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Abstract

SemEval-2025 Task 11 Track A involves iden-
tifying all emotions present in a given text seg-
ment (Muhammad et al., 2025b). This paper
proposes a prompt engineering framework de-
signed to enhance the performance of genera-
tive models on multi-label classification. The
proposed prompting framework adds elements
such as character definitions, task descriptions,
skill requirements, goal settings, constraints,
workflows, examples, output format constraints
to the original simple prompt. It integrates
structured and context-sensitive prompt tem-
plates and instruction fine-tuning strategies
of Low Rank Adaptation of Large Language
Models to improve classification accuracy. In
the evaluation experiments, the proposed ap-
proach reached a macro F1 score of 0.849.
Our approach demonstrates the effectiveness
of prompt-based methods in improving multi-
label emotion classification with fine-tuned gen-
erative models.

1 Introduction

In this article, we present an approach for address-
ing the SemEval-2025 Task 11 Track A task which
is focusing on perceiving emotion and focusing on
determining what emotion most people will think
the speaker may be feeling given a sentence or short
text snippet uttered by the speaker. Emotions that
need to be accurately identified include joy, fear,
surprise, sadness, and anger (Muhammad et al.,
2025a).

Emotion detection involves identifying and un-
derstanding human emotions through various meth-
ods including facial analysis, speech analysis, text
analysis, and so on. The task focuses on text analy-
sis, specifically sentiment analysis, is a method of
emotion detection that uses natural language pro-
cessing (NLP) to analyse written text and determine
the sentiment or emotion expressed. This technique
helps gauge public opinion, understand customer
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feedback, and detect emotions in online communi-
cation. Sentiment analysis can determine if a text
expresses a positive, negative, or neutral sentiment.
It is useful for various applications, including social
media monitoring, brand reputation management,
and customer service (Burkhardt et al., 2009).

In this task, we use a generative large language
model that has been fine-tuned with instructions.
LLMs fine-tuned through instructions can provide
answers to some extent. However, due to the un-
certainty in the generation of language models, the
answers often do not correspond to the specified
categories of emotions, and the accuracy of the
answers is not very high. Therefore, we have de-
signed a prompt engineering framework to help the
model generate better responses and ensure that
the model only outputs the specified categories of
emotions.

2 Related Work

Sentiment Analysis involves various methods,
which can be categorized into two primary ap-
proaches: machine learning-based, and deep
learning-based methods (Zhou, 2024).

Using machine learning to solve the problem of
multi-label classification involves data preprocess-
ing, including data collection, data cleaning, label
encoding (one-hot encoding), and feature extrac-
tion (TF-IDF and Word2 Vec); selecting appropriate
models, such as decision trees, random forests, sup-
port vector machines, or some ensemble models
like XGBoost (Sonawane et al., 2018).

In addition, deep learning can also be used to
solve multi-label classification problems. Apart
from some data preprocessing stages, deep learn-
ing can choose neural networks as models, includ-
ing feed-forward neural networks, convolutional
neural networks, recurrent neural networks, and
Transformers, among others. For example, ad-
versarial networks and temporal convolution net-
works can be used for emotion recognition in Man-
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Figure 1: Overview of the system

darin (Li et al., 2023).For transformer architecture,
the most representative ones, Bert, GPT and T5
can be used for language understanding tasks and
text generation tasks, respectively. BERT can ex-
tract the embedding representation of text and then
perform multi-text classification through a linear
classifier (Yang et al., 2024). On the other hand, a
generative model fine-tuned with instructions can
complete text classification tasks under specific
instructions (Edwards et al., 2021). Due to the
large number of parameters in such models and
their training on vast amounts of data, they are
also referred to as large language models. TS is a
complete Transformer architecture, which has been
used in previous research combined with Chain Of
Thought for sentiment classification (Rusnachenko
and Liang, 2024).

3 System Overview

Our method can improve the performance of multi-
label classification tasks by designing an effective
prompt engineering framework and using LoRA
fine-tuning techniques to constrain the output of
generative models, preventing the generation of
invalid classification results.

3.1 Low-Rank Adaptation of Large Language
Models

Fine-tuning a model in full often requires more re-
sources. Low-Rank Adaptation is a technique that
freezes the pre-trained model weights and injects
trainable rank decomposition matrices into each
layer of Transformer architecture, greatly reducing
the number of trainable parameters for downstream
tasks. It means that LoRA can train with a smaller
number of parameters to achieve the same effect
as fine-tuning (Hu et al., 2022). For simplifying
LoRA fine tuning model, we utilize the LLaMA-
Factory (Zheng et al., 2024) to fine tune the LLM.

Before fine-tuning, we need to preprocess the
original dataset to obtain an object containing the
fields of instruction and output, which will be
used for training with LLaMA-Factory.

3.2 Prompt Engineer Framework

For large language models, different prompts can
produce different results. Designing a comprehen-
sive and effective prompt framework can help the
model better handle the corresponding tasks.

We established a simple baseline to explore the
ability of LLMs to perform classification tasks un-
der simple instructions shown as in Table 1. The
simple instruction consists of "Please determine the
emotion of text" and the text snippet from dataset.
The output is a string where 0 indicates that the
emotion does not exist in the text, and 1 indicates
that it does exist, with different types of emotions
separated by commas.

Furthermore, we design a prompt engineer
framework to improve the output of model. In this
framework, there are nine elements including: role
definition, task description, skill requirements, goal
setting, constraints, workflow, examples, output for-
mat, and startup instructions, The proposed prompt
engineer framework ensures the LLM can under-
stand the task and generate correct outputs. For the
format of output, we adopted a simple request to
indicate whether emotions exist. Table 2 shows an
example of a training sample that includes the key
element used for fine tuning.

Table 1: Example of a Training Sample with simple
instructions

'd N\
Text: "Colorado, middle of nowhere."

Anger Fear Joy Sadness Surprise
0 1 0 0 1

Instruction: Please determine the emotion of text.
The text is + text
output: "anger:0,fear:1,joy:0,sadness:0,surprise:1"

The specific instruction is displayed in the Figure
2.

In this toy example, we defined the interactive
roles to provide background information, explain-
ing that the model needs to analyse the dialogue to
determine the emotions expressed by the speaker.
The specific task description requires that the role
analyze based on the text content, without consid-
ering factors like voice or facial expressions. The
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Table 2: Example of a Training Sample with prompt
framework

4 N\
Text: "Colorado, middle of nowhere."

Anger Fear Joy Sadness Surprise
0 1 0 0 1

Instruction:

- Role: ...

- Background: ...

- Profile: ...

- Skills: ...

- Goals: ...

- Workflow: ...

- Examples: ...

- OutputFormat: ...

- Start: Speakerl: + text

output: "anger:0,fear:1,joy:0,sadness:0,surprise:1"

role is only required to have advanced language
comprehension, emotion recognition, and dialogue
analysis abilities, with the primary goal being to
use binary labels to identify the presence or absence
of each emotion. The constraints specify that the
analysis should be based solely on the text content,
serving as a supplement to the task description. In
the workflow, it details how the role should com-
plete the task, using a Chain-Of-Thought approach.
Figure 2 shows three strong examples and their
analysis results to help understand how the role
applies the written steps and labels. The output for-
mat specifies the format of the output, and finally,
a startup instruction is used to initiate the process.

4 Experiment

4.1 Datasets

The dataset used in this paper is a subset of the
competition data, focusing only English language.
The English dataset consists of training, develop-
ment and test sets. each entries contains: ID, A
piece of text, and emotion labels(anger, fear, joy,
sadness, surprise).

The datasets includes three subsets: A training
datasets along with 2,768 entries. A development
datasets along with 116 samples and A test datasets
with 2767 samples for prediction. After data vi-
sualization of train datasets, the average character
length of the text is around 78. The distribution of
labels is as follows: Fear appears most frequently
with 1611 samples, Anger has the fewest with 333
samples. Joy, Surprise, and Sadness have 674, 878,
and 839 samples respectively. The train datasets

reveals an imbalance.Training data imbalance can
affect the results of prediction to some extent.

Data preprocessing is an important part of NLP
tasks. However, due to the pre-training of large lan-
guage models on vast and diverse datasets, along
with their enormous parameter sizes, data prepro-
cessing such as data correction is often unnecessary.
During the entire experiment, we also found that
data preprocessing did not have a significant im-
pact on the final results.Therefore, the step of data
preprocessing has been discarded. Meanwhile, us-
ing a model with larger parameters can also solve
the problem of data imbalance.

4.2 Selection Of LLM

In this paper, we apply the Meta Llama 3.1 in-
struction tuned 8B as generated language model,
which supports Engish, German, French, Italian,
Portuguese. Llama 3.1 is an auto-regressive lan-
guage model that uses an optimized transformer
architecture. The tuned versions use supervised
fine-tuning(SFT) to align with human preferences
for helpfulness and safety (Dubey et al., 2024).

4.3 Evaluation Metrics

The official evaluation metrics for Track A is the
macro F1 scores which is the unweighted average
of the F1 scores across all classes in a classifica-
tion problem, treating each class equally regard-
less of its size or frequency. It is used to evaluate
model performance when dealing with imbalanced

datasets.
Y. F1,;
N
where N is the number of classes.

F 1macro =

4.4 Experiment Setup

Different instructions are used to fine tune the gen-
erated language model named Llama3.1 8B. All
models were implemented with the PyTorch. The
experiments are conducted on a single NVIDIA
A40 GPU. The training process utilize LLaMA-
Factory to fine tune.

When performing LoRA fine-tuning, some hy-
perparameters are involved, after comparison, the
model is trained for 6 epochs with a batch size of
1, using gradient accumulation over 2 steps. The
learning rate is set to 2.0e-4, and a cosine learn-
ing rate scheduler is employed with a 0.1 warm-up
ratio.
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- Goals: Based on the last utterance of the dialogue, predict the emotions expressed by the speaker and
indicate the presence of each emotion using binary labels.\n

- Constrains: The analysis should be based on the textual content of the dialogue, not involving factors
such as voice or facial expressions. The predicted emotions should be those that most people are likely
to perceive.\n

- Workflow:\n 1. Carefully read the entire conversation to- understand the background and context.\n 2.
Focus on analyzing the last utterance of \"Speaker1\" to find clues of emotional expression.\n 3. Based
on the analysis, assign a binary label for each possible emotion (joy, sadness, fear, anger, surprise) to
indicate whether the emotion is present in the last utterance.\n- Examples:\n

Example 3: Conversation Content\n
anger:1, fear:1, joy:0, sadness:0, surprise:0\n

nowhere \""'

- Examples:\n - Example 1: Conversation Content\n
Analysis Result: anger:0, fear:0, joy:1, sadness:0, surprise:1\n - Example 2: Conversation Content\n
Speaker1: | lost my job today.\n Analysis Result: anger:0, fear:1, joy:0, sadness:1, surprise:0\n -
Speaker1: There's a spider in my room\n Analysis Result:

Speaker1: | can't believe | won the lottery!\n

- OutputFormat: Output in the specified format whether each emotion is present, using 1 to indicate the
presence of the emotion and 0 to indicate its absence.\n- Start\n Speaker1: \"Colorado, middle of

Figure 2: An Example Instruction Prompt

Table 3: The average micro and macro F1 scores in the test set.

Model Anger Fear Joy Sadness Surprise ‘ Micro F1 Macro F1
Baseline 0.781 0.865 0.814 0.818 0.822 0.833 0.822
Our system 0.790 0.876 0.832  0.841 0.847 0.854 0.849

5 Results and Discussions

In this study, we compare the performance of two
models: the baseline model with simple instruction
and our model. As shown in Table 3, the our mod-
els outperforms the baseline model across all emo-
tion categories. Specifically, the prompt framework
achieves higher F1 scores in detecting Anger, Fear,
Joy, Sadness, and Surprise. The most notable
improvements are observed in the Sadness(0.0227)
and Surprise(0.0244) categories, highlighting the
framework’s ability to better capture subtle emo-
tional cues.

In terms of overall performance, the prompt
framework also surpasses the baseline in both Mi-
cro F1 and Macro F1 scores, with improvements
of 0.021 and 0.027, respectively. These results sug-
gest that the our system not only performs better
on individual emotion classification tasks but also
achieves a more balanced classification across all

categories, as indicated by the Macro F1 score.

However, there are still some shortcomings, for
example, the experiment was only validated in En-
glish and not tested in other languages.

6 Conclusion

This article presents a new prompt framework for
the task of text classification, further improved the
ability to recognize various emotions based on a
high baseline score. By adding elements such as
character definitions, task descriptions, skill re-
quirements, goal settings, constraints, workflows,
examples, output format constraints, and startup
instructions to the originally simple prompt, the
proposed approach achieved improved results in
the competition. However, there is still room for
improvement in the anger category.

Furthermore, we can explore the hidden features
contained in the data through feature engineering.
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For example, the Notre Dame Cathedral is often as-
sociated with fires. External tools like Wikidata can
be used to determine if there are similar keywords
in the text and then add relevant features to the
prompt words. At the same time, we can also ex-
plore the application of Discriminative LLM (Wu
et al., 2024) for classification tasks.
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