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Abstract

We tackle the challenge of multi-label emotion
detection in short texts, focusing on SemEval-
2025 Task 11 Track A. Our approach, RoEmo,
combines generative and discriminative models
in an ensemble strategy to classify texts into
five emotions: anger, fear, joy, sadness, and
surprise. The generative model, instruction-
finetuned on emotion detection datasets, un-
dergoes additional fine-tuning on the SemEval-
2025 Task 11 Track A dataset to enhance its
performance for this specific task. Meanwhile,
the discriminative model, based on binary clas-
sification, offers a straightforward yet effective
approach to classification. We review recent
advancements in multi-label emotion detection
and analyze the task dataset. Our results show
that RoEmo ranks among the top-performing
systems, demonstrating high accuracy and reli-
ability.

1 Introduction

Emotion detection plays a critical role in natural
language processing (NLP), yet remains a challeng-
ing task due to the nuanced and often subjective
nature of emotional content. While recent advance-
ments in emotion detection have demonstrated sig-
nificant progress, there is still a need to enhance
both the accuracy and efficiency of these models
(Seyeditabari et al., 2018).

Emotion detection in short text settings presents
a significant challenge due to the limited contextual
information available, which constrains traditional
NLP models that typically rely on richer textual
input (Pang et al., 2021). The scarcity of extensive
context necessitates the development of specialized
approaches capable of accurately capturing emo-
tional content from minimal linguistic cues. This
challenge becomes even more pronounced in multi-
label emotion detection, where the task involves
identifying the emotion that most people perceive
in the speaker’s words—rather than the reader’s
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Figure 1: The challenge of multi-label emotion detec-
tion. This task focuses on identifying the emotion that
most people perceive in the speaker’s words, rather than
the reader’s reaction, the emotion of other characters, or
the speaker’s true feelings. The difficulty arises from
the subjective nature of language interpretation and the
inherent ambiguity in emotional expression.

reaction, the emotion of other characters, or the
speaker’s true feelings. The inherent subjectivity
of language interpretation and the ambiguity in
emotional expression often lead to multiple valid
interpretations, making the task even more complex
(Figure 1).

Our study centers on SemEval-2025 Task 11
(Muhammad et al., 2025b), a benchmark challenge
in emotion detection for short texts. Specifically,
we address Track A, which requires classifying
texts into one or more of five emotions: anger,
fear, joy, sadness, and surprise. While Track A in-
cludes multiple languages, our focus is exclusively
on English. Our approach, RoEmo, combines the
predictions of RoBERTa-large (Liu et al., 2019)
and EmoT5 (Liu et al., 2024) to enhance emotion
detection in short texts.

2 Related Works

Emotion detection in text is a long-studied task
in natural language processing with several ap-
proaches achieving success over the years. In this
section, we summarize the most common emotion
models employed in emotion detection and recent
successful strategies for emotion detection.

2.1 Emotion Models

There are several competing models for emotions
commonly used in emotion detection tasks, each
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offering a unique perspective on how to concep-
tualize and classify affective states. For instance,
the SemEval-2025 dataset used for this task is built
upon the model proposed by Ekman (1992), which
posits the existence of six basic emotions: joy, sad-
ness, fear, anger, surprise, and disgust. Another
well-known model proposed by Plutchik (2001)
expands to eight primary emotions, introducing
a broader perspective on affective states. While
these models emphasize identifying base emotional
states, some researchers have opted to conceptu-
alize emotions within a multi-dimensional space.
A notable example is the approach by Russell
and Mehrabian (1977), which models emotions as
three-dimensional vectors characterized by valence,
arousal, and dominance.

Together, these models illustrate the diversity
in theoretical approaches to understanding emo-
tions. The choice between these frameworks often
depends on the specific objectives and constraints
of the emotion detection task at hand, with each
model bringing its own strengths and limitations to
the field.

2.2 Emotion Detection Methodologies

There have been several approaches that have found
success in emotion detection. A notable character-
istic of many approaches to emotion detection is
the use of emotional lexicons to create additional
model features (Al Maruf et al., 2024). These lex-
icons are simply lists of words associated with
a particular emotion. A popular example is the
EmoLex lexicon due to Mohammad and Turney
(2010), which contains over 2000 terms along with
their (Plutchik, 2001) emotion associations.

The top performer in SemEval-2018’s task 1,
which evaluated emotion detection in tweets, ex-
tracted five feature vectors from each tweet which
were then processed by several models before
being combined using ensemble methods (Dup-
pada et al., 2018). More recently, Huang et al.
(2021) considered a multi-label emotion classi-
fication problem similar to our own using a bi-
directional LSTM encoder-decoder model. This
approach was inspired by earlier works such as
(Godbole and Sarawagi, 2004) and (Read et al.,
2011), which advocated for the use of series of
simple binary classifiers for multi-label classifi-
cation problems. Other notable approaches have
focused on exploiting nontraditional emotion mod-
els (Casel et al., 2021) and transfer learning based
approaches (Yu et al., 2018). Graphical Neural Net-

works, such as EmoGraph (Xu et al., 2020), and
span-prediction approaches, including SpanEmo
(Alhuzali and Ananiadou, 2021), represent addi-
tional advancements in the field.

Recently, the EmoLLM framework (Liu et al.,
2024) has leveraged instruction-tuned large lan-
guage models (LLMs), such as EmoLLaMA, for
emotion detection, demonstrating enhanced perfor-
mance in both categorical and regression-based af-
fective tasks. The EmoLLM series marks a substan-
tial advancement in emotion detection by utilizing
large language models fine-tuned on a multi-task
affective instruction dataset. This approach enables
EmoLLMs to excel in complex emotion analysis
tasks, achieving performance levels comparable to,
or better than, leading models such as ChatGPT
and GPT-4 (Liu et al., 2024).

3 Approach

In this work, we employ two transformer-based
models, RoOBERTa-large and EmoTS$, for emotion
detection. Our approach explores both discrimina-
tive and generative modeling paradigms to classify
emotions effectively. Both models are finetuned
for 15 epochs using the AdamW optimizer with
a learning rate of 2 x 1075 on an NVIDIA RTX
A6000 GPU.

3.1 RoBERTa-large with MLP

RoBERTa-large is a transformer model optimized
for masked language modeling, providing robust
contextual representations. To adapt it for emotion
classification, we append a two-layer multi-layer
perceptron (MLP) on top of the final hidden states.
This additional MLP enables the model to refine its
learned features for classification.

We formulate emotion detection as a binary clas-
sification problem for each emotion. Given an in-
put text, the model predicts the probability of each
emotion being present, allowing for multi-label
classification. The MLP layers are trained jointly
with RoBERTa using a binary cross-entropy loss
function.

3.2 EmoLLM-based Approach

Recent advancements in LL.Ms have significantly
improved affective computing tasks, particularly
in emotion detection. One notable development in
this domain is EmoLLMs, a class of instruction-
tuned LLMs specifically fine-tuned for emotion
recognition (Liu et al., 2024). These models uti-
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Figure 2: Overview of RoEmo: We obtain predictions from the discriminative model RoOBERTa-large and the
generative, instruction-finetuned model EmoT5. The results from these two models are then combined using a
logical OR operation, leveraging their predictions to determine each emotion.

lize the first multi-task Affective Analysis Instruc-
tion Dataset (AAID), which includes the SemEval-
2018 Task 1: Affect in Tweets dataset (Mohammad
etal., 2018) along with other datasets. Additionally,
they leverage an Affective Evaluation Benchmark
(AEB) designed to measure affective generaliza-
tion. Using these resources, the authors developed
instruction-following LLMs optimized for diverse
affective analysis tasks.

Empirical evaluations show that EmoLLMs
achieve state-of-the-art (SOTA) performance on
AEB, outperforming other open-source models.
Additionally, they exhibit generalization capabili-
ties on par with the GPT family of models, estab-
lishing their potential as highly effective tools for
emotion detection. Their ability to process com-
plex affective cues makes them strong candidates
for real-world applications requiring fine-grained
emotion classification (Liu et al., 2024).

Among the models evaluated in the EmoLLMs
framework, we selected EmoT)5 for its superior per-
formance in emotion classification. EmoT5 follows
a generative approach, framing the task as text-to-
text generation, where it directly generates emotion
labels based on the input text.

Following (Liu et al., 2024), we structured the
classification process using the following prompt
template:

Task: [task prompt] Tweet:
[input text] This tweet contains
emotions: [output]

With the task prompt:

Categorize the tweet’s emotional tone as
either ‘neutral or no emotion’ or iden-
tify the presence of one or more of the
given emotions (anger, fear, joy, sadness,
surprise).

Fine-tuning EmoT5 with this setup optimized its
performance for our emotion detection task.

3.3 RoEmo: A Hybrid Approach

While both RoBERTa-large and EmoT5 individ-
ually offer strong performance in emotion detec-
tion, we observe that their predictions often differ,
highlighting their complementary strengths. To
leverage the strengths of both models, we propose
RoEmo, a hybrid approach that combines their pre-
dictions. Specifically, we apply a logical OR oper-
ation to merge the outputs, predicting an emotion
as present if either model detects it (see Figure 2).
This simple yet effective fusion strategy allows the
model to capture a broader range of emotional cues,
improving its ability to detect emotions that might
be overlooked by one of the models alone.

Empirical results show that RoEmo performs
especially well when emotions are subtle or am-
biguous. By combining predictions from RoBERTa
and EmoT35, the ensemble increases recall, as it is
less likely to miss true positive cases. Although
this may slightly reduce precision—since more
predictions can introduce some noise—the over-
all macro-F1 score improves. This highlights the
complementary strengths of the two models and
demonstrates the effectiveness of hybrid modeling
in emotion classification tasks.

4 Experiments

In this section, we analyze the dataset to understand
its characteristics and challenges. We then present
the performance of RoBERTa-large, followed by
EmoTS5, and finally, evaluate the combined output
using our ensemble method, RoEmo. We highlight
the benefits of this hybrid approach in improving
multi-label emotion detection.
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Figure 3: The distribution of emotion labels in the train-
ing data. Note that some emotions can co-occur—for
example, a single text may be labeled with both joy and
surprise.

4.1 Dataset overview

The dataset for SemEval-2025 Task 11 (Track
A) is designed for multi-label emotion detection
(Muhammad et al., 2025a). It consists of English
texts annotated using Amazon Mechanical Turk,
with binary labels (0 for absence, 1 for presence)
assigned to five core emotions—anger, fear, joy,
sadness, and surprise—alongside neutral instances.
Given that multiple emotions can co-occur within
a single text, this introduces an additional layer of
complexity to the classification task.

The dataset is split into 2,768 training examples,
116 development examples, and 2,767 test exam-
ples. The shortest text in the training set contains
4 tokens, while the longest extends to 121 tokens,
demonstrating a diverse range of text lengths.

Figure 3 provides a pie chart illustrating the dis-
tribution of single-label examples across the five
emotions and neutral category. To further explore
multi-label patterns, Figure 4 presents a bar plot
depicting the distribution of instances with varying
numbers of assigned emotion labels. This visualiza-
tion helps highlight the frequency and complexity
of multi-label cases within the dataset.

4.2 Results

We evaluate the performance of RoOBERTa-large,
EmoTS5, and our ensemble model, RoEmo, on both
the development and test datasets. The results on
the development set are presented in Table 1 and
Table 2. As shown, RoEmo achieves the highest
Macro-F1 score among all models, demonstrating
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Figure 4: Bar plot depicting the distribution of samples
according to the emotion labels assigned to each.

Emotion | ROBERTa | EmoT5 | RoEmo
Anger 0.7333 0.7879 | 0.7879
Fear 0.8201 0.7947 | 0.7821
Joy 0.7636 0.8276 | 0.8276
Sadness 0.7324 0.7356 | 0.7416
Surprise 0.7077 0.6667 | 0.7714

Table 1: Evaluation scores on the Dev set by emotion

Macro F1 | Micro F1
RoBERTa 0.7514 0.7667
EmoT5 0.7625 0.7653
RoEmo 0.7821 0.7783

Table 2: Evaluation scores on the Dev dataset

Emotion | RoBERTa | EmoT5 | RoEmo
Anger 0.6553 0.6493 | 0.6746
Fear 0.8449 0.8344 | 0.8561
Joy 0.7666 0.7704 | 0.7654
Sadness 0.7699 0.7559 | 0.7861
Surprise 0.7391 0.7249 | 0.7473

Table 3: Evaluation scores on the Test set by emotion

its effectiveness in multi-label emotion classifica-
tion.

Similarly, we evaluate the models on the
test dataset, as shown in Table 3 and Table 4.
While RoBERTa outperforms EmoTS5 on test data,
RoEmo achieves the highest Macro-F1 score, fur-
ther confirming the effectiveness of our ensemble
approach.

Overall, our results demonstrate that RoEmo
consistently outperforms the individual models in
terms of Macro-F1 score, making it a more effec-
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Macro F1 | Micro F1
RoBERTa 0.7552 0.7837
EmoT5 0.747 0.7741
RoEmo 0.7659 0.7913

Table 4: Evaluation scores on the Test dataset

tive approach for multi-label emotion classifica-
tion.

5 Conclusion

In this work, we tackled multi-label emotion de-
tection in short texts by leveraging a hybrid ap-
proach that integrates both generative and discrimi-
native models. By combining the instruction fine-
tuned generative model with the of a discrimina-
tive model, our method effectively captures diverse
emotional expressions while maintaining computa-
tional efficiency. Through an ensemble strategy, we
demonstrated that merging predictions from both
models enhances classification performance. Our
analysis of recent developments in the field, along
with empirical results on SemEval-2025 Task 11,
highlights the effectiveness of our approach. The
findings suggest that this hybrid framework is a
promising direction for improving emotion detec-
tion systems, and balancing generalization and effi-
ciency.

Limitations

Despite the strong performance of our approach,
RoEmo has some limitations. It relies on two
models—RoBERTa-Large and EmoT5—without
explicitly capturing relationships between emo-
tions, which could enhance contextual understand-
ing. The ensemble setup also increases computa-
tional cost and complexity, limiting its practical-
ity in real-time or resource-constrained settings.
Additionally, we did not compare against more
recent LLMs such as Llama 3 (Grattafiori et al.,
2024) or Qwen 2.5 (Qwen et al., 2025). Future
work could explore other baselines, investigate al-
ternative fusion methods, address data imbalance,
and develop more efficient architectures that model
inter-emotion dependencies while reducing compu-
tational overhead.
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