled multi-layer attention net-
work designed to jointly extract aspects and opinions by capturing
direct relationships and dependencies. RINANTE (Dai & Song, 2019)
introduces an algorithm that utilizes inter-word dependencies to au-
tomatically mine co-extraction rules for aspect and opinion terms.
Li-unified-R (Li et al., 2019) employs two stacked recurrent neural
networks and targets goal-oriented sentiment analysis tasks.

e GTS (Wu et al., 2020) proposes a novel grid tagging scheme, using
it in an end-to-end manner for more accurate extraction, marking
the first work focused on aspect-oriented fine-grained opinion ex-
traction.

e JET (Xu et al., 2020) puts forward the initial end-to-end model that is
characterized by a completely new position aware tagging method.
More expressive label semantics are utilized to define the structural
details of triplets.

¢ Biston (Hao et al., 2024) proposes an end-to-end dual syntax-guided
transformer network designed to explicitly model the complex rela-
tionships between aspects and opinions, as well as the boundaries of
multi-word aspects and opinions.

e COM-MRC (Zhai et al., 2022) applies a strategy to enrich the context
for expanding the training corpus. Meanwhile, it creates a discrim-
inative model composed of four collaborative modules. This model
performs inference by means of iterative aspect masking.

e SA-Transformer (Yuan et al., 2024) incorporates knowledge of de-
pendency types into graph neural networks to expand the ASTE task,
using edge dependency types to prevent inappropriate propagation.

2. Advanced BERT-based methods

e EMC-GCN (Chen et al., 2022) proposes an enhanced multi-channel
graph convolutional network to fully exploit the relationships be-
tween words. It also utilizes a dual-radiative attention mechanism
to embed these relationships into adjacent tensors between words in
a sentence.

¢ Dual-Span (Li et al., 2023) constructs two relational graph attention
networks to capture linguistic features from syntactic dependency
and part-of-speech graphs, effectively using both channels to reduce
noise and computational cost in the ASTE task.

e D2E2S (Zhao et al., 2024) proposes a dual-encoder model. This
model maximizes syntactic and semantic connections between words
by introducing a heterogeneous feature interaction module. It also
dynamically selects key nodes to capture complex interactions be-
tween dependency syntax and attention semantics.
MiniConGTS (Sun et al., 2024) initiates with a re-evaluation pro-
cess. Based on this evaluation, it presents an approach designed to
enhance and utilize pretrained representations. The approach incor-
porates a minimalist labeling scheme and an innovative token-level
contrastive learning strategy. By adopting a specific algorithm, the
model aims to reduce redundancy and strengthen the internal repre-
sentations.

e PT-GCN (Peng et al., 2024) builds a target-aware grid graph using
table cells as nodes, weighted by hint attention scores, and applies a
three-channel convolution to precisely extract emotional knowledge.

e SAAG (Sun et al., 2025) is an AttentionGate semantic framework
driven by SenticNet and AMR, designed to highlight emotional intent
in word representations and balance word pair expressions across
different semantic contexts.

e SKen (Lu et al., 2025) uses commonsense and syntactic dependency
knowledge to enhance context representation and improve inter-
pretability in sentiment extraction. It also employs an orthogonal
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loss-based self-attention mechanism to better capture word interac-
tions.

3. Generative methods

e ASTE-BART (Yan et al., 2021) converts all ABSA subtasks into a uni-
fied generation task and achieves the generation of target sequences
in an end-to-end process based on the unified task formulation.

e GAS (Zhang et al., 2021b) transforms the ABSA problem into a text
generation problem and proposes two paradigms (annotation model-
ing and extractive modeling) to define each task as a text generation
problem.

o PARAPHRASE (Zhang et al., 2021a) proposes a novel paradigm of
paraphrase-based modeling, which converts quadruplet prediction
into paraphrase generation. It predicts sentiment tuples at once, ef-
fectively utilizes semantic information, and facilitates knowledge
transfer in low-resource environments.

e MvP (Gou et al., 2023) employs element-order-based prompts to pre-
dict sentiment elements in a controlled sequence, enhancing expres-
sion diversity and mitigating issues from fixed orders and error prop-
agation.

e CONTRASTE (Mukherjee et al., 2023) introduces a more versatile
placeholder template for fine-tuning T5 on ASTE than PARAPHRASE
(Zhang et al., 2021a) and applies supervised contrastive learning to
the decoder’s output for aspect-level sentiment embeddings.

4.4. Main results

We compare our proposed method with traditional approaches,
advanced BERT-based models, and generative methods. As shown in
Tables 3 and 4, evaluations are conducted using precision, recall, and
F1 score. Notably, the proposed model achieves the highest F1 scores
across all four datasets in both experimental settings. Specifically, im-
provements of 1.18 %, 1.16 %, 0.44 %, and 0.93 % are observed on the
D, subsets, and 0.83%, 1.21 %, 1.62%, and 0.66 % on the D, sub-
sets, compared to the best-performing existing methods. These results
demonstrate the exceptional performance and strong stability of MPGM
in triplet extraction tasks.

The above results indicate that our model significantly outper-
forms traditional methods. Traditional approaches, such as grid tag-
ging, position-aware tagging, transformers, and machine reading com-
prehension, show limited capability in accurately extracting triplets,
particularly in handling complex and multi-span triplets. While ad-
vanced BERT-based methods demonstrate notable improvements across
all three evaluation metrics, the T5 model inherently holds advan-
tages over BERT in triplet prediction. With the integration of the TAE
module, more accurate term representations are learned through train-
ing on labeled aspect and opinion terms, leading to performance that
surpasses all BERT-based models. Compared to other generative-based
approaches, the proposed design demonstrates greater robustness. By
meticulously optimizing various components of the triplet extraction
process and leveraging the combined effects of TAE and D2SCL, genera-
tion errors related to aspect terms, opinion terms, and sentiment polarity
are effectively reduced. As a consequence, superior performance is con-
sistently achieved in both precision and recall compared to most other
models.

4.5. Ablation study

To assess the impact of individual components on the model’s per-
formance, ablation experiments are conducted using the MPGM model
on the D, dataset. The experimental results, presented in the Table 5,
use the F1 score to evaluate model performance and analyze the changes
in different components across various datasets. The average magnitude
of these changes provides a more accurate reflection of the model’s per-
formance trends. Specifically, the MTE and Vote mechanisms have the
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Table 3
Experimental results on D,. The best results are indicated in bold, while the second-best results are underlined.
Methods Lap 14 Rest 14 Restl5 Rest 16
Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1
Traditional.
GTS-BERT* 57.82 51.32 54.36 67.76 67.29 67.50 62.50 57.94 60.15 66.08 66.91 67.93
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
Biston 65.99 53.59 59.15 70.03 68.41 69.21 65.25 56.91 60.79 66.85 69.84 68.32
COM-MRC 62.35 58.16 60.17 75.46 68.91 72.01 68.35 61.24 64.53 71.55 71.59 71.57
Advanced BERT.
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
MiniConGTS 66.82 60.68 63.61 76.10 75.08 75.59 66.50 63.86 65.15 75.52 74.14 74.83
PT-GCN 67.69 57.30 62.06 77.85 72.13 74.88 69.76 65.15 67.38 74.39 71.21 72.76
SAAG 62.63 56.88 59.62 76.03 70.75 73.30 61.51 62.26 61.38 69.26 71.51 70.37
SKen 67.22 59.89 63.34 74.48 75.15 74.81 66.67 65.98 66.32 72.83 73.54 73.18
Generative.
ASTE-BART* 61.41 56.19 58.69 65.52 64.99 65.25 59.14 59.38 59.26 66.60 68.68 67.62
GAS? 61.65 58.19 59.87 71.08 71.67 71.37 60.01 63.67 61.78 67.76 71.67 69.66
PARAPHRASE® 62.99 58.30 60.55 70.87 70.90 70.89 60.80 64.98 62.82 70.35 74.04 72.15
MvP - - 63.33 - - 74.05 - - 65.89 - - 73.48
ContrASTE 64.20 61.70 62.90 73.60 74.40 74.00 65.30 66.70 66.10 72.20 76.30 74.20
Ours
MPGM 68.00 62.85 65.32 78.75 74.95 76.80 69.70 67.84 68.75 76.09 74.90 75.49
2 means the experiment results comes from Xu et al. (2024)
Table 4
Experimental results on D,. The best results are indicated in bold, while the second-best results are underlined.
Methods Lap 14 Rest 14 Restl5 Rest 16
Pre Rec F1 Pre Rec F1 Pre Rec F1 Pre Rec F1
CMLA +* 30.09 36.92 33.16 39.18 47.13 42.79 34.56 39.84 37.01 41.34 42.10 41.72
RINANTE +* 27.71 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 54.51 44.31
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
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
JET-BERT" 58.47 43.67 50.00 67.97 60.32 63.92 58.35 51.43 54.67 64.77 61.29 62.98
EMC-GCN 61.46 55.56 58.32 71.85 72.12 71.98 59.89 61.05 60.38 65.08 71.66 68.18
Dual-Span 64.50 58.59 61.36 77.55 73.52 75.47 67.66 66.14 66.85 72.44 73.47 72.94
PT-GCN 71.36 56.08 62.80 76.62 71.96 74.22 71.29 63.26 67.04 74.03 75.35 74.68
SAAG 61.83 57.49 59.58 72.70 74.85 73.76 65.43 61.65 63.48 68.86 73.29 71.01
GAS - - 60.78 - - 72.16 - - 62.10 - - 70.10
COM-MRC 64.73 56.09 60.09 76.45 69.67 72.89 68.50 59.74 63.65 72.80 70.85 71.79
SA-Transformer 61.28 48.98 54.44 70.76 65.85 61.28 62.82 58.31 60.48 72.01 62.87 67.13
Ours
MPGM 66.40 61.74 63.98 79.40 74.04 76.63 66.33 68.66 67.48 78.61 72.84 75.61
2 means the experiment results comes from Sun et al. (2025)
b means the experiment results comes from Xu et al. (2024)
Table 5 performance drops of 0.87 %, 1.75 %, 1.53 %, and 0.87 % across the four
Results of ablation experiments. datasets, respectively. The critical role of incorporating aspect and opin-
Model Lapl4 Rest14 Reatl5 Rest16 Average ion terms within each training batch is highlighted by these results, as
the model’s ability to generate accurate predictions is substantially en-
MPGM 65.32 76.80 68.75 75.49 . ies
w/oMTE 63985 7518 67200 73795 Al l54 hanced by their presence. Due to factors such as the span and position of
W/OTAE 6445, 750555 6722,  T462, 4l 126 aspect and opinion terms, performance impacts vary across experiments
w/o SCL 6452050  76.05,075 683454 745809  AL0.72 and datasets. Finally, SCL also influences model performance. Removing
w/ovVote 63369  T42lpps9 6597555 73775 Al 226 the SCL module leads to an average performance drop of 0.72 %. The de-

most significant impact on performance. Across four datasets, the per-
formance drops are notable, with MTE averaging a 1.54 % decrease and
Vote averaging a 2.26 % decrease. The model integrates MTE with a
voting strategy for enhanced performance. When only the MTE mod-
ule is used without the voting strategy, the model exhibits the lowest
performance. The design of each template affects the decoding process,
which can lead to an increased number of incorrect triplets in the case
of complex sentences. Furthermore, removing the TAE module results in

signed labels are leveraged by the SCL module for contrastive learning,
with similar labels being clustered and differences between dissimilar
ones being increased. The rationality of the label design is validated by
the observed performance decline.

4.6. Model analysis and visualization
In this section, a detailed analysis is provided regarding how various

components in the model design influence the overall architecture. To
better present the analysis results, visualization techniques are utilized.
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Fig. 9. Visualization of sentiment SCL feature distributions.
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Fig. 10. Visualization of triplet count SCL feature distributions.

The analysis focuses on three key aspects: the effects of supervised con-
trastive learning, the influence of the number of prompt templates, and
the role of the TAE module.

4.6.1. SCL feature visualization

The goal of supervised contrastive learning design is to adjust the
feature distribution in high-dimensional space so that features with the
same label are clustered together, while features with different labels
are pushed apart. The spatial distribution is more regular, thus improv-
ing the effectiveness of feature extraction. To visually demonstrate this
change, t-SNE is used to project high-dimensional features into a two-
dimensional space. In the Figs. 9 and 10, different colors correspond
to different labels. Following training within the contrastive learning
framework, the initially disordered label distribution gradually trans-
forms into a more structured and clearly organized pattern. In partic-
ular, the visualization results of Sentiment SCL clearly demonstrate a
separation between features associated with positive and negative sen-
timents, with a well-defined boundary observed in the feature space. It
shows that the model exhibits enhanced ability in distinguishing differ-
ent emotion polarities. In contrast, the visualization for Triplet Count
SCL shows that only the features of sentences containing a single triplet
are effectively extracted, while distributional differences between other
labels are also observed. Experimental results demonstrate that the de-

10

signed supervised contrastive learning method contributes positively to
the extraction of triples.

4.6.2. The impact of the number of prompt templates

The impact of the number of prompt templates on ASTE task per-
formance is analyzed. In addition, the influence of increasing template
quantity on model complexity is examined based on the trend observed
in training time.

As shown in Fig. 11(a), an increase in the number of prompt tem-
plates leads to a gradual improvement in the model’s performance across
the four datasets. It proves the effectiveness of our use of multiple tem-
plates in the task, and the multi-template design can indeed improve
the model’s ability to extract correct triplets. Greater performance gains
are observed in the initial stages, but the improvement rate diminishes
as more templates are introduced. When the number of templates in-
creased to six, a performance decline is observed on certain datasets.
Moreover, further increases in template count led to non-monotonic and
inconsistent performance fluctuations. In fact, when the number of tem-
plates is large enough, the quality of the templates begins to play a
crucial role in determining the model’s performance. If quality control
is overlooked during the expansion of the template set, model perfor-
mance will not improve and may even degrade due to the inefficient uti-
lization of training resources. Additionally, training costs will increase



K. Yung et al.
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Impact of Number of Templates on Training Speed
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Fig. 11. The impact of the number of prompt templates.

substantially. Increasing the number of templates substantially elevates
training overhead, including memory consumption and computational
time. Under existing hardware limitations, the feasibility of scaling to
larger template sets is restricted, which in turn hinders further improve-
ments in model performance.

As the number of templates increases, the time required for the
model in the data preprocessing and training phases also increases ac-
cordingly. As shown in Fig. 11(b), the training time of a single epoch
increases roughly linearly with the increase in the number of templates.
In theory, when using m templates, the training time should be approxi-
mately m times that of using a single template. Since MPGM is based on
T5-base, its overall training complexity is O(L X (Nompiare + Nioxt)* X d).
Among them, L is the total number of layers, N,,,, is the text length,
Nempiate 1S the template length, and d is the hidden layer dimension.
MPGM needs to run all m templates once, so the total training complex-
ity is O(m X L X (Nyompiare + Nyexs)? X d). Experimental results on training
speed further corroborate this finding.

4.6.3. Affinity analysis of different terms

In this section, the influence of aspect and opinion terms within the
TAE module on overall model performance is examined, and the corre-
sponding trends in module loss are investigated. Optimal performance
across all datasets is achieved when both aspect terms and opinion terms
are incorporated into the TAE module, as shown in Fig. 12(a). However,
when the span or positional information of either aspect terms or opin-
ion terms is absent, the model’s ability to recognize triplets declines

Terminological Affinity Analysis

3 Both
=3 Only aspect
=1 Only opinion

75.0

F1 score (%)
S

14Lap 14Res 15Res 16Res

significantly. Notably, comparable performance is achieved when only
aspect terms or only opinion terms are provided, as reduced recognition
accuracy of either component directly impacts the overall effectiveness
of triplet extraction.

In Fig. 12(b), each point represents the loss value computed by the
TAE module during each training round. As training progresses, the loss
value demonstrates a steady downward trend, indicating that the pre-
dicted values are increasingly aligned with the true values of the terms.
Furthermore, the loss value is lower when using only single-term infor-
mation. It can be explained by the relatively simpler task of predicting a
single term (either an aspect term or opinion term) as opposed to jointly
predicting both terms. Consequently, the enhancement effect achieved
by using single-term information falls short of expectations.

4.7. Case study

To further explore the performance of the model in actual datasets,
two types of sentences are analyzed: single triplet and multiple triplets,
as shown in Fig. 13, to verify the effectiveness of the model in triplet
extraction.

In example 1, a sentence containing multiple triplets is a very com-
mon phenomenon in daily comments. The generation results after multi-
template enhancement are shown in the figure. In the generation results
of each template, the model accurately generated three correct triplets.
Through the comprehensive selection of five templates, the final triplet

Trend Analysis of TAE Module Loss Dynamics

Both
Only aspect
Only opinion

Loss Value

05

20
Training Rounds

(b)

Fig. 12. Terminological afinity analysis.
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Example 1

Sentence: [t’s fast , light , and simple to use .

Gold:
Template 1: use-fast-POS use-ligth-POS use-simple-POS )¢ Vote

—> X(*5 —> )( o Pick
Template 2: (use,fast,POS) (use,ligth,POS) (use,simple,POS) hx¢ Final Triplets:
Template 3: [use,fast,POS] [use,ligth,POS] [use,simple,POS] )¢ Aspect: use Opinion: fast Sentiment: POS
Template 4:  use-fast-POS use-ligth-POS use-simple-POS )¢ Aspect: use Opinion: light Sentiment: POS
Template 5:  use-fast-POS use-ligth-POS use-simple-POS X Aspect: use Opinion: simple Sentiment: POS
Example 2

Sentence: Made interneting (part of my business ) very di f ficult to maintain .

Gold:
Template 1: interneting-difficult-NEG maintain-difficult-NEG )¢ Vote M %2 —> w Drop
—_— )
Q*3 —> O O Pick
Template 2: (interneting,difficult, NEG) (interneting,difficult, NEG) ¢
Final Triplet:

Template 3: [interneting,difficult, NEG] [interneting,difficult, NEG] <& Aspect: interneting
T 1 4 Opinion: dif ficult
emplate 4: interneting-difficult-NEG interneting-difficult-NEG <& Sentiment: NEG

Template 5: interneting-difficult-NEG maintain-difficult-NEG )¢

Fig. 13. Case study of MPGM. Generated triplets are annotated with distinct symbols and selected via voting.

obtained through the voting mechanism is completely correct and accu-
rately reflects the content of the original sentence.

In example 2, the example sentence contains a triplet, but its
syntactic structure is more complex and includes bracketed explana-
tion components. Due to the different designs of the templates, the
generation effects of each template vary significantly. It should be
noted that each template generates two triplets, and the generated re-
sults of template 1 and template 5 both contain an incorrect triplet
(maintain, difficult, NEG). However, the results generated by template
2, template 3, and template 4 are all two identical and correct triplets.
Therefore, in the voting, the generated results of templates 2, 3, and 4
received 3 votes more than the remaining two votes and are selected
as the final correct triplet extraction results, and the final triplets are
obtained after removing duplicates.

5. Conclusion

In this paper, we have proposed a new model MPGM. It embeds mul-
tiple high-quality prompt templates with strong generation capabilities
into the model and combines the triplets generated by different tem-
plates using a voting mechanism. The TAE module incorporates prompt
information for aspect terms and opinion terms into the training process.
It accurately processes term features through position annotation and a
masking mechanism, ensuring the model can effectively capture the se-
mantic features of both aspect and opinion terms. In addition, D2SCL is
designed to further enhance the model’s ability to capture similarities
and differences between triplets, improving the learning of more dis-
criminative feature representations. During the experiment, the model
demonstrates superior performance when tested on two publicly avail-
able ASTE datasets. Ablation experiments demonstrate the efficacy of
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every component within the model for performance improvement. In
particular, the adoption of multi-template prompts leads to a signifi-
cant improvement in model performance. Finally, visualization exper-
iments are conducted to analyze the impact of each module on model
performance, further confirming the superiority of the proposed model
in addressing ASTE tasks. Future research will focus on a more in-depth
exploration of generative models. Particular attention will be given to
the impact of template quality on model performance, with the goal of
guiding the design of more effective and efficient prompting strategies.
Further efforts will focus on filtering out invalid triplets to enhance the
model’s applicability to ASTE tasks.
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