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Abstract

Emotion intensity prediction is crucial in af-
fective computing, allowing for a more precise
understanding of how emotions are conveyed
in text. This study proposes a system that es-
timates the levels of intensity of emotions by
integrating contextual language representations
with numerical emotion-based characteristics
derived from Valence, Arousal, and Dominance
(VAD). The methodology combines BERT em-
beddings, predefined VAD values per emotion,
and machine learning techniques to enhance
emotion detection without relying on external
lexicons. The system was evaluated on the
SemEval-2025 Task 11 Track B dataset, pre-
dicting five emotions (anger, fear, joy, sadness,
and surprise) on an ordinal scale.

The results highlight the effectiveness of inte-
grating contextual representations with prede-
fined VAD values, allowing a more nuanced
representation of emotional intensity. However,
challenges arose in distinguishing intermediate
intensity levels, which affected the classifica-
tion accuracy for specific emotions. Despite
these limitations, the study provides insight
into the strengths and weaknesses of combining
deep learning with numerical emotion model-
ing. It contributes to developing more robust
emotion prediction systems. Future research
will explore advanced architectures and addi-
tional linguistic features to enhance model gen-
eralization across various textual domains.

1 Introduction

Emotions are essential in language and vary in in-
tensity depending on the context. Understanding
which emotions we express in a conversation and
why they occur is crucial for improving the quality
of human interactions (Wang et al., 2023). Given
a text and a perceived emotion, the system must
estimate its level within a predefined scale, con-
sidering the language and its variations, thereby
enabling a precise analysis of affective language

(Cuadrado et al., 2023). This article presents a sys-
tem to predict the intensity of a set of emotions in
a text fragment. This analysis builds upon previous
models that have contributed to the identification
of emotions present in textual comments. Some
emotions are more fundamental in physiological
and cognitive terms, allowing them to manifest at
different intensity levels (Hsu et al., 2025). Their
significance lies in enhancing the automatic under-
standing of emotions in artificial intelligence and
affective language analysis.

To address this task, we proposed a system that
relies on contextual language representations and
emotional features that capture language represen-
tations and emotion-specific VAD values, quantify-
ing valence, arousal, and dominance (Ghosh et al.,
2023).

Participation in this task allowed for the evalua-
tion of the system’s performance in detecting the
intensity of perceived emotions compared to other
approaches. Although the system’s performance
was below the average, it successfully captured
relevant patterns in emotional intensity variation.
We observed that integrating contextual representa-
tions with VAD-based emotional features enabled
an approximation to the objective despite limita-
tions in classifying certain emotions. The primary
challenges arose in differentiating intermediate in-
tensity levels, which affected accuracy in some
categories. Despite these challenges, the experi-
ence provided valuable insights for improving the
modeling of emotional intensity in future studies.
The code developed in this study is available for
researchers and developers to access, analyze the
implemented approaches, and replicate the exper-
iments. By sharing the code, this work promotes
the reproducibility of results. It fosters continuous
improvement in the detection of perceived emotion
intensity. 1

1https://github.com/Novoa0599/SemEval2025
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text Joy Fear Anger Sadness Surprise
None of us has mentioned the incident since. 0 1 0 2 1
was seven and woke up early, so I went to the ba... 1 0 0 0 0
“ My God ” “ What’s wrong with my arm? ”, 0 2 0 0 1

Table 1: Examples showing the data structure and some features.

2 Background

Emotion recognition in text is an area of growing
interest due to the rise of digital communication
and the inherent complexity of language in these
environments. Previous research has approached
this challenge from various perspectives, achieving
significant advances in the semantic and syntac-
tic understanding of texts and improving language
representation across multiple languages (Suresh
et al., 2024; Mohammad and Kiritchenko, 2018).
Additionally, authors highlighted the importance of
context, sentiment consistency, and common-sense
knowledge to accurately detect emotions in such
texts (Tu et al., 2022). These approaches empha-
size the need for sophisticated models to capture
the emotional richness of diverse digital interac-
tions.

Emotion recognition models have evolved con-
siderably, shifting from rule-based approaches to
more adaptive methods, allowing a more precise
and flexible interpretation of emotional language
(Bhati et al., 2024). These advancements have en-
hanced the ability of models to capture linguistic
nuances, recognize context, and handle variations
in emotional expression, which is crucial for prac-
tical applications in various domains.

In this work, we participated in Track 2 of Task
11, which focuses on detecting and predicting emo-
tion intensity in English text. The task consisted
of identifying the perceived emotion in a text frag-
ment and assigning it an intensity level based on a
predefined ordinal scale. This approach allows a
single comment to contain multiple emotions, each
with an intensity level, enriching data analysis and
interpretation.

The dataset used for this task consisted of 117
developing samples, 2768 training samples, and
test validation samples, in which we analyzed five
specific emotions: joy, sadness, fear, anger, and
surprise. The ordinal scale assigns the following
values: 0 for no emotion, 1 for low intensity, 2 for
moderate intensity, and 3 for high intensity. For ex-
ample, in the sentence "None of us has mentioned
the incident since", the system assigned the follow-

ing intensities: joy (0), fear (1), anger (0), sadness
(2), and surprise (1), illustrating the data structure
and the model’s response generation, which has
been explored in previous studies Table 1 (Muham-
mad et al., 2025)

We reviewed prior sentiment and emotion anal-
ysis research to support this approach, providing
a solid theoretical and methodological foundation
(Garcia et al., 2024). Integrating advanced natu-
ral language processing techniques with emotion
prediction models has opened new possibilities for
a deeper understanding of written communication.
These approaches enhance accuracy in emotion de-
tection and facilitate their application in customer
service, mental health, and trend analysis on so-
cial media. As these models evolve, we expect fu-
ture research to expand and refine emotion analysis
methods, offering increasingly robust and efficient
solutions for automatic language processing.

3 System Overview

Analyzing and predicting emotions from text fol-
lows a structured approach based on multiple
stages. The methodology begins with data load-
ing and preprocessing, followed by text representa-
tion using embeddings, fine-tuning a BERT-based
model, predicting valence, arousal, and dominance
(VAD) values, and finally converting these values
into discrete emotion intensities. We evaluated the
model using metrics that compare predictions with
reference values to measure its accuracy and relia-
bility, as shown in Figure 1.

In the preprocessing stage, textual data under-
goes thorough cleaning and normalization to ensure
a standardized representation. First, the dataset
is loaded, ensuring its structure is consistent and
suitable for the model. Then, text normalization
techniques are applied, including lowercase con-
version, removal of special characters, punctuation,
and non-alphabetic elements, and expansion of con-
tractions to enhance semantic coherence. We also
removed stopwords to optimize text representation.
Additionally, we computed VAD values to repre-
sent the emotion labels.
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Figure 1: General pipeline system.

Once the text is processed, it is tokenized and
represented using a pre-trained language model. In
this case, BERT (Devlin et al., 2018) is employed to
convert the text into token sequences and attention
masks. These numerical representations capture se-
mantic and contextual relationships within the text,
enabling a deeper analysis of expressed emotions.

The next step involves training the model. We
fine-tuned a BERT-based model for predicting
continuous VAD values, and we adapted a pre-
trained model specialized in language comprehen-
sion through a fine-tuning process. During this
phase, the model learns to associate textual pat-
terns with corresponding VAD values, optimizing
its weights via a gradient descent algorithm and
using a regression loss function.

We trained the model using standard hyperpa-
rameters to fine-tune BERT in classification tasks.
We used a learning rate 2e-5 and three epochs to
ensure convergence without overfitting. We set a
batch size of 8 to optimize memory usage when
processing long sequences. We employed AdamW
as the optimizer. A learning rate scheduler with an
initial warm-up phase and linear decay was also ap-
plied to improve training stability and convergence.
We selected these values based on best practices
for emotional intensity prediction.

After training, the model generates VAD predic-
tions for new data. These predictions provide a
continuous estimation of the emotion present in
each sentence, offering insights into the emotional
intensity of the text. However, we converted these
VAD values into discrete emotional intensities to
facilitate result interpretation. We achieved this

through a mapping mechanism based on Euclidean
distances. In this process, we compared the pre-
dicted VAD values with predefined reference val-
ues for each emotion, and we assigned the closest
intensity on a scale from 0 to 3.

Finally, we evaluated the model using perfor-
mance metrics. We calculated the Pearson correla-
tion to measure the relationship between predicted
and reference VAD values, assessing the model’s
capability to correctly identify emotional inten-
sities. The results of these metrics help identify
strengths and limitations, guiding future improve-
ments in the emotion prediction system.

The proposed methodology integrates advanced
natural language processing techniques with deep
learning models to predict emotions in text. By
leveraging BERT for language representation and
a conversion system for mapping VAD values to
discrete intensities, a robust and efficient model is
developed for analyzing emotions in textual con-
versations.

4 Experimental Setup

We got three datasets: training, development, and
testing, ensuring that the model is trained and eval-
uated on entirely independent data. We applied
techniques such as normalization, contraction ex-
pansion, pattern removal, and stopword elimination
during preprocessing. We used tools like spaCy and
the contractions library to clean and standardize the
text before using BertTokenizer. Hyperparameter
tuning, including adjustments to the learning rate
and number of epochs, is performed on the training
set. In contrast, we used the development set for it-
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erative validation and model selection. Finally, the
Pearson correlation coefficient is calculated individ-
ually for each dimension of the VAD space, which
is then transformed into emotional intensities to
assess the quality of the predictions.

5 Result

In our experiments, we evaluated the model over
three training epochs, where we monitored the Pear-
son correlation coefficient for each dimension of
the VAD space (Valence, Arousal, and Dominance).
During the first epoch, a global accuracy of 0.6552
was obtained, with Pearson’s r values of 0.5133,
0.5467, and 0.6429 for V, A, and D, respectively.
In the second epoch, the metrics improved signifi-
cantly, reaching a precision of 0.7726 and Pearson
coefficients of 0.5765, 0.5898, and 0.6910 for V,
A, and D, demonstrating an increased ability of the
model to capture emotional intensity at this stage.
In the third epoch, the accuracy stabilized at 0.7455,
and the Pearson coefficients were 0.5609, 0.5874,
and 0.6821, respectively. The final average met-
rics in all epochs showed a precision of 0.7244 and
average Pearson values of 0.5502 (V), 0.5746 (A)
and 0.6720 (D), as shown in Table 2. These results
suggest that the model more accurately captures
perceived intensity regarding control and authority,
whereas positivity (Valence) and emotional activa-
tion (Arousal) exhibit more significant variability
in predictions.

The performance of the model varied signifi-
cantly between emotions. As shown in Table 3,
the model achieved better predictions for emotions
such as Anger (0.6418) and Sadness (0.55), sug-
gesting that these emotions exhibit more distinct
patterns in the VAD space. In contrast, Fear ob-
tained the lowest score (0.0514), indicating difficul-
ties in accurately identifying this emotion. Joy and
Surprise showed intermediate values, with scores
of 0.5408 and 0.1782, respectively. In particular,
the low score for Surprise suggests that this emo-
tion presents an additional challenge, possibly due
to the subjectivity and implicit contextual cues re-
quired for proper interpretation.

Furthermore, Table 5 presents the comparison
of validation metrics between the baseline model,
without VAD information integration, and the im-
proved model that incorporates these affective fea-
tures. Although the precision of the micrometrics,
the recall, F1 and the overall accuracy (0.7437)
remained constant, the macrometrics showed sub-

stantial improvements: the macro precision in-
creased from 0.5959 to 0.7494, the macro recall
from 0.5535 to 0.7528, and macro F1 from 0.5715
to 0.7434. These results demonstrate a more bal-
anced performance between classes, indicating that
the incorporation of VAD information significantly
improved the quality and fairness of the model.

When analyzing the development set, the Pear-
son coefficients for each emotion reflect a more
significant discrepancy between predicted and ac-
tual intensities. Anger (-0.0617), Fear (0.0141),
Joy (-0.0023), Sadness (-0.0252), and Surprise (-
0.1307), with an average of -0.0412 (Table 4). This
significant difference in correlation at the emotional
level suggests that, while the model captures some
coherence in the VAD space, the conversion to
emotional intensities still presents inconsistencies.
Furthermore, the negative correlation in some emo-
tions indicates that the model may be predicting
intensities in opposite directions to those expected,
highlighting the need for refinement in transform-
ing VAD into discrete emotional categories.

A key finding in our analysis is that integrat-
ing VAD values improved the detection of emo-
tions with well-defined characteristics in valence,
arousal, and dominance. However, for emotions
with less distinct distributions in this space, such
as Fear and Surprise, the model tended to predict
values closer to neutrality, which may explain the
lower scores for these categories. The difference in
performance between emotions could be attributed
to an imbalance in the distribution of the class
within the training set, limiting the model’s ability
to learn appropriate representations for less fre-
quent or more ambiguous emotions Table 6.

While the model demonstrates promising per-
formance in predicting certain emotions, the re-
sults suggest that additional adjustments are needed
to improve its generalization capability. Tech-
niques such as class balancing, loss function ad-
justments, or incorporating additional linguistic
features—such as deep semantic analysis or mul-
timodal models integrating supplementary sig-
nals—could be explored to address these limita-
tions. Additionally, evaluating the model on more
diverse datasets would allow for assessing its ro-
bustness across domains and contexts.

6 Conclusions

This study presented a system for predicting the
intensity of perceived emotions in a text by inte-
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Pearson r Score
Valence 0.5502
Arousal 0.5746

Dominance 0.6720

Table 2: Pearson r VAD Assessment
Score.

Emotion Pearson r
Anger -0.0617
Fear 0.0141
Joy -0.0022
Sadness -0.0252
Surprise -0.1307
Average -0.0412

Table 3: Development model evalua-
tion.

Emotion Pearson r
Anger 0.6418
Fear 0.0514
Joy 0.5408
Sadness 0.55
Surprise 0.1782
Average 0.40

Table 4: Test model evaluation.

Metric Without VAD With VAD
Accuracy 0.7437 0.7437
Precision (Micro) 0.7437 0.7437
Precision (Macro) 0.5959 0.7494
Recall (Micro) 0.7437 0.7437
Recall (Macro) 0.5535 0.7528
F1 (Micro) 0.7437 0.7437
F1 (Macro) 0.5715 0.7434

Table 5: Validation results comparison without and with VAD.

Text Gold Label Prediction Label
Joy Fear Anger Sadness Surprise Joy Fear Anger Sadness Surprise

So... for reasons unknown... 0 1 0 0 2 1 1 0 0 1
None of us has mentioned the in-
cident since.

0 1 0 2 1 0 1 0 1 0

I stopped a couple times to
stretch out my calves and quads.

0 0 0 0 0 1 1 0 0 1

Table 6: Comparison of gold and predicted emotion labels.

grating contextual linguistic representations with a
numerical modeling approach based on predefined
VAD values. By combining BERT embeddings and
machine learning techniques, the system success-
fully captured relevant patterns in emotional inten-
sity variation, achieving acceptable performance
in predicting certain emotions such as anger and
sadness.

The results highlight the impact of integrating
VAD values into emotional representation, allow-
ing for a more nuanced capture of emotion inten-
sity compared to discrete classification approaches.
However, the system encountered difficulties distin-
guishing intermediate intensity levels, particularly
in emotions such as fear and surprise, suggesting
further refinement to improve its accuracy in these
categories.

Despite these limitations, the applied method-
ology offers a promising approach to text-based
emotion analysis, emphasizing the importance of
continuous representations in emotion modeling.
This study provides a solid foundation for future re-
search, underscoring the need to explore advanced
techniques further to enhance the prediction of emo-

tional intensity.

7 Future Work

Future research should focus on optimizing the in-
tegration of VAD values within BERT’s attention
mechanism, dynamically adjusting them based on
semantic context to better capture subtle emotional
nuances. Calibration techniques like ordinal regres-
sion and isotonic calibration could also improve the
accuracy of intermediate intensity classifications.
Additionally, enhancing text preprocessing through
efficient tokenization and embedding strategies that
merge semantic and affective information could fur-
ther strengthen predictive performance. A detailed
error analysis is recommended to refine the model
based on misclassification patterns. Finally, ap-
plying interpretability methods such as SHAP and
LIME would provide greater transparency and in-
sights into the model’s decision-making in affective
computing.
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