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Abstract
This paper presents our approach to Binary and Multiclass Hope Speech Detection within the IberLEF 2025 shared
task. The objective of this study is to assess the effectiveness of various large language models (LLMs)—including
GPT (ChatGPT o3-mini), Claude (3.5 Sonnet), Llama (4), and DeepSeek(R1)—by comparing their performance
against XLM-RoBERTa, which we use as a baseline multilingual transformer model. To enhance the performance
of these models, we leverage advanced techniques such as one-shot and few-shot learning prompting strategies, as
well as data preprocessing and augmentation methods. Our results provide empirical insights into the comparative
strengths and limitations of these models in detecting hope speech and distinguishing it from sarcasm across
multiple languages. In Task 1, our best model achieved F1 scores of 0.8584 for English and 0.8435 for Spanish,
while in Task 2, it attained 0.7563 for English and 0.7540 for Spanish.
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1. Introduction

In the current digital age, social media platforms have evolved into rich sources of information that
can be analyzed for various purposes, including sentiment analysis and emotion identification. These
platforms provide valuable insights into public opinion, emotional expression, and social dynamics,
making them key data points for understanding human behavior and interactions in the digital space.

Hope can be defined as a desire or expectation oriented toward the future, relating to a specific or
general event or outcome, with a significant impact on human emotions, decisions, and behavior [1].
Detecting hope speech usually involves classifying sentences as either hope speech or non-hope speech
[2][3][4], however, one of the challenges in detecting hopeful speech arise from the complexity and
ambiguous of this emotion that appears in diverse ways depending on the context and involves multiple
emotional layers. Identifying hope becomes even more difficult when trying to accurately distinguish
genuine hope from sarcasm [5], since sarcastic remarks often use positive words to express negative
feelings. This gap between literal expression and true intent makes it difficult for machine learning and
deep learning models to accurately detect hope [6].

In the field of automated hope speech detection, the growing popularity of transformer-based models
and large language models (LLMs) has significantly advanced text representation techniques. These
models, known for their ability to capture complex linguistic patterns and contextual meaning, have
expanded the potential for classification [7][8][6][9][10][11][12]. Then, the problem addressed in
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this paper is the detection of hope speech in both English and Spanish texts, within the context of
the PolyHope shared task: Optimism, Expectation or Sarcasm?[13] at IberLEF 2025 [14]. The task
focuses on analyzing how hope is expressed in social media, recognizing that hope is a complex and
fundamental human emotion. However, detecting hope in text poses significant challenges for NLP
systems, especially when it is masked by sarcasm or expressed in subtle ways.

This task is particularly relevant because it pushes the boundaries of existing research in emotion
detection and inclusive language technologies. Most current datasets either rely on simple binary
classification (hope vs. non-hope) or fail to capture nuanced subcategories such as generalized optimism,
unrealistic hope, or sarcastic hope. Additionally, few resources explicitly annotate sarcasm, which limits
the ability to train models that can distinguish genuine hope from sarcastic expressions. The inclusion of
Spanish alongside English further addresses the lack of cross-linguistic alignment in existing annotation
schemes, enabling the development of more robust multilingual models.

Our study focuses on comparing the performance of advanced models such as ChatGPT (o3-mini),
Claude (3.5 Sonnet), Llama (4), and DeepSeek (R1), to a more traditional transformer: RoBERTa. We
evaluate the strengths and limitations of each model in both binary (Hope or Not Hope) and multiclass
classifications (Not Hope, Generalized Hope, Realistic Hope, Unrealistic Hope, or Sarcasm) for detecting
hope speech and sarcasm.

Furthermore, the paper investigates the impact of various strategies aimed at optimizing model
performance. These strategies include one-shot and few-shot learning techniques to enhance the LLMs’
response and data augmentation methods to improve RoBERTa’s ability to learn from our data. Through
the evaluation of these approaches, the study aims to provide a comprehensive analysis of how advanced
models can be effectively applied to detect hope speech and sarcasm in diverse linguistic contexts.

Given the enormous amount of data LLMs are trained on, we believe they are able to detect complex
emotions in text, regardless of the language. Compared to traditional transformers, LLMs are trained
over multiple types of texts, varying significantly in style and tone. Therefore, we believe recent LLMs
such as GPT, Claude, Llama, and DeepSeek can be better detect hope and differentiate it from sarcasm
than a transformer such as RoBERTa.

The research questions that we are trying to solve are the following: (1) How effective are various
large language models (LLMs) such as GPT, Claude, Llama, and DeepSeek, in detecting hope speech
and sarcasm in both English and Spanish texts? How do they compare to RoBERTa, a transformer?
(2) What is the impact of one-shot and few-shot learning prompting strategies on the performance of
LLMs for detecting hope speech and sarcasm? (3) How does data augmentation influence the accuracy
and reliability of LLMs in classifying texts as hope speech and sarcasm? (4) What are the differences
in performance between binary and multiclass classification approaches for hope speech and sarcasm
detection?

2. Related Work

Sentiment analysis and emotion detection are central tasks in natural language processing (NLP), with
applications across various domains including social media monitoring, customer feedback analysis,
and social behavior prediction [15]. Early approaches to sentiment analysis primarily involved machine
learning models such as Support Vector Machines (SVMs), Logistic Regression, and Naive Bayes, which
were successful in binary classification tasks like determining whether a text expressed positive or
negative sentiment [16] [17] [18]. With the advent of deep learning techniques, more complex models
such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) began to
improve the accuracy of sentiment classification by capturing deeper, hierarchical features of text [19]
[20].

More recently, the emergence of transformer-based models, particularly BERT (Bidirectional Encoder
Representations from Transformers) and its derivatives like RoBERTa, and DistilBERT, has revolutionized
the field of NLP. These models utilize pre-trained contextual embeddings that capture complex syntactic
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and semantic relationships within the text. They have been shown to outperform traditional machine
learning models and RNN-based approaches in a wide range of tasks, including sentiment analysis,
emotion detection, and text classification [21]. Recent work has applied transformer models to specific
domains, such as hate speech detection. For example, a study by Malik et al. [22] utilizes a transfer
learning approach by fine-tuning the RoBERTa model. In this research, XLM-RoBERTa is used to
represent the data, enabling a deeper understanding of the text’s nuances across different languages,
specifically English and Russian.

On the other hand, the rise of Generative AI tools, especially Large Language Models (LLMs), has had
a significant impact on sentiment analysis research. LLMs not only compete with traditional transfer
learning models but often outperform them in sentiment classification accuracy [23]. A study by Thuy
and Thin [24] highlights the advantages of using large language models (LLMs), such as ChatGPT 3.5,
by exploring several prompting techniques (zero-shot prompting, few-shot prompting, and chain of
thought prompting) to optimize the models’ ability to generate relevant responses. All approaches
demonstrated strong performance, with only slight variations in classification outcomes across the
different strategies.

Additionally, RamakrishnaIyer et al. [25] have identified the challenge of data imbalance in tasks
like hope speech detection, where datasets are often dominated by Non-Hope speech. To address
this issue, this approach enhances model performance through data augmentation techniques such as
back-translation, which was utilized to generate synthetic data by translating sentences into another
language and then translating them back into the original language. This approach helps to create a
more balanced dataset, especially for the underrepresented Non-Hope class.

Regarding sarcasm, which is a particular challenge for hope speech detection due to context and
irony, as it involves using words that convey the opposite of their literal meanings. Research, such
as the one conducted by Zhou [26], showed that using the transformer model RoBERTa, as opposed
to a traditional CNN approach, greatly enhances the effectiveness of sarcasm detection. However,
comprehensive evaluations such as the one made by Zhang et al. [27] revealed that while GPT-4 excels,
significant improvements are still needed for LLMs to effectively understand and detect human sarcasm.

3. Data and methods

3.1. Data

The dataset employed in this study originates from the PolyHope-M track at IberLEF 2025 . It comprises
Twitter texts in both English and Spanish and was divided into three subsets: a training set, a develop-
ment set, and a final test set. The development and testing datasets included three columns: one for the
tweet text, one for the binary label (Hope or Not Hope), and one for the multiclass label (Generalized
Hope, Realistic Hope, Unrealistic Hope, Not Hope, or Sarcasm). The English training set consisted
of 5,233 samples, whereas the Spanish training set contained 11,243 samples. The development set
comprised 1,902 samples for English and 4,088 for Spanish. The test datasets included only a single
column with the tweet text. The English test set contained 2,380 samples, and the Spanish test set
contained 5,111 samples. It is worth noting that there was an imbalance between the English and
Spanish datasets, which is an important factor to consider when evaluating the model’s performance
across both languages.

Figures 1 and 2 present the data distribution for the English and Spanish training sets, categorized
into binary and multiclass labels. In the binary classification, the distribution is relatively more balanced
in both languages. However, for the multiclass classification, the "Not Hope" class is the most dominant,
with "Generalized Hope" being the second most frequent, though it represents only about half the
number of "Not Hope" samples. The remaining three classes are more evenly distributed but are
considerably smaller in proportion across the entire dataset.

Figures 3 and 4 illustrate the most frequently occurring words in the training sets for both the English
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Figure 2: Multiclass Distribution

and Spanish languages. As observed, certain words like "user" are relatively common, which is expected
given the nature of Twitter, where user mentions and interactions are frequent. Additionally, the
abbreviation "rt" appears in the word clouds, although with less frequency, reflecting retweets and the
sharing of content within the platform. Moreover, words such as "URL" and "https" are prominently
featured, highlighting the prevalence of links in tweets, as well stopwords that do not have a significant
meaning appear in the figures. On the other hand, terms like "hopeful," "wish," "expect," and "desired,"
along with their Spanish counterparts such as "esperar," "desearía," and "anhelo," are more relevant for
detecting hope speech.

3.1.1. Data processing

Our first step in the methodology was to clean the data in order to enhance the performance of the
models. The cleaning process involved:

• Converting text to lowercase and remove spaces: This step helps standardize the format of the
text data, which is essential for consistent text processing and comparison.

• Removing HTTP links: URLs do not contribute meaningfully to the semantic understanding of
the text and could add noise, so we removed them to focus on the actual content.

• Removing Twitter mentions (user) and retweet (rt): Mentions to specific users or retweets are
typically context-dependent and do not contribute to the broader semantic analysis.

• Removing non-alphabetical characters: We retain only the following characters in the text:
’abcdefghijklmnñopqrstuvwxyz!?#0123456789 ’. This is done to eliminate corrupted characters,
such as Arabic symbols, that were detected during preprocessing.

• Emoji handling: We chose to remove emojis that appeared more than once and replaced the
remaining emojis with descriptive text. This decision was based on the assumption that both the
LLM and the transformer model would better interpret emojis when expressed as descriptive text
rather than as emoji characters.

• Stopwords: We chose to retain the stopwords, as most of the models we plan to use are LLMs,
and we believe they can identify stopwords and utilize them as contextual information.



Figure 3: English Training Set

Figure 4: Spanish Training Set

3.1.2. Data augmentation

As previously mentioned, a class imbalance was observed between the Spanish and English languages.
To address this, we employed data augmentation by translating the Spanish training data into English
and adding it to the original English training set. Our approach was primarily guided by the number
of examples in the least frequent class in the combined dataset. In the binary classification, the final
distribution with augmentation was: Not Hope (5606) and Hope (4434). For the multiclass classification,
the distribution was: Not Hope (4500), Generalized Hope (1385), Unrealistic Hope (1385), Realistic Hope
(1385), and Sarcasm (1385).

To translate the messages, we ran the Helsinki-NLP pre-trained model with a MarianMT tokenizer
from the HugginFace library in a freetier Google Colab environment with GPU support. Specifically, we
used the "Helsinki-NLP/opus-mt-es-en" for Spanish to English model. We decided to use this HuggingFace
model due to its easy implementation and fast inference.

3.2. Methods

3.2.1. XLM-RoBERTa

For the XLM-RoBERTa model, we converted the labels into numerical values and used a merged training
set that combined both languages. The training parameters used were: number of train epochs: 3,
learning rate: 1e-5, and max sequence length: 64. These parameters were selected through trial and
error, given the limited computational resources available. We utilized Google Colab with a GPU, but
due to constraints on the number of available GPU units, we were limited by the parameters allowed



in this configuration. Nevertheless, the parameters were primarily based on those used in the study
presented by [28].

3.2.2. Large Language Models and Prompt Engineering

The selection of LLMs for this study was guided by a combination of prior research and practical
considerations. Our primary inspiration came from the work of [23], which introduced and evaluated
GPT and Llama models, highlighting their effectiveness for text classification tasks. To complement
these models, we included Claude, based on positive personal experience with its performance, and
DeepSeek, due to its recent surge in popularity within the NLP community. This diverse selection
aimed to cover models with different architectures, training data, and inference behaviors, providing a
comparative perspective across leading LLM families.

Originally, our goal was to utilize the official APIs of these models to perform classifications. However,
token limitations and access constraints led us to employ their respective user interfaces or chat versions
instead. For each subtask and language, we defined a specific prompt, which is detailed in the next
subsection. As showed in Table 1, depending on the chat capabilities of each model, we provided batches
of the dataset for classification.

Model Version Number of texts per batch
GPT o3-mini 200
Claude 3.5 Sonnet 200
Llama 4 60
DeepSeek R1 100

Table 1
Overview of batch sizes used during model classification

3.2.3. Zero-Shot Prompts

For the zero-shot prompts, we adopted a unified approach, using the same prompt for binary clas-
sification in both Spanish and English. Similarly, a single prompt was designed for the multiclass
classification task across both languages. This decision was made under the assumption that the model
would generalize the task regardless of the input language. To further assist the model, we included the
class descriptions provided on the contest page directly within the prompt for clearer guidance. The
prompts used are shown below.

Binary Classification Prompt

Below, there is a list of lines of text. Your job is to decide whether the given text reflects hope or
lack of hope by classifying it as either Hope or Not Hope. The definitions are:
-Hope: Hope is a crucial human emotion that influences decision-making, resilience, and social
interactions.
-Not Hope: Not Hope is a text that do not express hope.
Please, give the answer in the format "number, classification". Don’t forget the comma instead of
a dot in your answer
#### Text to classify ####

Multiclass Classification Prompt

Below, there is a list of lines of text.Your job is to classify the text as a Generalized Hope, Realistic
Hope, Unrealistic Hope, Not Hope or Sarcasm. The definitions are:
- Generalized Hope: A broad sense of optimism not tied to specific outcomes.



- Realistic Hope: Expectations grounded in achievable goals. - Unrealistic Hope: Desires for
outcomes that are unlikely or impossible.
- Not Hope: Not hope is that belonged to neither category above. Texts that do not express hope.
- Sarcasm: Texts that mimic hope but are sarcastic in nature.
Please, give the answer in the format "number, classification". Don’t forget the comma instead of
a dot in your answer
#### Text to classify ####

3.2.4. Few Shot

For the few-shot prompts, we selected three random samples from each class in the training set, creating
three example shots. We opted to use separate prompts for each language, as the examples would be
specific to each language. The structure of the prompt is consistent with the zero-shot classification;
the only difference is the inclusion of examples with both text and labels, which vary depending on the
language. The same set of examples was used across all models.

Table 2 below presents the series of experiments conducted on the development set.

Model Classification Zero Shot Few Shot Data Augmentation
XLM-RoBERTa Binary English - - -
XLM-RoBERTa Multiclass English - - -
XLM-RoBERTa Binary Spanish - - ✓
XLM-RoBERTa Multiclass Spanish - - ✓
ChatGPT o3-mini Binary English ✓ ✓ -
ChatGPT o3-mini Multiclass English ✓ ✓ -
ChatGPT o3-mini Binary Spanish ✓ ✓ -
ChatGPT o3-mini Multiclass Spanish ✓ ✓ -
Claude 3.5 Sonnet Binary English ✓ ✓ -
Claude 3.5 Sonnet Multiclass English ✓ ✓ -
Claude 3.5 Sonnet Binary Spanish ✓ ✓ -
Claude 3.5 Sonnet Multiclass Spanish ✓ ✓ -
Llama 4 Binary English ✓ ✓ -
Llama 4 Multiclass English ✓ ✓ -
Llama 4 Binary Spanish ✓ ✓ -
Llama 4 Multiclass Spanish ✓ ✓ -
Deepseek R1 Multiclass English ✓ ✓ -
Deepseek R1 Binary English ✓ ✓ -
Deepseek R1 Multiclass Spanish ✓ ✓ -
Deepseek R1 Binary Spanish ✓ ✓ -

Table 2
Summary of the experiments performed on the development set.

3.3. Results

We evaluated the performance of multiple Large Lenguage Models (LLMs) using the development set.
For the binary classification task, we opted for accuracy and macro-averaged F1-score as evaluation
metrics. The results for each model are presented in Tables 3, and 5, corresponding to the English and
Spanish datasets, respectively.

XLM-RoBERTa, with and without augmentation, achieved the highest performance across both
metrics and languages, surpassing our expectations. ChatGPT o3-mini ranked second on the English
dataset, with negligible differences between its zero-shot and few-shot prompting strategies—although
zero-shot prompting obtained a marginally higher score. Contrastingly, in the Spanish dataset, ChatGPT
o3-mini and DeepSeek R1 achieved similar results: DeepSeek R1 achieved slightly higher accuracy



Model Setting Accuracy F1-Score Macro

ChatGPT o3-mini Zero Shot 0.7992 0.7984
Few Shot 0.7950 0.7938

Claude 3.5 Sonnet Zero Shot 0.7555 0.7540
Few Shot 0.7766 0.7752

Llama 4 Zero Shot 0.6993 0.6989
Few Shot 0.7093 0.7090

Deepseek R1 Zero Shot 0.7413 0.7306
Few Shot 0.5741 0.5665

XLM-RoBERTa - 0.8538 0.8538
XLM-RoBERTa Data Augmentation 0.8339 0.8338

Table 3
Comparison of models under One Shot and Few Shot settings on Accuracy and F1-Score (Macro) English Binary.

Model Setting Accuracy F1-Score Weighted

ChatGPT o3-mini Zero Shot 0.4895 0.4479
Few Shot 0.4874 0.4463

Claude 3.5 Sonnet Zero Shot 0.5321 0.5112
Few Shot 0.5526 0.5434

Llama 4 Zero Shot 0.4217 0.4296
Few Shot 0.4826 0.4922

Deepseek R1 Zero Shot 0.5231 0.5147
Few Shot 0.4942 0.4807

XLM-RoBERTa - 0.7266 0.7287
XLM-RoBERTa Data Augmentation 0.6546 0.6580

Table 4
Comparison of models under One Shot and Few Shot settings on Accuracy and F1-Score (Weighted) English
Multiclass.

with zero-shot prompting, while ChatGPT o3-mini outperformed in terms of F1-score under few-shot
prompting.

For the multiclass classification task, we evaluated models using accuracy and the F1-score with
weighted averaging, to account for label imbalance. The scores can be observed for English and Spanish
datasets in Tables 4 and 6, respectively. Once again, XLM-RoBERTa led in overall performance across
both datasets and metrics. As expected, all models demonstrated reduced performance on the multiclass
task compared to the binary classification task.

Model Setting Accuracy F1-Score Macro

ChatGPT o3-mini Zero Shot 0.6822 0.6792
Few Shot 0.7356 0.7351

Claude 3.5 Sonnet Zero Shot 0.7282 0.7280
Few Shot 0.7321 0.7307

Llama 4 Zero Shot 0.6842 0.6840
Few Shot 0.6837 0.6834

Deepseek R1 Zero Shot 0.7324 0.7287
Few Shot 0.7233 0.7232

XLM-RoBERTa - 0.8545 0.8544
XLM-RoBERTa Data Augmentation 0.7150 0.7186

Table 5
Comparison of models under One Shot and Few Shot settings on Accuracy and F1-Score (Macro) Spanish Binary.

In the English dataset, Claude 3.5 Sonnet achieved the second-highest performance under few-shot



Model Setting Accuracy F1-Score Weighted

ChatGPT o3-mini Zero Shot 0.4166 0.3195
Few Shot 0.4281 0.2668

Claude 3.5 Sonnet Zero Shot 0.4995 0.4030
Few Shot 0.5066 0.4304

Llama 4 Zero Shot 0.3880 0.3395
Few Shot 0.3841 0.3530

Deepseek R1 Zero Shot 0.5242 0.4096
Few Shot 0.4807 0.3760

XLM-RoBERTa - 0.7512 0.7047
XLM-RoBERTa Data Augmentation 0.8337 0.8337

Table 6
Comparison of models under One Shot and Few Shot settings on Accuracy and F1-Score (Weighted) Spanish
Multiclass.

Figure 5: Average Ranks from F1-Score across LLMs. The lower ranks means a higher overall performance.

prompting. On the Spanish dataset, DeepSeek R1 (zero-shot) obtained the second-highest accuracy,
while Claude 3.5 Sonnet attained the second-best F1-score.

To assess the overall performance differences among the four LLMs independently of language and
prompting strategy, we applied the Friedman Test—a non-parametric statistical test commonly used for
comparing the performance of multiple models across multiple datasets. Unlike ANOVA, the Friedman
Test does not assume normality and is therefore well-suited for ranking-based comparisons when the
same models are evaluated across several conditions.

The test evaluates the null hypothesis that all models perform equally, meaning that any observed
differences in performance rankings are due to random chance. In our analysis, we obtained a p-value of
0.3691. This result indicates that we do not reject the null hypothesis, suggesting there is no statistically
significant difference in performance among the evaluated LLMs. Since the null hypothesis has not
been rejected, we decided to calculate a ranking based on the average F1-Scores obtained by each LLM.
In Figure 5 it can be observed that Claude had the hightest rank.

In practical terms, the observed variation in scores across models and prompting strategies may be
attributed to random fluctuations rather than systematic superiority of one model over another. To
draw more conclusive insights, additional datasets or repeated experimental runs would be required to
increase statistical power and validate any performance trends.

For the test set predictions, we submitted results from the RoBERTa model both with and without data
augmentation. The version without augmentation yielded better performance. Tables 7 and 8 present a
comparison between our RoBERTa without augmentation model’s performance on the test set and the



top five submissions in the competition. This comparison highlights how our approach measures up
against the leading methods evaluated under the same conditions. Our test set scores secured a place
on the leaderboard for all tasks in both English and Spanish. However, our models performed notably
better on the Spanish tasks. Specifically, we ranked 15th in the English binary classification task and
9th in the English multiclass task. In contrast, we achieved 5th place in the Spanish binary task and an
impressive 2nd place in the Spanish multiclass task, as shown in the table.

(a) Binary Task
Team name Acc Avg Mac F1
michaelibrahim 0.8718 0.8713
rogeliorjr1 0.8706 0.8704
nayeem01 0.8706 0.8701
vandan1712 0.8681 0.8678
vishesh2002 0.8676 0.8673
dmadera 0.8584 0.8583

(b) Multiclass Task
Team name Acc Avg Mac F1
supachoke 0.7815 0.7546
ebuka 0.7903 0.7484
tafredri 0.7903 0.7484
lephuquy 0.7878 0.7425
michaelibrahim 0.7827 0.7420
dmadera 0.7563 0.7299

Table 7
Comparison with top 5 results in the competition for Task 1 and Task 2 for English

(a) Binary Task
Team name Acc Avg Mac F1
teddymas 0.8521 0.8521
abit7431 0.8464 0.8464
lephuquy 0.8450 0.8446
dmadera 0.8435 0.8435
supachoke 0.8376 0.8376

(b) Multiclass Task
Team name Acc Avg Mac F1
lephuquy 0.7677 0.7416
dmadera 0.7540 0.7221
supachoke 0.7474 0.6984
teddymas 0.6975 0.6901
nayeem01 0.6977 0.6795

Table 8
Comparison with top 5 results in the competition for Task 1 and Task 2 for Spanish

Analyzing the binary confusion matrices on the development set using the best-performing model
from the competition across the two languages, as seen in Figure 6, reveals that in the English language,
the model shows a slight tendency to overpredict the "Hope" class. However, the prediction accuracy
remains relatively balanced between both classes, with a slightly higher correct prediction rate for "Not
Hope". In contrast, the Spanish language model exhibits a bias toward overpredicting "Hope". While the
overall accuracy is the same as the English model (0.85), the Spanish model shows a stronger asymmetry
in its error pattern: 153 "Hope" instances were misclassified as "Not Hope", whereas 442 "Not Hope"
instances were misclassified as "Hope".

For the multiclass confusion matrices in English, the model performs best at predicting "Not Hope",
with 620 correct classifications. In contrast, "Unrealistic Hope" shows the poorest performance, with
only 88 correct predictions, while "Sarcasm" achieves a moderate level of accuracy with 197 correct
predictions. The most common misclassification is "Not Hope" being confused with "Generalized Hope"
(80 cases). For the Spanish model, the strongest performance is also in predicting "Not Hope" (1557
correct predictions), followed by a relatively strong recognition of "Generalized Hope" (780 correct
predictions). The remaining three classes have lower but more balanced performance: "Unrealistic
Hope" (281 correct), "Realistic Hope" (251 correct), and "Sarcasm" (202 correct). A notable pattern of
confusion emerges, with "Not Hope" frequently misclassified as one of the hope-related categories.

In terms of sarcasm detection, the models show some key differences. For English, the model correctly
identifies 197 instances of sarcasm but misclassifies 55 cases as other categories, with "Not Hope" being
the most common misclassification (41 cases). The model also wrongly classifies 116 cases of other
categories as sarcasm, with "Not Hope" (66 cases) and "Unrealistic Hope" (38 cases) being the most
frequent false positives. In the Spanish model, 202 sarcasm instances are correctly identified, with 49
cases misclassified as other categories, again most frequently as "Not Hope" (33 cases). The Spanish
model has 124 false positives, with "Not Hope" (59 cases) and "Unrealistic Hope" (59 cases) most



Figure 6: Confusion matrices for the binary classification task of the best model (XLM-RoBERTa without
augmentation) across both languages: English (left), Spanish (right).

commonly misclassified as sarcasm.

Figure 7: Confusion matrices for the multiclass classification task of the best model (XLM-RoBERTa without
augmentation) across both languages: English (left), Spanish (right).

3.4. Discussion

In our experiments on hope speech and sarcasm detection across English and Spanish texts, RoBERTa
consistently outperformed all tested Large Language Models (LLMs), in both binary and multiclass
classification settings. This finding aligns with the results reported in related studies across other
NLP tasks. For instance, SiEBERT and RoBERTa often surpass LLMs on datasets where short text
length challenges LLM’s accuracy [23]. Similarly, GPT-4 underperformed in sarcasm detection despite
prompting strategies [27]. LLMs might show promise by offering explainable outputs and flexibility, but
their performance remains generally below that of fine-tuned supervised transformers when it comes
to nuanced understanding tasks such as detecting hope and sarcasm. Thus, our results further confirm
that, despite their versatility, LLMs have yet to consistently surpass traditional supervised models like
RoBERTa in fine-grained text classification tasks.

Furthermore, our experiments revealed interesting behaviors that are worth further analysis. In
the case of ChatGPT o3-mini, its reasoning capabilities allowed us to observe parts of its internal
decision-making process when classifying instances. Figure 12 illustrates several examples. In some
cases, ChatGPT o3-mini relied on surface-level cues, such as the presence of the word“hoping", to make
its prediction, without considering the broader context of the message. In other cases, it appeared to
understand the deeper meaning, but then seemed to second-guess itself and defaulted to a simpler or
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Figure 8: English: Zero-Shot vs Few-Shot Performance by Model and Task
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Figure 9: Spanish: Zero-Shot vs Few-Shot Performance by Model and Task

more literal interpretation, as shown in Figure 12b. We also encountered instances of hallucination
where the model generated more responses than expected, even producing imaginary future texts.

With DeepSeek, the main issue we faced was censorship. In the Spanish dataset, a few instances
addressed sensitive topics for the Chinese government. As a result, we had to manually removed certain
proper nouns, such as "Xi," referring to the Chinese president, to avoid model refusal or skewed outputs.

Regarding the prompting strategies, we observed that the difference between zero-shot and few-shot
prompting is generally minimal for the binary task. However, in the multiclass setting, almost all LLMs
seem to benefit from the inclusion of examples within the instruction. Figures 8 and 9 show the scores
obtained by each model under both prompting strategies for English and Spanish, respectively. In
the English dataset, DeepSeek stands out as the only model that consistently performs better with
zero-shot prompting, regardless of the task. A similar trend is observed in the Spanish datasets, although
the difference is slightly smaller. An exception is ChatGPT, which shifts to better performance under
few-shot prompting for the binary task.

On the other hand, the experiments with RoBERTa showed that data augmentation had little impact
on the model’s performance; in fact, it was slightly counterproductive. The results were nearly identical
across both languages, as shown in Figures 10 and 11. This outcome is not surprising, given that
RoBERTa is a pre-trained model with strong generalization capabilities. Notably, our test set evaluation
using RoBERTa showed significantly better performance in the binary tasks for both English and
Spanish when augmentation was not applied, reinforcing the idea that it was unnecessary in this case.

The confusion matrices for binary classification indicate that while both models achieve similar overall
accuracy, they exhibit subtle differences in prediction biases. Specifically, the Spanish model shows a
certain tendency to classify borderline cases as “Hope" compared to the English model. In contrast, the
multiclass classification results reveal that both models struggle with the nuanced distinctions between
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Figure 10: RoBERTa accuracy with and without using Data Augmentation during training. English data.
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Figure 11: RoBERTa accuracy with and without using Data Augmentation during training. Spanish data.

different types of hope. However, the Spanish model demonstrates a more balanced performance across
classes, whereas the English model displays a more polarized pattern, performing well in some classes
but poorly in others. These findings align with the final evaluation scores, where the Spanish model
emerged as the stronger overall performer.

When examining sarcasm detection across both languages, the English and Spanish multiclass
confusion matrices reveal similar challenges in identifying sarcastic content. Both models struggle
notably with distinguishing sarcasm from negative content, particularly “Not Hope". For the Spanish
model, there is also significant confusion between sarcasm and “Unrealistic Hope". These findings
suggest that while there may be some cross-language similarities in the linguistic markers of sarcasm,
there are likely important differences in how sarcasm is expressed across the different categories of
Hope, as its manifestation is nuanced and influenced by language-specific expressions and cultural
contexts.

Plutchik’s model introduces a detailed framework of eight primary bipolar emotions, which are
considered universal, innate, and essential for human survival. These basic emotions are recognized
across cultures, often through distinct facial expressions, and serve as the foundation for more complex
emotional experiences [29]. Recent studies on emotion classification using LLMs have shown promising
results, successfully identifying emotions based on Plutchik’s wheel of emotions. These advancements
are the result of combining several techniques, such as training models on diverse text datasets repre-
senting a wide range of emotional contexts, along with the use of effective prompting strategies [30].
Nonetheless, complex emotions, like hope, are shaped by conscious thought and cultural influences
and often involve a mixture of feelings from different emotional categories. Because of this complexity,
emotions like hope or sarcasm remain challenging to classify accurately.

For future research, we suggest evaluating the models on additional datasets to strengthen statistical
validity and deepen insights into performance differences. Promoting a more balanced text distribution
across multiple classes is also recommended. Although it is well-established that datasets with real-
world data are inherently unbalanced, particularly when dealing with subjective topics like hope,
the challenge becomes even more pronounced in emerging research areas such as sarcasm detection
within the context of hope. As sarcasm remains relatively underexplored in the study of hope, the lack
of sufficient labeled examples further complicates accurate classification. More annotated examples
are needed to train models that can effectively distinguish between genuine expressions of hope and



sarcastic ones.

(a) GPT o3-mini reasoning example for binary en-
glish task.

(b) GPT o3-mini reasoning example for binary en-
glish task.

(c) GPT o3-mini reasoning example for multiclass
english task.

Figure 12: GPT o3 reasoning screen captures obtained during experiments.

3.5. Conclusion

Detecting complex emotions such as hope is challenging given that they arise in diverse situations with
multiple emotional layers. Furthermore, distinguishing genuine hope from sarcasm presents an even
more complicated task, since sarcastic comments can take the form of positive sentences to express
negative feelings [5, 6]. As part of the PolyHope-M shared task at IberLEF 2025, we compare ChatGPT
(o3-mini), Claude (3.5 Sonnet), Llama (4), and DeepSeek (R1), some of the most recent and popular
Generative Large Language Models (LLMs) at the time of writing, against a traditional transformer-based
model, RoBERTa, in detecting hope speech and sarcasm across English and Spanish texts in binary and
multiclass settings.

RoBERTa consistently outperformed all tested LLMs in both binary and multiclass classification
tasks in both languages, and showed no improvement using data augmentation. This demonstrates the
pre-trained model’s ability to detect emotions even in short-length text and its ability to generalize to
other languages. Our results are also consistent with previous studies, where RoBERTa outperforms
LLMs in task requiring analyzing text without much context [27, 23].

However, despite their lower classification performance, LLMs exhibited interesting and sometimes
unexpected behaviors. Models such as GPT o3-mini demonstrated partial reasoning transparency, yet
often defaulted to simplistic interpretations or suffered from hallucinations when handling multiple
inputs. DeepSeek, while competitive in certain prompting conditions, posed unique challenges related
to censorship and required careful input monitoring in specific cultural contexts.

Our evaluation of prompting strategies revealed that while the difference between zero-shot and
few-shot learning was minor for binary classification, the inclusion of examples was generally beneficial
in multiclass tasks. This suggests that, for more complex classification schemes, LLMs may rely heavily
on the context. However, in future research, we suggest exploring other prompting techniques that
make use of the generative features of the model to improve classification or use smaller input batches.

While LLMs might not yet surpass traditional transformer models such as RoBERTa in complex
emotion detection, their explainability features can lead us to new insights on how these model
understand emotions. Chatgpt and Deepseek showed deep reasoning when classifying a message, only



to second-guess themselves and go for the more simplistic answer. For example, choosing the class
“HOPE" if the word “hoping" was present, regardless of the remaining text. These situations open new
research opportunities on why they can detect the emotion, but fail to follow classification instructions.
Further research on these new generation of reason-focus generative large language models, or their
ensembling with RoBERTa, could lead to more effective and reliable systems for hope speech and
sarcasm detection in multilingual settings.
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