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Abstract

This paper proposes a multilingual approach to hope speech detection through the Language-agnostic BERT
Sentence Embedding (LaBSE) model. In compliance with the need for language-agnostic and scalable classification,
we evaluate our approach on the English and Spanish versions of the PolyHope IberLEF 2025 dataset. Our
approach ranks competitively as the second best for Spanish and sixth best for English among participating
systems. Experimental results show that LaBSE outperforms traditional models with a unified framework for
cross-lingual hope speech classification with task-specific fine-tuning. The research emphasises the potential of
multilingual transformers for inclusive and affective content analysis in diverse linguistic settings.
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1. Introduction

In the internet era, social media platforms such as Twitter have become central to how humans
communicate, express emotions, and create communities across the globe. Social media websites are
not merely sites of information sharing but also emotional spaces where individuals share experiences
of joy, grief, resilience, and hope. While a great deal of the natural language processing (NLP) research
has been focused on detecting noxious or toxic content—hate speech, abuse, and misinformation, for
instance—there is an increasing recognition that there should also be detection and promotion of
positive and constructive communication. Hope speech is one of these positive communications.

Hope speech is described as messages that convey encouragement, optimism, support, and an
anticipation of good things. It plays a key role in building mental wealth, cementing social bonds,
and combating the toxicity that seems to prevail in online spaces. Hope speech is particularly vital in
times of crisis, e.g., pandemics, political unrest, or personal loss, since it has the potential to strengthen
communities and provide psychological comfort. Despite its utility, automatic hope speech detection is
a difficult task with some unique challenges. Hope may be indirect or figurative; it may be presented in
figures of speech, conditioned by cultural context, or reliant on subtle semantic cues.

To this end, shared tasks on hope speech detection have been suggested to encourage the development
of computational systems that can identify and amplify hopeful communication. This paper focuses on
Subtask 1: Binary Hope Speech Detection, which aims to classify social media texts into two categories:

« Hope: Tweets containing an expression of hope, expectation, or desire.
« Not Hope: Tweets that do not contain hope, expectation, or desire.
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Our research aims at two languages—English (Subtask 1.a) and Spanish (Subtask 1.b)—to investigate
the appearance of hope speech in various linguistic and cultural environments. The binary classification
task serves as the building block, providing the basis for more complex detection of positive discourse
in multilingual and multicultural environments.

An essential aspect of this task is the identification of not just overt expressions of hope but also
implicit or metaphorical ones. Social media users prefer to express hope in indirect or figurative terms,
which makes it harder for computers to process. This necessitates models to be sensitive to linguistic
nuance and capable of reading between the lines of sentiment beyond literal meaning.

To tackle these difficulties, researchers have begun exploring multilingual and language-agnostic
approaches to hope speech detection, drawing on the potential of modern NLP models to perform well
across a range of language inputs. Our work belongs to this nascent trend by undertaking a multilingual
binary classification task with a focus on exploring how hopeful sentiment is conveyed and can be
computationally detected in both English and Spanish tweets.

The remaining portion of this paper outlines our methodology, data preprocessing pipeline, modelling
strategies, and evaluation procedure. Last but not least, this research continues efforts in developing
emotionally intelligent systems that prioritize empathy, inclusion, and psychological well-being in
virtual environments.

2. Literature Review

Text classification remains a central task in Natural Language Processing (NLP), evolving from tradi-
tional machine learning (ML) techniques to sophisticated deep learning (DL) and transformer-based
architectures. Foundational studies employed models such as Support Vector Machines, Decision Trees,
and Naive Bayes for tasks ranging from topic classification to sentiment analysis [1, 2, 3]. These methods
laid the groundwork for more context-aware classification systems. Subsequently, neural approaches,
particularly Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), demon-
strated enhanced capabilities in capturing syntactic and semantic patterns within text [4, 5, 6, 7, 8]. The
rise of transformer models such as BERT and its multilingual variants brought further performance
gains, particularly in multilingual and low-resource contexts [9, 10, 11, 12, 13, 14].

Within this broader context of text classification, hope speech detection has emerged as a distinct
research focus. Positioned as a counterbalance to the well-established domain of hate speech detection,
hope speech centers on identifying content that is optimistic, inclusive, and supportive. Its significance
lies in promoting positive discourse on social media platforms and supporting mental health and social
cohesion. The task has seen increasing scholarly and shared-task attention, particularly within the
framework of the HOPE track at IberLEF [15, 16, 17, 18, 19, 20, 21].

Initial efforts in the field focused on binary classification of hope speech using traditional methods. For
example, Yigezu et al. [22] applied Support Vector Machines on English and Spanish datasets, reporting
modest F1-scores of 0.489 and 0.481. As transformer-based models gained prominence, researchers began
leveraging their power for multilingual applications. Divakaran et al. [23, 24] developed models such as
GUIDE4Hope, incorporating BERT and TF-IDF-based logistic regression to achieve macro F1-scores
up to 0.82 for English and Spanish binary classification. They also explored multiclass classification,
reaching 0.64 macro F1-score.

A major advancement in multilingual modelling was achieved by Ahmad et al. [25, 26], who in-
troduced the Posi-Vox-2024 dataset in English, Urdu, and Arabic. Their transfer learning approach
using BERT demonstrated F1-scores of 0.78 in binary classification and improved accuracy over logistic
regression baselines, particularly for low-resource languages. Further expanding on multilingual detec-
tion, Sharma et al. [27] proposed an ensemble model combining LSTM, mBERT, and XLM-RoBERTa for
English, Kannada, Malayalam, and Tamil, achieving high weighted F1-scores of 0.93, 0.74, 0.82, and 0.60,
respectively.

Some studies have also focused on novel or low-resource language datasets. For instance, Nath et al.
[28] addressed the scarcity of Bengali-language resources by introducing BongHope, a binary-labeled



dataset for positive discourse detection in Bengali social media. Arif et al. [29] brought a psycholinguistic
perspective to the task, applying lexicon-based tools such as LIWC, NRC-emotion-lexicon, and VADER
to identify cognitive and emotional indicators of hope. Their use of LightGBM and CatBoost achieved
competitive results, emphasising the value of lightweight ML methods.

A particularly notable contribution to the multilingual landscape came from Balouchzahi et al. [30],
who developed an Urdu-language dataset with a dual focus on hope and hopelessness. Their semi-
supervised annotation strategy—combining large language models (LLMs) and human review—enabled
nuanced classification into multiple emotional categories. Their best-performing transformer-based
models achieved macro F1-scores of 0.4801 in multiclass tasks. Similarly, Armenta-Segura and Sidorov
[31] developed custom multilingual BERT models trained on Spanish and English hope speech content
from the HopeEDI and PolyHope datasets, incorporating multilingual sentiment embeddings and
achieving top rankings in the HOPE@IberLEF 2024 shared task.

The HOPE shared tasks themselves have been pivotal in catalyzing advancements in this field. Garcia-
Baena et al. [20] curated the SpanishHopeEDI dataset focusing on LGBT-related content and evaluated
a range of baselines, while Garcia et al. [19] provided a comprehensive overview of the IberLEF 2024
task, noting participation from 19 teams and reporting macro F1-scores exceeding 0.78 in multiclass
configurations.

Alternative modeling approaches have also been proposed. Arunadevi et al. [32] used logistic
regression with TF-IDF and count vectorizer features for Spanish, achieving a macro-F1 score of 0.4161.
Eyob et al. [33] compared transformer models with traditional algorithms such as SVM and Random
Forest, showing that BERT models substantially outperform conventional techniques, reaching macro
F1-scores of 0.85. Ullah et al.

Additional work by Junaida and Ajees [34] explored hope speech classification in Tamil and Malay-
alam, where low-resource constraints are particularly pronounced. Their experiments demonstrated
the effectiveness of RNNs and contextual embeddings, with Iyer et al. achieving F1-scores of 0.93 for
English, 0.58 for Tamil, and 0.84 for Malayalam using a context-aware deep learning model.

Butt et al. [35] present a comprehensive study on multi-class hope speech detection in both Spanish
and English, exploring optimism, expectation, and sarcasm classification. The authors evaluate multiple
transformer-based models using fine-tuning and prompt-learning strategies. For the Spanish dataset,
ALBERT achieved the highest macro F1-score (0.8425), slightly outperforming RoBERTa (0.8401), while
DistilBERT yielded the lowest performance (0.7697). In the English binary hope speech detection task,
prompt-learning methods using LLaMA3 and GPT-4 were assessed under both few-shot learning (FSL)
and zero-shot learning (ZSL) settings. GPT-4 with FSL achieved the best overall performance with
a macro F1-score of 0.7823, outperforming LLaMA3 FSL (0.7401) and both models under ZSL. These
findings demonstrate the effectiveness of large language models in hope speech detection, particularly
under few-shot learning settings.

Despite these contributions, most existing research is limited to language-specific or bilingual
classification tasks, often requiring separate pipelines or model retraining per language. Only a few
have explored unified multilingual models capable of generalising across structurally diverse languages.
Addressing this gap, our study proposes the use of Language-agnostic BERT Sentence Embedding
(LaBSE) to create a single semantic embedding space for binary hope speech classification across
four typologically distinct languages: English, and Spanish. This approach builds on the successes
of multilingual transformers while aiming to reduce the architectural fragmentation and annotation
overhead common in prior work.

3. Methodology

3.1. Datasets

The datasets used in this study are provided by the PolyHope at IberLEF 2025 [36]: Optimism, Expectation,
or Sarcasm? shared task organisers. These datasets consist of text data labelled as Hope or Not Hope,



and were not publicly available before this task. The primary goal is to classify the text into binary
categories based on whether it exhibits hopeful or non-hopeful sentiment.

Two datasets were used in this study: one for English and another for Spanish. The English dataset
contains 5,307 instances of hopeful text and 5,927 instances of non-hopeful text. The Spanish dataset,
which is more balanced, includes 2,426 instances of hopeful text and 2,807 instances of non-hopeful
text. These datasets are split into training, validation, and test sets.

The class distribution for both the training and validation sets, along with average word counts for
each class, is presented in Table 1. As shown, the English dataset has a higher number of instances for
the Not Hope class in comparison to the Hope class. Similarly, the Spanish dataset also shows a slightly
higher number of non-hopeful texts compared to hopeful ones.

In addition, the distribution of word counts across the classes for both the English and Spanish
datasets is shown in Figure 1. As seen in the figure, the average word count is slightly higher for the
Not Hope class in both languages. Specifically, the English dataset has an average word count of 36.02
for Not Hope and 31.17 for Hope. For the Spanish dataset, the average word count is 35.42 for Not Hope
and 31.56 for Hope.

Language Class Train Count | Dev Count | Avg Word Count (Train)
English Not Hope 5,927 2,807 36.02
Hope 5,307 2,426 3117
Spanish Not Hope 2,807 1,003 35.42
Hope 2,426 899 31.56

Table 1
Class Distribution and Average Word Count for English and Spanish Datasets
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Figure 1: Distribution of Average Word Count for Hope and Not Hope Classes in English and Spanish Datasets

3.2. Preprocessing

Prior to training the models, extensive text preprocessing was performed. First, all text data was
converted to lowercase to ensure uniformity across different text formats. Then, non-alphanumeric
characters, including punctuation and special symbols, were removed using regular expressions. Addi-
tionally, URLs and links and other non-word characters like emojis were also eliminated to reduce noise
in the data, as they were not deemed relevant for the sentiment classification task. These preprocessing
steps were applied to both the English and Spanish datasets.



3.3. Model Architecture

We explored two primary models for classifying hope speech: a traditional machine learning approach
using Random Forest classifiers, and a transformer-based architecture utilising LaBSE (Language-
agnostic BERT Sentence Embedding). The Random Forest model, based on TF-IDF features extracted
from the preprocessed text, served as a baseline model. On the other hand, LaBSE, which is a multilingual
pre-trained model capable of handling multiple languages, was fine-tuned on the task-specific datasets.

3.3.1. Random Forest Classifier

For the Random Forest model, we did a TF-IDF vectorizer to transform the text data into feature vectors
and subsequently trained a Random Forest classifier. The Random Forest model was trained on 100
trees with maximum tree depth and minimum sample split size of 2 to allow the model to learn the
subtle patterns from the text data. Hyperparameters such as the number of estimators and tree depth
were tuned via experimentation.

3.3.2. LaBSE Model

LaBSE is transformer-based multilingually pre-trained model in various languages. It was also fine-
tuned specifically for the binary classification task of hope speech detection. LaBSE was also pre-trained
using the tokenized text of Spanish and English datasets. The batch size was used as 32 and the learning
rate was 2 x 107°. Training was carried out for 5 epochs that runs for 5hours 35mins for the training
period. This model was experimentally tested for its ability to classify hopeful vs. non-hopeful text in
both English and Spanish languages.

3.4. Evaluation and Prediction

The models were evaluated with standard classification measures like accuracy, precision, recall, and
F1-score. Confusion matrices were also built to be able to compare the performance of both models
on the validation sets. These measures were calculated for the English as well as Spanish datasets and
revealed a clear contrast of how good each model performed in identifying hope speech.

For the final predictions, the best-performing models were run on the test data. The prediction results
were submitted to the organisers for evaluation, using the test set to generate the official metrics as per
the organisers’ scoring system.

4. Results

4.1. Development Set Results

During the development phase, both the Random Forest (RF) and LaBSE models were evaluated using
the validation datasets for English and Spanish. The performance metrics, including precision, recall,
and accuracy, are summarised in Table 2. As shown, LaBSE consistently outperformed the RF model
across both languages.

For the English validation set, the RF model achieved an accuracy of 78%, whereas LaBSE attained
a higher accuracy of 85%. Figure 2 illustrates the corresponding confusion matrices, where LaBSE
demonstrates a more balanced classification performance. Similarly, on the Spanish validation set, RF
reached an accuracy of 78%, while LaBSE improved upon this with an accuracy of 83%, as visualized in
Figure 3.

These results highlight the robustness and superior generalisation capability of the LaBSE model
across both monolingual datasets.



Table 2

Language | Model | Precision | Recall | Accuracy
English RF 0.78 0.78 0.78
English LaBSE 0.85 0.85 0.85
Spanish RF 0.78 0.78 0.78
Spanish LaBSE 0.83 0.83 0.83

Development Set Evaluation Metrics for English and Spanish
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Figure 3: Confusion Matrices for Spanish Validation Set RF and LaBSE

4.2. Test Set Results

The final results submitted to the PolyHope IberLEF 2025 evaluation platform are summarised in Table 3.
These results represent the performance of the Random Forest (RF), Logistic Regression (LR), and LaBSE
models on the official test sets for English and Spanish. The LaBSE model consistently outperformed

the classical baselines across all metrics—weighted F1, macro F1, accuracy, and precision.

Figure 4 provides a visual summary of the performance trends across key evaluation metrics for the

English and Spanish test sets. LaBSE consistently leads in all measured categories.

Figure 5 further illustrates a side-by-side comparison of performance by language and model, high-

lighting the multilingual generalisation advantage of LaBSE.



Language | Model | Weighted F1 | Macro F1 | Accuracy | Precision
English RF 0.795 0.794 0.796 0.796
English LaBSE 0.867 0.866 0.867 0.867
Spanish RF 0.780 0.779 0.781 0.781
Spanish LaBSE 0.846 0.846 0.846 0.855

Table 3

Performance on the test set submitted to the PolyHope IberLEF 2025 platform. LaBSE outperforms classical
models across all key metrics.

Performance Trends Across Metrics
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Figure 4: Performance trend across evaluation metrics for English and Spanish datasets. LaBSE achieves
consistently higher values in all categories.
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Figure 5: Model comparison by language. LaBSE demonstrates superior generalisation across both English and
Spanish, with significant gains over RF.

4.3. Cross-Language and Cross-Model Performance Comparison

The comparative results in Figure 5 and Figure 4 emphasise the effectiveness of LaBSE across languages.
Compared to the classical model RF, LaBSE yields substantial improvements, especially in macro F1-score
and accuracy. While English benefits slightly more from LaBSE in absolute terms, the improvements in
Spanish are equally consistent, reinforcing the model’s robustness in multilingual sentiment and intent

classification tasks.



4.4. Comparison with Existing Techniques

Recent research in the domain of hope speech detection has explored various models and datasets for
multilingual and low-resource classification. Table 4 summarises the key contributions in this area,
providing an overview of the reference, dataset, approach, and performance achieved and showing
comparism with our approach.

Reference Dataset Approach Best Macro F1/ Accuracy
[22] English, Spanish SVM-based classifier 0.489 (English), 0.481 (Spanish)
[23] English, Spanish BERT + TF-IDF-based logistic regression 0.82 (binary classification, macro F1)
[25] English, Urdu, Arabic BERT-based transfer learning 0.78 (binary F1)
[27] English, Kannada, Malayalam, Tamil Ensemble (LSTM, mBERT, XLM-RoBERTa) 0.93 (English), 0.74 (Kannada), 0.82 (Malayalam), 0.60 (Tamil)
[33] English, Spanish Transformer vs traditional models (SVM, RF) 0.85 (macro F1, BERT)

[35]/Baseline English, Spanish Fine-tuned Transformers (GPT-4, ALBERT) 0.7823 (English, GPT-4 FSL), 0.8425 (Spanish, ALBERT)

Our Work English, Spanish LaBSE (Language-agnostic BERT) 0.86 (English), 0.83 (Spanish)

Table 4

Comparison of Existing Techniques with Our Work in Hope Speech Detection

5. Conclusion

In this work, we proposed a hope speech detection technique across languages using the Language-
agnostic BERT Sentence Embedding (LaBSE). Our technique tries to minimise the fragmentation that
has appeared in previous work by employing a single multilingual model and achieving satisfactory
performance on both Spanish and English. In full-fledged testing of the PolyHope IberLEF 2025 test
corpus, our technique achieved 86% accuracy on English and 83% on Spanish, outperforming some of
the latest models in the literature.

Besides, we have demonstrated the efficiency of LaBSE in handling multilingual tasks without
language pipelines, which significantly reduces the burden of model development and maintenance.
This approach has been found successful for hope speech detection in structurally diverse languages,
and it can potentially be used more extensively across multilingual sentiment analysis tasks.

In the competition, our model ranked second in Spanish and sixth in English, further attesting
to the robustness of our method compared to other state-of-the-art methods. This work paves the
way for future improvements in cross-lingual classification tasks, particularly in underrepresented
languages, where applying pretrained multilingual models like LaBSE would have a significant effect
on performance.

Overall, this work contributes to the growing research in multilingual sentiment and emotion analysis,
i.e., hope speech, by providing a scalable and efficient method with high potential for real-world usage
such as social media monitoring and emotional content analysis.

6. Limitations

Even though our method shows promising results, there are some limitations that need to be addressed
in the future.

First, although LaBSE demonstrated strong performance on English and Spanish, its performance on
other languages such as Urdu, German and more remains to be evaluated. LaBSE’s multilinguality is
limited by the quality and quantity of training data for a given language, and we are aware that some
less-resourced languages may not benefit as much from this approach.

Second, while the strategy effectively reduces the usage of language-specialized models, it remains
rooted in a transformer-based architecture, which is computationally expensive. This limitation may
impede the scalability of the model in practical applications, especially on low-end devices such as cell
phones or edge computing scenarios.

Moreover, the current model is inclined towards detecting hope speech under a specific context, and
further work needs to be conducted to adjust it to detect more intricate emotional states or to address



the richness of mixed emotions to a single piece of text. This could be very useful in the context of
mental health monitoring or content moderation where multiple emotions could coexist at once.

Finally, our assessment was based mainly on a single dataset (PolyHope IberLEF 2025), and it is
possible that this data does not represent the entire diversity of real-world data. Subsequent work must
test our method on a larger variety of datasets to validate its generalizability across domains and social
contexts.

Overcoming these limitations will be essential to further enhancing the model’s performance and
broadening its applicability to more use cases.
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