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Abstract

Aspect-level sentiment analysis aims to determine the sentiment polarity toward
specific aspects in reviews; however, few studies have investigated the impact
of complex sentences on sentiment classification. Based on this, we propose
an aspect-level sentiment analysis model based on BERT and a self-attention
network with relative position. First, a dynamic weighted sampling method is
employed to address the scarcity of contrastive sentences, enabling the model
to learn more feature information from such sentences. Second, a dual-head
self-attention network is utilized to extract feature representations with relative
position, which are jointly trained with the absolute position feature representa-
tions obtained from the pre-trained model. Finally, label balancing techniques
are applied to regularize the model, stabilizing its identification of neutral sam-
ples. The model is evaluated on SemEval 2014 Task 4 Sub Task 2, demon-
strating improvements in both Accuracy and Macro-fl metrics on two datasets.
Experimental results show that the model is effective in contrastive sentence
classification and also outperforms other baseline models on the entire test set.
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Preamble

Handling Contrastive Sentences in Sentiment Analysis with Attention
Networks
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neering, Jiangsu Vocational College of Information Technology, Wuxi, Jiangsu
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Abstract: Aspect-level sentiment analysis aims to determine the sentiment
polarity towards specific aspects in reviews. However, little research has investi-
gated the influence of complex sentences on sentiment classification. To address
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this gap, we propose an aspect-level sentiment analysis model based on BERT
and a self-attention network with relative position encoding. First, we employ
a dynamic weighted sampling method to balance the scarcity of contrastive sen-
tences, enabling the model to learn more features from these critical samples.
Second, we utilize a dual-head self-attention network to extract feature rep-
resentations with relative position information, which are jointly trained with
absolute position representations obtained from the pre-trained model. Finally,
we apply label balancing techniques for model regularization to stabilize iden-
tification of neutral samples. Our model is evaluated on SemEval 2014 Task 4
Sub Task 2, demonstrating improvements in both Accuracy and Macro-F1 met-
rics across two datasets. Experimental results confirm the model s effectiveness
for contrastive sentence classification and its superior performance over baseline
models on the entire test set.

Keywords: aspect-level sentiment analysis; contrastive sentences; attention
network; BERT model; relative position encoding

0 Introduction

Text sentiment analysis enables enterprises to accurately analyze user evalua-
tions of product features, providing effective references for detailed product im-
provement strategies. Fine-grained sentiment analysis methods have attracted
significant attention from both academia and industry due to their wide appli-
cation in dialogue systems, online reviews, and social networks [?]. Aspect-level
sentiment classification (ASC) [?] represents a fine-grained sentiment analysis
task that aims to determine the sentiment polarity (positive, negative, or neu-
tral) of aspect terms within a sentence. A sentence may contain multiple aspect
terms, each potentially bearing different sentiment polarities, necessitating spec-
ification of target aspects for accurate polarity determination.

In recent years, deep learning has demonstrated strong performance in senti-
ment analysis by automatically constructing neural networks for feature extrac-
tion [?]. Pre-trained models (PTMs) such as BERT [?] represent state-of-the-
art approaches, achieving leading performance on GLUE benchmarks including
text classification. BERT is a language model pre-trained on large Wikipedia
corpora, with its specialized architecture enabling fine-tuning for supervised
downstream tasks like ASC. While PTMs acquire general linguistic knowledge
from massive corpora, effectively adapting this knowledge to downstream tasks
remains a critical challenge [?]. Additionally, since Wikipedia articles are pre-
dominantly objective statements rather than subjective reviews with sentiment,
BERT learns insufficient emotional content. This limitation, combined with the
small training samples typically available for ASC, poses severe challenges for
this already complex task [?].

Moreover, ASC tasks suffer from both limited labeled data and complex sen-
tence structures, including contrastive sentiment sentences, implicit sentiment
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sentences, and misleading neutral reviews. Table 1 illustrates these challenges:
the review “air has higher resolution but the fonts are small” contains two target
aspects ( “resolution” and “fonts” ) with opposing polarities ( “higher” as posi-
tive, “small” as negative). In “The waiter poured water on my hand and walked
away,” no explicit sentiment words appear, yet the target aspect “waiter” clearly
conveys negative sentiment. The review “The service was typical short-order,
dinner type” expresses neutrality toward “service” through very subtle language.
Such complex sentences exceed the learning capacity of existing models [?].

This paper investigates BERT’ s limitations as a pre-trained model and analyzes
the distribution and characteristics of complex sentences in ASC datasets. Build-
ing upon BERT-DK [?], we optimize fine-tuning techniques related to complex
sentence features in sampling and feature extraction. Our main contributions
include: (1) empirical analysis of error samples on the validation set to sys-
tematically summarize characteristics of hard-to-classify instances; (2) a novel
aspect-level sentiment analysis framework that improves classification perfor-
mance for both complex sentences and overall test samples; (3) joint training
of relative position features extracted via attention modules with absolute po-
sition features from BERT-DK to enhance positional information capture; and
(4) the first application of weighted random sampling to aspect-level sentiment
analysis.

1 Related Work
1.1 Aspect-Level Sentiment Analysis

ASC tasks can be trained independently or jointly with Aspect Extraction (AE)
[?, ?]. ASC requires attention to subtle opinions about specific aspects, making
it more complex than document-level or sentence-level classification [?]. The
small-sample problem in ASC has received considerable research attention, typ-
ically addressed through two approaches: model optimization to better capture
syntactic and semantic features, and augmentation with external sentiment lex-
icons or in-domain corpora.

For model optimization, Sun Chi et al. [?] transformed ASC from single-sentence
classification to sentence-pair classification by constructing auxiliary sentences
for aspects, similar to machine reading comprehension and natural language in-
ference tasks, achieving better performance through BERT fine-tuning. Karimi
et al. [?] proposed BERT Adversarial Training (BAT), using adversarial pro-
cesses to generate data similar to real examples in embedding space for joint
adversarial training of AE and ASC tasks. For external knowledge integration,
He Ruidan et al. [?] proposed the PRET+MULT framework, transferring sen-
timent knowledge from document-level classification trained on Amazon review
datasets to ASC through shared shallow embeddings and LSTM layers. Xu
et al. [?] introduced a post-training approach using additional domain-specific
data to adapt BERT from its source domain to the ASC domain and task.

However, recent neural network methods have paid limited attention to com-
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plex sentences in ASC datasets. Xu Hu et al. [?] demonstrated through con-
crete data and experiments that contrastive sentences (sentences with multiple
aspects bearing different polarities) are extremely rare in ASC datasets, caus-
ing existing ASC classifiers to inadequately learn these patterns and “degrade”
to sentence-level classifiers. They proposed an Adaptive Re-weighting (ARW)
scheme that assigns each training sample a weight representing training impor-
tance, dynamically guiding the model to emphasize contrastive sentence training
and effectively improving their classification. Li Zhengyan et al. [?] studied im-
plicit sentiment sentences specifically, partitioning ASC datasets into explicit
and implicit sentiment expression slices, finding approximately 30% of reviews
contain implicit sentiment expressions. They introduced external sentiment
knowledge through supervised contrastive pre-training on large-scale sentiment-
annotated corpora, aligning implicit expressions with same-label explicit expres-
sions, and employed aspect-aware fine-tuning to improve aspect-based sentiment
recognition.

1.2 Adjusting Sample Weights

Most machine learning algorithms for classification assume balanced classes,
yet appropriately balanced data is uncommon in real-world scenarios. Natural
language processing tasks frequently exhibit class imbalance, most classically
in sequence labeling where categories are severely imbalanced [?]. In named
entity recognition, entities are obviously far fewer than non-entities, creating
severe imbalance. A fundamental approach to mitigating class imbalance is
adjusting sample weights [?], assigning higher weights to minority class samples
so their error losses contribute more to network weight updates. Sample weight
adjustment has been applied in domain adaptation [?] and sentiment analysis
[?], though with completely different weighting purposes and methods. This
paper improves the influence of rare but critical samples in training by adjusting
contrastive sentence sampling weights.

1.3 Self-Attention Mechanism

Since its introduction, the self-attention mechanism [?] has rapidly advanced nat-
ural language processing. For tasks like text classification and recommendation
where input is a sequence but output is not, attention can learn relationships
between each token and relevant tokens in the same input sequence. Attention
weights aim to capture how two words in the same sequence are related, where
the relevance concept depends on the primary task [?].

For a given word embedding output sequence, three vectors (Q-query, K-key,
V-value) are created for each sequence position. Attention is then implemented
using Q, K, V for each position, yielding output containing information about
the position and its relationships with all other positions. These Q, K, V vectors
are generated using feed-forward layers. The self-attention calculation formula
is:
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KT
Attention(Q, K, V) = softmax (Q ) 1%

Vi

For a given word vector dimension d, 4., multi-head self-attention performs
attention h times on projection matrices (Q, K, V) of dimension d, 4. For
each head, self-attention (Q, K, V) is uniquely projected to dimension d,, 4/ h,
with output dimension also d,,,4./h. Each head’ s output is concatenated and
linearly projected again to obtain output with the same dimension as performing
self-attention once on the original (Q, K, V) matrices. The entire process is
described by:

MultiHead(Q, K, V) = Concat(head;, ... , head,, )W ©
where head, = Attention(QVViQ7 KWE vwY)

Projection weight matrices are WiQ € Rimoderdic WK ¢ Rimoacrxdr WV ¢
[Rdmodelev’ and WO = [thdemodel_

When designing ASC “pre-training + fine-tuning” architectures, self-attention
mechanisms are frequently applied in downstream task fine-tuning [?]. BERT
and similar pre-trained models are fundamentally Transformers with two
main components: self-attention and position-wise feed-forward layers, both
permutation-equivariant and insensitive to input token order. To make models
position-aware, absolute position encoding is added to word embeddings at
each character position through self-attention mechanisms. However, this
absolute position encoding approach causes loss of some fragment position
information [?].

Inspired by Shaw et al. [?], this paper proposes DWS+RpSAN to address
BERT’ s position information loss and complex sentence challenges in ASC tasks.
The main differences from previous work are: (1) treating contrastive sentence
scarcity as a simple class imbalance problem and dynamically adjusting training
sample sampling weights to increase contrastive sentence sampling frequency;
(2) combining absolute position features extracted by BERT pre-training with
relative position features extracted by self-attention modules through parallel
training, compensating for pre-trained models’ deficiencies in position informa-
tion extraction.

2 Dataset Analysis

We evaluate our algorithm on the popular ABSA benchmark dataset SemEval
2014 Task 4 Sub Task 2 [?], which covers two domains: restaurants (Rest) and
laptops (Lap). The dataset includes three sentiment labels: positive, negative,
and neutral. Each review contains zero, one, or multiple target aspects with
irregular lexical units and syntactic patterns, making the data noisy, sparse,
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and high-dimensional. For fair comparison with prior work and ensuring exper-
imental consistency, we adopt the data processing from Xu Hu et al. [?], which
removes conflicting sentences from the original dataset, adds “contra” labels to
each review, and extracts contrastive sentences from the test set to create an
independent dataset for performance comparison. Detailed statistics are shown
in Tables 2 and 3.

Pontiki et al. [?] observed during annotation that laptop reviews often treat the
product as a whole, and when commenting on specific aspects, users typically
use adjectives to implicitly refer to aspects (e.g., “expensive,” “heavy” ) rather
than explicit target terms (e.g., “price,”weight”). Consequently, the Rest dataset
contains more target aspects. As shown in Table 2, aspect-containing sentences
comprise 75% of the Rest training set but only 47.75% of the Lap training set.
Additionally, laptop reviews frequently mention functional descriptions without
expressing sentiment (e.g., “Has a 5-6 hour battery life” ), resulting in more
neutral samples in the Lap dataset.

Contrastive sentiment sentences, which best demonstrate and evaluate fine-
grained sentiment classification performance, are rare in both domains’ training
and test sets. Contrastive sentences constitute approximately 16% of the Rest
training set and only 11% of the Lap training set—fewer even than annotation
errors (which can be considered noise). Machine learning models trained on such
contrastive-scarce datasets tend to degrade into coarse-grained (sentence-level)
sentiment classifiers. For example, the review “The screen is good and also the
battery” contains two target aspects ( “screen” and “battery” ) with positive
polarity for both, making the entire sentence positive. The model processes
such reviews essentially as sentence-level classification tasks. Since most sam-
ples dominate training, rare but important samples are easily overlooked and
may even be treated as noise, representing a common and widespread problem
for machine learning models that can be viewed as imbalanced data issues.

3 Methodology
3.1 Problem Definition

Given a context sequence X = {zy,%g,...,%,} where aspect term a =
{xi,...,xj} is a subsequence of X, the aspect-level sentiment analysis task
aims to predict the sentiment orientation of target aspect a in sentence X.
Figure 1 illustrates the overall architecture of the proposed Relative Position
Self-Attention Encoder Network (DWS+RPSAN), which primarily consists of
a domain-aware BERT-DK embedding layer, a relative position self-attention
encoder layer, and an output layer.

3.2 Dynamic Weighted Random Sampling

Given that contrastive sentences are critical yet rare for fine-grained sentiment
analysis, we must consider how to enable machine learning models to learn
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from these scarce samples. Assuming the dataset is divided into contrastive
and non-contrastive classes {C.ontras Cnocontrats With uniform random sampling
probabilities p(z € ¢;) = #ﬁ{r:iip we observe that the Rest training set has
Chocontra © Ccontra ~ O @ 1 while the Lap training set shows 9 : 1 imbalance.
Training on such datasets exposes models to non-contrastive sentences far more
frequently than contrastive ones, making it difficult for deep learning models to

learn from rare samples.

Gao et al. [?] found that during early training stages, most samples’ losses dom-
inate the total loss and determine model parameter update directions. In later
iterations, although rare samples may dominate the total loss, they might not
contribute sufficiently. In the worst case, when the optimizer begins overfit-
ting minor details in majority samples, it may only then consider losses from
rare examples, meaning validation might stop training before rare samples are
well-optimized.

To address this issue where rare but important samples are easily overlooked,
we must solve two problems: (1) increase contrastive sentence samples during
early training stages, and (2) increase (or rebalance) sampling opportunities
for poorly-optimized samples before the validation process finds the optimal
model. A natural solution is balancing the training set through majority-class
oversampling or minority-class oversampling. Since data is extremely sparse,
undersampling the majority class is suboptimal as it may lose meaningful sam-
ples. Therefore, oversampling the minority class is preferable [?]. Deep learning
models typically train on a batch-by-batch basis, making per-class weight ad-
justment natural at the end of each epoch when every sample has participated
in learning once, allowing the model to focus on poorly-handled (misclassified)
samples.

Based on this analysis, our goal is to design a dynamic adaptive scheme that con-
tinuously adjusts sampling weights for known contrastive sentences in the train-
ing set. Since probability values cannot explicitly indicate whether the model
errs on a sample, we use accuracy-based weighting, assigning greater sampling
weights to contrastive sentences. To prevent over-adaptation to the minority
class, after each epoch we identify misclassified samples and their classes, dy-
namically updating weights based on validation set error rates for both classes.

Let wgn) denote the sampling weight for class ¢ in epoch n, with initial weights

init _ total__samples init __ total samples .
set as Weontra = fotal samples— N and wiseontra = N The weight

update formula is:

(n—1)

9

win) _ wgnfl)

+ € X error__rate
where errorirateénfl) is the validation set classification error rate for class ¢ in
epoch n — 1, and ¢ is an update factor regulating the influence of misclassified
sample categories on weighted sampling. Larger € values increase the impact
of misclassified categories on T—#i%EfX weighted sampling. We experimented
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with ¢ € {0.0,0.05,0.1,0.15,0.2,0.25,0.3}. When ¢ = 0.0, sampling weights re-
main at initialization, already providing some performance improvement on con-
trastive sentence classification. Performance initially increases then decreases
with larger €, peaking at ¢ = 0.1, indicating that excessive € overemphasizes
classification results’ influence on sampling weights.

3.3 BERT-DK Embedding Layer

The word embedding layer uses the pre-trained BERT-DK model [?] to generate
sequence word vectors. This model addresses BERT’s insufficient learning of sen-
timent content and poor applicability to review classification, particularly fine-
grained sentiment analysis. It first performs masked language modeling, then
uses unsupervised domain-specific (restaurant or laptop) review datasets for
sentence prediction on pre-trained BERT weights, enhancing domain awareness
before fine-tuning with supervised ASC data. Word vectors processed through
the BERT-DK layer thus possess domain awareness to some extent.

3.4 Relative Position Self-Attention Layer

Attention mechanisms are non-recurrent models that cannot capture element
order in input sequences, requiring explicit position encoding. Currently, three
embedding methods are common: sinusoidal position encoding, learned position
encoding, and relative position representation. The BERT-DK embedding mod-
ule already uses sinusoidal signals to embed absolute position information for se-
quence processing, but relative position information is lost during self-attention
computation, causing deviation from actual fine-tuning data. To incorporate
this missing relative position information, we adopt relative position embed-
dings proposed by Shaw et al. [?]. Rather than using fixed embeddings per
position, relative position embeddings generate different learned embeddings
based on offsets between “key” and “query” in the self-attention mechanism.

Building upon original self-attention, we introduce two position-related vectors:

af?, al‘g € Rmodel

These learn relative position information between every two sequence positions
using a set of trainable embedding vectors to represent each word’ s position
encoding in the input sentence. When computing attention features for target
word z; on x;, these two vectors are additionally considered. We also introduce
a tunable parameter k to limit the maximum distance between two sequence
positions. Experiments tried k& € {1,2,...,12}, finding no improvement when
k > 8, indicating attention is relatively sensitive to relative positions within an 8-
token window. Beyond this window, relative positions need not be distinguished,
and we replace them with average pooling of embeddings within the window
(gram=8). Defining these as trainable vectors essentially learns relative position
information between every two sequence positions.

chinarxiv.org/items/chinaxiv-202205.00093 Machine Translation


https://chinarxiv.org/items/chinaxiv-202205.00093

ChinaRxiv [$X]

3.5 Classification Model

Existing ASC models exhibit unstable performance on neutral sentiment clas-
sification, tending to misclassify neutral samples as positive/negative or vice
versa. The BERT-DK+DWS+RPSAN model introduces a Label Smoothing
Regularization (LSR) term [?] into the original cross-entropy loss function to
penalize low-entropy output distributions and suppress model confidence, sta-
bilizing neutral class identification. For training sample x, assuming its actual
probability distribution is g(k|x), the smoothed distribution is:

¢ (klz) = (1 = Nq(klz) + Au(k)

where u(k) is the prior probability distribution over labels and A is the smooth-
ing parameter. In experiments, the prior label distribution is uniformly set as

u(k) = 1/C.

LSR is equivalent to the KL divergence between prior label distribution w(k)
and model prediction distribution p,(k|z). The LSR definition is:

Lyge = KL(u(k)[po(k|z))

Thus, LSR adds a cross-entropy loss to the original cross-entropy loss. The
entire model’ s objective function (loss function) to be optimized is:

L= LAbsolute + LRelative + Llsr

where Lapsoiute 31d Lpelative r€present cross-entropy losses for absolute and
relative position feature representations, respectively.

The parameter optimization process for BERT-DK+DWS+RPSAN is shown in
Algorithm 1. The algorithm comprises three stages: dynamic weighted random
sampling, BERT-DK word embedding preprocessing, and joint fine-tuning with
relative position self-attention mechanism.

4 Experiments
4.1 Experimental Environment and Hyperparameter Settings

All experiments and benchmarks run on a single GPU (GTX 1080 Ti) with an
Intel Core i7-8700K@4.7 GHz CPU and 16GB RAM.

For fine-tuning, hyperparameters generally align with referenced experiments,
with adjustments for new model characteristics. The self-attention module’ s
multi-head count matches Shaw et al. [?], with 2 heads yielding optimal results.
For dropout rate, unlike the high 0.7 rate in prior work, we prefer a lower
0.1 rate, consistent with typical BERT sentiment classification settings. Initial
learning rates of 2e-5 and 3e-5 have been validated as effective for Rest and
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Lap datasets, respectively. Through extensive ablation experiments, we found
setting Rest’ s initial learning rate to 2e-5 and Lap’ s to 3e-5 is optimal, likely
because Rest contains more aspect-level sentences than Lap. Batch size is set to
32, consistent with BERT-DK, with each batch constructed through weighted
random sampling from the training set. Training uses 20 epochs, saving the
model with maximum accuracy. The relative position self-attention model’ s
word vector dimension d,, 4, matches BERT-DK’ s 300-dimensional output.
Adam optimizer updates all parameters with label smoothing parameter A = 0.2.
All results are averaged over 10 runs.

4.2 Baseline Models

We select four classifiers as baselines and conduct ablation studies on our pro-
posed modules, demonstrating that all components contribute to final perfor-
mance. Dynamic weighted random sampling provides the greatest contribution
on the Rest dataset, while the relative position self-attention layer contributes
most on the Lap dataset.

AOA [?]: Introduces an attention-over-attention neural network that jointly
models target aspects and sentences, explicitly capturing interactions between
aspects and sentence contexts.

MGAN [?]: Proposes a multi-grained attention network framework that also
uses target aspect alignment loss to describe aspect-level interactions between
target aspects with the same context.

BERT-DK [?]: Builds upon BERT by first performing masked language mod-
eling (MLM) and next sentence prediction (NSP) using domain-specific (laptop
or restaurant) reviews on pre-trained BERT weights, then fine-tuning with su-
pervised ASC data.

4.3 Experimental Results and Discussion

Model performance is evaluated using Accuracy and Macro-F1 metrics. Table
4 summarizes all experimental results.

Dynamic weighted sampling improves contrastive test set performance by ap-
proximately 8.4% on Rest and 11% on Lap compared to BERT-DK, and by
about 2% compared to BERT-DK alone. After weighted sampling, full dataset
performance improves on Rest but slightly decreases on Lap, possibly because
weighted sampling is unsuitable for learning when Lap’ s noisy samples (anno-
tation errors) far exceed contrastive sentences, causing the model to learn more
annotation errors and degrade overall performance.

BERT-DK+RPSAN improves contrastive test set performance by approxi-
mately 6.4% on Rest and 15.5% on Lap, achieving optimal performance on Lap’
s contrastive test set. Compared to BERT-DK, it shows slight improvement on
Rest’ s contrastive test set and approximately 4.5% improvement on Lap’ s.
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Full dataset performance improves over both BERT-DK and BERT-DK+ARW
on both domains.

BERT-DK+DWS+RPSAN shows performance improvements across all metrics
except slightly lower performance on Lap’ s contrastive test set compared to
BERT-DK+RPSAN without weighted sampling. The improvement is particu-
larly significant on Rest’ s contrastive test set, proving our approach effective,
especially for enhancing overall performance on contrastive sentences and truly
testing fine-grained sentiment classification capability.

Figure 2 shows the distribution of non-contrastive and contrastive sentence
classes sampled from the last 10 batches of the Rest test set using random sam-
pling versus dynamic weighted random sampling. Weighted random sampling
effectively balances the severe scarcity of critical contrastive sentences.

Table 5 analyzes hard samples on the validation set for BERT-DK+DWS, defin-
ing “Hard Samples” as those misclassified more than 5 times across 10 runs.
Analysis reveals the model is most error-prone on neutral classification (over
70% of hard samples in both datasets), tending to predict neutral labels as
other polarities or vice versa. This likely stems from neutral sentiment being in-
herently ambiguous and unreliable human annotation. Additionally, sentences
containing comparative opinions (including contrastive sentences) show high er-
ror rates (over 58% in both datasets: 20 in Rest, 18 in Lap), with aspect term
position being critically important.

Two non-contrastive hard samples illustrate neutral classification instability and
how relative distance between aspect terms and sentiment words affects classifi-
cation difficulty when comparative opinions exist in the sentence (Figures 3 and
4). After adding the relative position self-attention module, HardSamplel’ s
aspect term [leather carrying case| errors decrease from 7 to 4 in 10 predictions,
no longer qualifying as a hard sample. HardSample2' s aspect term [applica-
tion] errors decrease from 10 to 8 but remain hard. This demonstrates that
self-attention modules improve neutral class discrimination and model gener-
alization, while also showing that neutral instability and comparative opinion
sentences remain bottlenecks in ASC tasks—our future research focus. Label
Smoothing Regularization (LSR) improves neutral sample prediction accuracy
by approximately 0.12-0.2% across three ablation models, though Table 4 does
not detail these increments.

5 Conclusion

This study addresses BERT® s position information loss in sentiment classifi-
cation tasks through empirical analysis of hard samples on the validation set,
confirming the importance of position information for classification. Further
investigation of complex sentences in ASC datasets reveals that improving ASC
classifier performance requires not only solving contrastive sentence scarcity but
also addressing neutral class instability and challenges posed by comparative
opinions in sentences for accurate aspect-specific classification. We balance con-
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trastive and non-contrastive training samples through dynamic weighted sam-
pling, jointly train relative position features from self-attention networks with
absolute position features from pre-trained models, and apply label smooth-
ing regularization. Experimental results demonstrate our model achieves new
breakthroughs in handling contrastive sentences crucial for ASC tasks while
maintaining excellent classification performance on the entire test set.
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