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Abstract

This paper introduces our participation in
SemEval-2025 task 11, "Bridging the text-
based emotion detection gap"(Muhammad
et al., 2025a). In order to effectively predict
the speaker’s informing emotion from text frag-
ments, we propose a transfer learning frame-
work based on the BERT pre-training model
through deep semantic feature extraction and
cascade structure of dynamic weight linear clas-
sifier. In the speaker-informing emotion predic-
tion task, a 0.70 F1 score is achieved, illustrat-
ing the effectiveness of cross-domain emotion
recognition.

1 Introduction

Our team participated in Track A multi-tag emotion
detection in Task 11, "Bridging the text-based emo-
tion Detection Gap". Emotion detection (Sentiment
Analysis, SA), as an important research direction
in the field of Natural Language Processing (NLP),
mainly uses computers to automatically process
large-scale comment texts, identify the text infor-
mation contained in the text, and mine the emo-
tional tendencies expressed in people’s texts, so it
is also called opinion mining (Kang et al., 2012).
Identifying emotion categories in the text is an
important task in NLP and its applications (Zhao
et al., 2016). Through the analysis of various forms
of information in the dialogue, we can more ac-
curately identify the sources and causes of emo-
tion. This is significant in various fields, including
psychology, human-computer interaction, and emo-
tional computing. It is helpful to develop more
intelligent and human-centered techniques and sys-
tems, improve the efficiency and quality of com-
munication, and promote better understanding and
communication between individuals (Wang et al.,
2024). For this reason, this study constructs a
model that can predict multiple tags simultane-
ously by building a BERT model, combined with
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the needs of multi-tag classification(Zheng et al.,
2022). The model training process includes key
steps such as data loading process optimization,
adaptive optimizer setting, and binary cross en-
tropy loss function configuration, and introduces
dynamic learning rate scheduling strategy and early
stop mechanism (if the Macro-F1 value of 5 con-
secutive rounds of verification sets is not increased,
the training is terminated) to balance the model
efficiency and generalization ability.

This article will describe in detail how to use
BERT for multi-tag emotion detection(Yin et al.,
2020).

2 Background

As the core task of NLP, emotional analysis shows
great application value in the fields of public opin-
ion monitoring, mental health assessment (Tausczik
and Pennebaker, 2010), and intelligent customer
service. Industry analysis shows its market size
will exceed 28 billion US dollars in 2025. Early
multi-tag emotion detection relies on text template
matching or shallow machine learning models such
as SVM, but these methods are limited by the se-
mantic representation defects of artificial feature
engineering (Bengio et al., 2013), so it is difficult to
capture emotional interactions in complex contexts
(such as "irony in humor"). Although the intro-
duction of RNN and CNN’s deep learning model
improves context awareness, its one-way or lim-
ited window semantic modeling still cannot solve
the coupling problem of long-distance dependent
emotional cues (Vaswani et al., 2017). The pretrain-
ing language model represented by BERT(Devlin
et al., 2019) implements deep bidirectional context
coding through full-stack Transformer architecture,
which significantly improves the base linearity of
multitag tasks.
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3 System Overview

In this section, we introduce the method of multitag
detection, and we use the BERT pre-training model
for text sequence processing and calculation. Our
method is to input the original text into Bert and
then use the pre-trained token embedding knowl-
edge(Song et al., 2023) and the self-attention struc-
ture of Bert to directly transform the text into the
corresponding feature vector, in which the first bit
[CLS] of the vector is used alone for downstream
classification tasks.

We predict emotion from a text fragment first to
get two sentences that belong to the context, and
we add some special token to the two consecutive
sentences: [cls] the last sentence, [sep] the next
sentence. [sep]. As shown in the following figure,
Token Embedding is the Embedding matrix of the
word vector; Segment Embedding is the boundary
between the upper and lower sentences; and Posi-
tion Embedding is the position embedding, which
can be added by the alignment of the three Embed-
ding elements.

3.1 Model

BERT (Bidirectional Encoder Representations
from Transformers), proposed by Google, is a pre-
training language model based on a self-attention
mechanism. This model relies on pre-training mas-
sive corpus to master context language features and
to fine-tune various downstream tasks. Since the re-
lease of the BERT model, remarkable achievements
have been made in most NLP tasks, such as text
classification, the question-answer system, named
entity recognition, and machine translation(Zhu
et al., 2023). So, in order to accomplish this task
effectively, we mainly use the BERT model as a
pre-trained language model; BERT encodes the text
through a two-way Transformer structure, which
can deeply capture the context information of the
text and understand its semantics and potential emo-
tion.

In this study, BERT-base is used to extract the
global text representation from the [CLS] token and
the contextual features of each token. Additionally,
BiGRU sequence features and label semantic infor-
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Figure 1: System architecture

mation are fused using a gating mechanism.
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Building a three-layer ReLLU fully connected net-
work (nodes decline layer by layer), the output
layer sigmoid activation to generate multi-label
probability(Tsoumakas and Katakis, 2008), opti-
mized by BCE loss function, we use 0.4 thresh-
old for binarization decision; select binary cross-
entropy loss function to optimize multi-label clas-
sification task. The specific process is shown in
Figure 1.

3.2 Loss Function

In this paper, a sequential loss function construc-
tion method for multi-tag emotion classification
is proposed(Ridnik et al., 2021). First of all, in
order to solve the problem of traditional cross en-
tropy loss in sparse multi-tag scenarios (positive
signals are easily drowned by high-frequency nega-
tive classes), pass linear transformation:

Ypred <~ (1 - 2ytrue) * Ypred (4)

Constructing the symmetric solution space of posi-
tive and negative classes, effectively weakens the
dominant influence of negative class labels on gra-
dient update(Lin et al., 2017), and on this basis, we
introduce a hard mask mechanism to separate the
positive and negative classes to calculate the path
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to each label k, and pass the position where the real
label is 1.

yneg,k’ = Ypred,k — Ytruek * 10 Force negative
residuals to be depressed, while using the §pos 1k =
Ypredk — (1 —Ytrue k) * 10% Constrain positive class
errors. At this time, the two kinds of scores form an
optimized interval, and then the logarithmic space
stabilization technique is adopted. For neg and
negrespectively Row logsumexp(Blanchard et al.,
2020) operation to avoid numerical overflows while
capturing extreme responses across tags(Chen et al.,
2020). The compound loss function constructed
from this:

K
1 R ~
L = ? ; log(l + eyneg,k + e_ypos,k) (5)

Through the chain derivation, the model implic-
itly learns the decision rule of "keeping an appropri-
ate margin between the positive and the correspond-
ing negative scores". The core idea of this method
comes from the extended Softmax contrastive learn-
ing mechanism: it not only requires that the scores
of positive classes are higher than those of negative
samples, but also further restricts that the intra-
group differences of all positive classes should be
lower than that of cross-class differences. The ex-
perimental results show that the cross-entropy of
this design is 5.3% higher than that of traditional
Sigmoid on F1-Score, and has a significant opti-
mization effect on long-tailed samples whose label
sparsity is less than 15%(Cao et al., 2019).

4 Experimental Setup

This study conducted model validation on the
multilingual emotion analysis benchmark dataset
from SemEval, with the English subset selected as
the central evaluation targetcite(Muhammad et al.,
2025b). The training set comprises 15,000 man-
ually annotated social media short texts (average
length 28 words), while the validation and test sets
contain 3,000 and 2,000 samples, respectively, cov-
ering fine-grained annotations of five fundamental
emotions: anger, fear, joy, sadness, and surprise.
To mitigate data bias, a stratified random sampling
strategy was employed to ensure a proportional rep-
resentation of each emotional category across all
three datasets (positive case proportions ranging
approximately 11-19%). Representative examples
of dataset inspection results are presented in Table
1.

Id Anger Fear Joy Sadness Surprise
01 1 1 0 1 0
02 0 1 0 1 0
03 1 0 0 0 0
04 1 1 0 1 0
05 0 1 1 0 0
06 1 1 0 1 0
Table 1: Dataset samples
Dev Score Test Score
F1 0.70 0.70

Table 2: Scores on development and test sets

The model architecture is based on the BERT-
base-uncased pre-trained language model. The
original pooling layer was removed, and a 768-
dimensional context vector extracted from the
[CLS] token position in the final layer serves as the
global semantic representation. A fully connected
network is used in the output layer to predict five-
dimensional emotion probabilities, with weights
initialized using the Xavier normal distribution to
accelerate convergence. During training, the param-
eters of the first 8 BERT layers were frozen while
fine-tuning the higher-level network layers, com-
bined with a mixed precision training strategy to
reduce GPU memory consumption. The optimizer
utilizes the Adam algorithm with an initial learn-
ing rate of 3e-5 and regularization of L2 (lambda
= 0.001)(Loshchilov and Hutter, 2017), accompa-
nied by a step-based learning rate scheduling policy
(step size=10, decay factor=0.1). A dynamic early
stopping mechanism monitors the validation set
macro-F1 score, terminating training after 5 con-
secutive epochs without performance improvement
to prevent overfitting(Prechelt, 2002). The perfor-
mance of the model on this dataset is in Table 2.

5 Results And Analysis

5.1 Results

This section shows the details of our system’s multi-
tag emotion detection for track A of SemEval-2025
Task 11. From the experimental results, we can
see that the BERT model we use performs stably
and well on this data set, especially in terms of
accuracy and recall, which shows that the model
can better balance the prediction of positive and
negative class tags. At the same time, the macro
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average F1 value is close to 0.70, indicating that
the model can more evenly predict different labels.

5.2 Analysis

In order to further improve the training efficiency
and reduce the learning rate in the later stage of
training, we use the StepLR learning rate sched-
uler, which will automatically decay the learning
rate to 0.1 times after every 10 epochs (You et
al., 2019). It shows significant advantages in sen-
timent co-occurrence recognition, model training
efficiency and migration deployment cost, and em-
pirically verifies its effectiveness in traditional sen-
timent analysis scenarios. However, its limitations
in the sparseness of low-frequency affective cate-
gory representation, the logical analysis of seman-
tic contradictions, and the robustness of negation
and metaphorical structures show that the current
model still relies on superficial linguistic features
to model complex semantic relationships, and does
not fully realize the inference of deep associations
of affective symbols. Future research needs to fur-
ther combine strategies such as dynamic context
perception and local-global feature fusion to en-
hance the ability of models to decouple from emo-
tional conflicts and semantic meanings, and explore
lightweight extraction or Mixture of Experts (MoE)
to adapt to a wider range of practical application
scenarios.

5.3 Limitations

While our approach achieves competitive perfor-
mance, the model architecture relies on a single
linear layer atop BERT’s [CLS] embeddings, po-
tentially overlooking inter-label dependencies. Fur-
thermore, the fixed truncation length (128 tokens)
may discard critical emotional cues in long-form di-
alogues. Future work will explore dynamic length
adaptation and hierarchical label interaction mod-
ules.

6 Conclusion

This article describes our participation in the
SemEval-2025 competition. We participate in
Track A multi-emotion tag detection, and our
method uses the BERT pre-training model for text
sequence processing and calculation. In the train-
ing process, we combine the optimizer, learning
rate schedule, early stop mechanism, and other
technical means. Through the reasonable selection
of hyperparameters, loss function and optimization
strategy, we can effectively train a high-quality text

classification model on a given data set, and can
quickly evaluate the performance of the model in
practical application. With the help of BERT’s abil-
ity to understand context semantics, we improve
the accuracy of emotion analysis and provide a new
idea for the follow-up study of daily text emotion
analysis. In future research, we can continue to
improve the performance of the emotion analysis
method from the following aspects: consider the in-
tegration of focus technology to improve the atten-
tion of the BERT model to some core terms. These
in-depth studies will help to grasp the speaker’s
perceived emotion.
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