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Abstract

This paper presents our system submission
to the Shared Task on Hope Speech Detec-
tion in Code-Mixed Tulu Language at Dra-
vidianLangTech @ ACL 2026. We introduce
a transformer-based approach built on XLM-
RoBERTa-base for multilingual hope speech
classification. Our system addresses two sub-
tasks: coarse-grained classification of hope ver-
sus non-hope speech and fine-grained catego-
rization of different hope expressions. Since
hope is often expressed in subtle ways, espe-
cially in mixed-language text, our model looks
at the full context of a sentence to understand
its real meaning rather than just focusing on
specific words. Experimental results demon-
strate that multilingual transformer models ef-
fectively model supportive and encouraging ex-
pressions, underscoring their suitability for pro-
moting constructive discourse in low-resource
and code-mixed language settings.

1 Introduction

The rapid growth of social media platforms
(Chakravarthi, 2022) has transformed the way peo-
ple express opinions, emotions, and social support
online. While significant research has focused on
identifying harmful and hateful content, compar-
atively less attention has been given to detecting
positive and encouraging expressions such as hope
speech. Identifying such content can help promote
inclusivity and constructive communication in on-
line communities.

In this work, we present SSN_HopeNetters, a
transformer-based system for hope speech detec-
tion in code-mixed social media text. The task
is challenging due to multilingual usage, code-
mixing, spelling variations, and contextual ambigu-
ity. To address these challenges, we employ XLM-
RoBERTa-base, which is effective for multilingual
representation learning.

Our approach fine-tunes the pretrained model on
the provided dataset using appropriate preprocess-

ing and hyperparameter tuning. Experimental re-
sults demonstrate that transformer-based contextual
embeddings effectively capture semantic cues as-
sociated with hopeful and supportive expressions.
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2 Related Work

Research in text classification and predictive mod-
eling has evolved through both traditional ma-
chine learning frameworks and task-specific lin-
guistic modeling. Early work on learning predictive
structures from multiple tasks and unlabeled data
demonstrated the importance of leveraging shared
representations for improved generalization(Ando
and Zhang, 2005). Such frameworks laid the foun-
dation for handling limited labeled data settings,
which is particularly relevant for emerging tasks
like hope speech detection.

Traditional approaches to text classification have
influenced the development of systems for detect-
ing socially meaningful content, including hope
speech (Balouchzahi et al., 2021). Earlier statis-
tical and log-linear modeling techniques demon-
strated the feasibility of scalable learning in high-
dimensional textual spaces, providing a foundation
for later advances in discourse-level classification
tasks (Andrew and Gao, 2007). Although hope
speech detection involves more nuanced semantic
interpretation, these foundational approaches con-
tributed to the broader understanding of efficient
text modeling strategies.

From a linguistic and structural standpoint, com-
putational methods for string processing and se-
quence analysis have shaped modern text analy-
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sis techniques (Gusfield, 1997). Furthermore, ad-
vances in syntactic parsing, such as the Yara Parser
(Rasooli and Tetreault, 2015), highlight the im-
portance of structural modeling in understanding
sentence-level relationships. Such structural in-
sights are relevant for hope speech detection, where
meaning often depends on contextual cues, compo-
sitional structure, and implicit positive intent.

The task of hope speech detection has been for-
mally introduced in recent years, emphasizing the
identification of positive, supportive, and inclusive
language in online discourse (Chakravarthi, 2022).
Unlike hate speech detection, hope speech identifi-
cation requires modeling subtle contextual cues and
positive intent, making it inherently challenging.

More recently, shared task evaluations have ex-
panded hope speech detection to low-resource and
underrepresented languages. The findings of the
shared task on hope speech detection in Tulu high-
light challenges such as limited annotated data, lin-
guistic diversity, and class imbalance. These stud-
ies underscore the importance of developing robust
models for multilingual and low-resource settings.

3 Dataset

The dataset used in the shared task consists
of social media comments annotated for hope
speech detection in code-mixed Tulu (Thenmozhi
et al., 2026). The data contains multilingual user-
generated content, with labels indicating whether a
given comment expresses hope speech or not. The
overall distribution of the dataset is presented in
Table 1.

Training Data: The training set contains labeled
comments with fields including ID, TEXT, and LA-
BEL. These annotations distinguish between hope
speech and non-hope speech instances.

Test Data: The test set includes comments with
ID and TEXT fields, without labels. Model pre-
dictions were generated on this unseen data for
evaluation.

The dataset contains informal and user-generated
text, introducing challenges such as spelling varia-
tions, code-mixing, transliteration, and contextual
ambiguity. Class imbalance was observed between
categories, making the classification task more chal-
lenging.

Basic preprocessing was performed to standard-
ize the input format, including label encoding and
stratified splitting into training and validation sub-
sets. This ensured compatibility with transformer-

Train Dev Test
5252 1126 1126
3185 682 683

Task Language
Task 1 (Coarse-Grained) Tulu
Task 2 (Fine-Grained) Tulu

Table 1: Dataset statistics for the Hope Speech Detec-
tion shared task.

based tokenization and fine-tuning procedures.

4 Methodology

Our approach to hope speech detection is based on
fine-tuning a pretrained multilingual transformer
model. The overall framework of the proposed
system is illustrated in Figure 1.
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Figure 1: Framework of the Proposed Methodology

4.1 Model Architecture

XLM-RoBERTa-base:

We employed the pretrained XLM-RoBERTa-
base model for multilingual text classification (Ma-
lik et al., 2023). XLM-RoBERTza is a transformer-
based multilingual language model pretrained us-
ing masked language modeling on large-scale mul-
tilingual corpora. The model was fine-tuned on the
labeled hope speech dataset to adapt its contextual
representations to the classification task.

A task-specific classification head was added
on top of the transformer encoder to predict the
probability distribution over the output classes.

XLM-RoBERTa was selected due to its strong
cross-lingual representation capability and its effec-
tiveness in handling multilingual and code-mixed
social media text (Zhao and Tao, 2021). Its sub-
word tokenization mechanism also enables robust
handling of transliterated and out-of-vocabulary
words commonly found in informal online commu-
nication.
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Hyperparameter Value

Model XLM-RoBERTa-base
Learning Rate 2e-5

Batch Size 16

Epochs 5
Optimizer AdamW

Max Sequence Length 128

Loss Function Cross-Entropy
Scheduler Linear Warmup

Table 2: Training hyperparameters

4.2 Preprocessing

To ensure data consistency and effective model
training, the following preprocessing steps were
applied:

» Text Normalization: Basic cleaning was per-
formed by removing unnecessary special char-
acters and formatting inconsistencies while
preserving semantic information.

* Label Encoding: Categorical labels were con-
verted into numerical format for supervised
learning.

* Tokenization: Text inputs were tokenized us-
ing the XLM-RoBERTa subword tokenizer,
enabling effective handling of code-mixed and
transliterated text.

» Dataset Splitting: The dataset was divided
into training and validation subsets using strat-
ified sampling to preserve class distribution.

4.3 Training Setup

The model was fine-tuned using cross-entropy loss
for multi-class classification. Optimization was per-
formed using the AdamW optimizer with learning
rate scheduling to improve convergence stability.

Table 2 summarizes the training configuration
used in our experiments.

Performance was evaluated using Accuracy, Pre-
cision, Recall, and Macro-F1 score on the valida-
tion set.

S Experimental Results

This section presents the official leaderboard rank-
ings and detailed evaluation results obtained by our
team, SSN_HopeNetters, for both coarse-grained
and fine-grained hope speech detection tasks.

5.1 Leaderboard Performance

Table 3 summarizes the official shared task leader-
board rankings.

5.2 Quantitative Analysis

Table 4 presents the validation performance of our
proposed system for both tasks.

For Task 1, the model achieved an accuracy of
68.69% with a Macro-F1 score of 51.44%. Bet-
ter performance was observed for majority classes
such as encouraging hope and uninvolved, while
lower performance on minority categories was
mainly due to class imbalance.

For Task 2, the model achieved an accuracy of
44.43% and a Macro-F1 score of 38.52%. The
lower performance reflects the increased difficulty
of distinguishing fine-grained hope categories with
overlapping semantic meanings.

Overall, the results indicate that multilingual
contextual embeddings effectively capture hope-
related expressions in code-mixed text, although
fine-grained classification remains challenging.

5.3 Error Analysis

To better understand model behavior, we analyzed
commonly occurring misclassification patterns ob-
served in the validation predictions.

Error analysis revealed several challenges as-
sociated with code-mixed hope speech detection.
The model frequently confused semantically simi-
lar hope categories due to overlapping emotional
expressions. Additionally, transliterated spelling
variations, noisy social media syntax, and implicit
expressions of hope contributed to classification
ambiguity.

Minority classes such as fading hope exhibited
lower recall because of insufficient training exam-
ples. The findings indicate that fine-grained hope
speech detection remains particularly difficult in
low-resource multilingual settings.

5.4 Confusion Matrix Analysis

Figures 2 and 3 present the confusion matrices for
Task 1 and Task 2.

The confusion matrices show that most errors
occur between semantically related classes. In
Task 2, minority categories such as fading hope
experienced comparatively higher misclassification
rates, highlighting the difficulty of fine-grained
hope speech detection in low-resource code-mixed
settings.

6 Conclusion

In this work, we presented a transformer-based
approach for hope speech detection using the pre-
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Task 1: Coarse-Grained Hope Tone Classification

Team Name Run Acc  Macro-P  Macro-R  W-P  Macro-F1  Rank
SSN_HopeNetters Run1 0.64 0.56 0.56 0.68 0.55 2
Task 2: Fine-Grained Hope Type Classification
Team Name Run Acc  Macro-P Macro-R  W-P  Macro-F1 Rank
SSN_HopeNetters Runl1 0.45 0.40 0.43 0.49 0.38 4
Table 3: Official leaderboard performance of SSN_HopeNetters
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Figure 2: Task 1 Confusion Matrix

Task Accuracy Macro F1
Task 1 (Coarse) 0.6869 0.5144
Task 2 (Fine) 0.4443 0.3852

Table 4: Validation performance of SSN_HopeNetters

Actual Predicted Reason

Inspiring Hope  Optimistic Hope ~ Semantic overlap
Hope Speech Non-Hope Implicit positivity
Fading Hope Uninvolved Minority class sparsity

Table 5: Common misclassification patterns

trained XLM-RoBERTa model. By fine-tuning the
model on labeled social media data, the system ef-
fectively learned contextual and semantic patterns
associated with hopeful and supportive expressions.
The multilingual pretraining of XLM-RoBERTa en-
abled robust handling of informal language, translit-
eration, and code-mixed content commonly found
in user-generated text.

The experimental results demonstrate that con-
textualized transformer representations signifi-
cantly enhance the ability to distinguish hope
speech from non-hope speech. Overall, the study
highlights the effectiveness of large-scale multi-
lingual language models for socially relevant text

Predicted Label

Figure 3: Task 2 Confusion Matrix

classification tasks.!

7 Limitations

Despite achieving competitive performance, sev-
eral limitations remain. First, the dataset size is
relatively limited, which may restrict the model’s
ability to generalize to unseen domains or emerging
linguistic patterns. Hope speech often depends on
subtle contextual cues and implicit meaning, which
can be challenging even for transformer-based mod-
els.

Additionally, the presence of informal language,
spelling variations, and code-mixed expressions in-
creases classification complexity. The model may
occasionally misclassify borderline cases where
hope is expressed indirectly or sarcastically. Future
work should explore larger annotated datasets, im-
proved contextual modeling strategies, and domain
adaptation techniques to further enhance robustness
and generalization.

!Code and implementation details are available at the
project repository: GitHub Repository.
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