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Abstract

Hope speech detection is an important task in
understanding emotionally constructive com-
munication in online platforms, especially in
low-resource and code-mixed languages. This
paper describes our system submitted to the
first shared task on Hope Speech Detection
in Code-Mixed Tulu, organized by Dravidian-
LangTech@ACL 2026. The shared task con-
sists of two tasks: Task 1 - Coarse-Grained
Hope Tone Classification and Task 2 - Fine-
Grained Hope Type Classification, with the ob-
jective of detecting and classifying the tone
and type of hope expressed in code-mixed Tulu
texts. We experimented with Logistic Regres-
sion (LR) and Linear Support Vector Classi-
fier (LinearSVC) - classical Machine Learning
(ML) approaches, trained with Term Frequency
and Inverse Document Frequency (TF-IDF) of
word ngrams (n = 1, 2). For Task 1, we em-
ployed both models, whereas for Task 2, we
employed only the LR model. Linear SVC
obtained a macro F1-score of 0.51 in Task 1
and secured 4™ rank, while the LR model ob-
tained a macro F1-score of 0.37 in Task 2 and
secured 5 rank. The results demonstrate that
traditional ML approaches remain effective for
low-resource code-mixed language scenarios.

1 Introduction

Digital technologies have enabled instant infor-
mation sharing and interaction through social net-
works such as Facebook, Instagram, and YouTube.
This has led to the increased volume of user-
generated content in regional and code-mixed lan-
guages. Users are taking advantage of social me-
dia and are sharing hate speech, hope speech, in
addition to other types of content. Detecting con-
structive emotional content, such as hope speech, is
essential for promoting positive online interactions
and reducing harmful communication.

Hope can be described as an openness of spirit to-
ward the future—a desire, expectation, or wish for

something to occur or be true—that significantly
influences a person’s mindset, emotions, behavior,
and decision-making (Balouchzahi et al., 2023). It
is a powerful force that motivates individuals to per-
sist despite life’s uncertainties (Kumaresan et al.,
2023). Detecting hope speech focuses on identify-
ing whether a piece of text expresses hope or not.
However, detecting it manually is both tedious and
time-consuming because of the rising number of
users and the expanding volume of social media
content (Divakaran et al., 2024).

While sentiment analysis and emotion detection
have been extensively studied, hope speech detec-
tion in low-resource and code-mixed languages
such as Tulu remains underexplored. The detection
of hope speech has emerged as a significant task,
driven by the need to recognize motivational expres-
sions and goal-oriented behavior of users on social
media platforms (Ramos et al., 2025). As there are
no guidelines to create any post/comment on social
media, users usually combine words and sub-words
belonging to more than one language they know,
leading to code-mixed text. Code-mixed Tulu text
usually combines Tulu with Kannada and English
words, introducing challenges such as spelling vari-
ations, transliteration inconsistencies, and informal
grammar.

Hope Speech Detection in Code-Mixed Tulu
Language shared task', organized by Dravidian-
LangTech@ACL 2026, aims to promote research
in low-resource and code-mixed Tulu language in
the context of social media text (Thenmozhi et al.,
2026). The primary objective of this task is to au-
tomatically identify and categorize hope-related
expressions in user-generated content. The shared
task consists of two tasks:

* Task 1: Coarse-Grained Hope Tone Classi-
fication - consists of four classes - Encourag-
ing, Discouraging, Uninvolved, and Blended

"https://www.codabench.org/competitions/11328/
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Table 1: Sample text with their English Translation and Corresponding Label

Sample Code-mixed Text

English Translation

Classes

Nett comdey olu unndu ...?

Where's the comedy in this?

Blended Hope

Mast samaryd boka..benner batter

We had a guest after a very long time

Uninvolved

2D RIBTIBT O

It was very nice

Encouraging Hope

Anchor n onji change malple

Kindly change the anchor

Discouraging Hope

Tone, with the goal to identify the overall emo-
tional tone of a given social media post (tweet,
comment, etc.) based on the presence, ab-
sence, or ambiguity of hope-related expres-
sions.

Task 2: Fine-Grained Hope Type Classifi-
cation - consists of five classes - Optimistic
Hope, Realistic Hope, Inspiring Hope, Fading
Hope, and Hopelessness, with the goal of re-
fining the classification by identifying specific
types of hope expressed in the text.

Few representative samples from the shared task
dataset (Thenmozhi et al., 2026) along with their
English translations, are shown in Table 1.

To address the challenges of the shared task, in
this paper, we describe our proposed system for
hope speech detection in code-mixed Tulu. We
explored classical ML models: LR and LinearSVC,
trained with TF-IDF of words n-grams (n =1, 2)
for hope speech detection.

The rest of the paper is organized as follows:
Section 2 presents the related work, Section 3 de-
scribes the methodology, Section 4 discusses the
experiments, results and error analysis and Sec-
tion 5 concludes the paper with future work.

2 Related Work

Compared to high-resource languages, low-
resource languages face issues such as limited la-
beled data, high dialectal variation, and lack of pre-
trained language models. Despite these limitations,
hope speech detection in low-resource languages
has gained attention with the increase in the number
of social media users and also the increasing vol-
ume of user-generated text. A few studies relevant
in this direction are discussed below:

Mesay Gemeda Yigezu et al. (Yigezu et al.,
2023) focused on detecting hope speech in social
media posts in English and Spanish as part of Iber-
LEF 2023 shared task. Support Vector Machine
(SMV)-based model trained with TF-IDF of words
achieved macro F1-scores of 0.489 for English and

0.481 for Spanish. Aggarwal et al. (Aggarwal
et al., 2023) examined ML methods for classify-
ing English YouTube comments into Hope Speech,
Non-Hope Speech, or Neutral, using the EACL-
2021: Hope Speech Detection for Equality, Di-
versity, and Inclusion” shared task dataset. They
identified label inconsistencies and relabeled the
dataset, testing traditional models (Naive Bayes,
LR, SVM) and BERT. BERT achieved the best re-
sults, with an F1-score of 0.6966, and improved to
0.85 when the neutral class was excluded for binary
classification.

Hegde et al. (Hegde et al., 2023b) addressed the
identification of hope speech in English and code-
mixed texts in Bulgarian, Spanish, and Hindi, in a
shared task on Hope Speech Detection for Equal-
ity, Diversity, and Inclusion (LT-EDI) at RANLP
2023. The authors proposed models that com-
bined transformer-based embeddings, including
BERT and multilingual BERT, with TF-IDF charac-
ter n-gram features, and employed LinearSVC for
classification. Their approaches achieved strong
performance, securing top ranks across multi-
ple language tracks. Uzor et al. (Uzor et al.,
2025) compared SVM, deep learning models, and
transformer-based approaches for hope speech de-
tection. SBERT achieved the highest accuracy
in both binary (92.81%) and multiclass (84.29%)
tasks, outperforming BERT, GPT-2, and traditional
models. Overall, transformer models proved most
effective at capturing nuanced categories, though
challenges remain for underrepresented classes in
low-resource settings.

Abiola et al. (Abiola et al., 2026) evaluated tradi-
tional ML models against fine-tuned transformer ar-
chitectures for hope speech detection. The LaBSE
(Language-agnostic BERT Sentence Embedding)
model consistently outperformed the Ridge Classi-
fier baseline, achieving macro-F1 scores of 0.861
(English), 0.868 (Spanish), 0.948 (Urdu), and 0.839
(German). These results show that while traditional
models remain competitive, transformer models
more effectively capture subtle semantic patterns
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in hope speech. Similarly, Sharma et al. (Sharma
et al., 2025) proposed an ensemble framework for
low-resource languages (English, Kannada, Malay-
alam, Tamil), combining LSTM, mBERT, and
XLM-RoBERTa. Their ensemble outperformed in-
dividual models, with weighted F1-scores of 0.93
(English), 0.74 (Kannada), 0.82 (Malayalam), and
0.60 (Tamil), highlighting the strength of ensemble
methods for multilingual hope speech detection in
low-resource settings.

Research on Tulu NLP is steadily expanding
through shared tasks and resource development
initiatives led by multiple researchers. These ef-
forts—ranging from sentiment analysis to parallel
corpus construction—are gradually building the
foundation for more advanced low-resource lan-
guage processing in Tulu.

DravidianLangTech@RANLP 2023 introduced
sentiment analysis for code-mixed Tamil and Tulu,
marking the first public-domain study of Tulu sen-
timent analysis, where systems were evaluated us-
ing macro Fl1-score (Hegde et al., 2023a). To ad-
vance neural machine translation for low-resource
Dravidian languages, a Kannada—Tulu parallel cor-
pus was developed, with transformer-based mod-
els outperforming traditional encoder—decoder ap-
proaches (Hegde and Shashirekha, 2023). LT-
EDI@EACL 2024 addressed the detection of ho-
mophobia and transphobia in multilingual social
media comments, including Tulu (Chakravarthi
et al., 2024). Morphological segmentation stud-
ies for Kannada and Tulu further demonstrated
the effectiveness of CRF-based models with sylla-
ble and character features for morpheme boundary
detection (Hegde and Shashirekha, 2024). The
shared task at DravidianLangTech@NAACL 2025
addressed multi-class sentiment classification using
data from platforms such as YouTube and Twit-
ter (Thenmozhi et al., 2025). Narayanan et al.
(Narayanan and Aepli, 2024) developed an En-
glish—Tulu parallel corpus and machine translation
system for the low-resource Tulu language.

While most of the work focuses on English, low-
resource languages, and code-mixed texts in low-
resource languages continue to face issues such as
lexical sparsity, limited annotated data, imbalanced
data, and lack of pretrained models. This moti-
vated us to explore traditional ML models for hope
speech detection in code-mixed Tulu language.

Preprocessing

Feature Extraction
TF-IDF
Vectorization

¥

Logistic
Regreeion/Linear
svC

Preprocessing

Feature Extraction
TF-IDF
Vectorization

Figure 1: Framework of the Proposed Methodology for
Hope Speech Detection in Code-mixed Tulu

3 Methodology

The workflow of the proposed methodology is
depicted in Figure 1 and the steps involved are
explained in the following subsections:

3.1 Preprocessing

Text data is subjected to a standardized preprocess-
ing pipeline to ensure consistency and reduce noise.
The preprocessing steps included lower-casing, re-
moval of punctuation and special characters, and
tokenization. These steps help normalize textual
input and reduce sparsity in feature space, thereby
improving the effectiveness of downstream tasks.

3.2 Feature Extraction

To transform textual data into numerical form, we
extracted word n-grams (n = 1, 2) and vectorized
them using TfidfVectorizer>. TF-IDF is widely
used in text classification as it effectively captures
the importance of terms relative to their frequency
within individual documents and across the corpus.

3.3 Model Description

We employed the classical ML models - LR and
LinearSVC, to detect hope speech in code-mixed
Tulu text.

* LR classifier is a strong baseline for text clas-
sification due to its robustness, interpretabil-
ity, and efficiency in high-dimensional feature
spaces. LR model is trained with TF-IDF of
word ngrams (n = 1, 2) to capture both indi-
vidual words and short contextual dependen-
cies with a maximum feature size of 5,000.
Limiting the feature size helps control model
complexity and reduce overfitting. To ensure

Zhttps://scikit-learn.org/stable/modules/generated/sklearn.
feature_extraction.text. Tfidf Vectorizer.html
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proper convergence during optimization, the
maximum number of training iterations was
set to 1000.

* LinearSVC aims to find an optimal hyper-
plane that maximizes the margin between
classes. It is particularly effective for sparse
text representations and often performs com-
petitively in text classification tasks. Lin-
earSVC is trained with TF-IDF of word
ngrams (n = 1, 2) to capture both individual
words and short contextual dependencies. The
maximum feature size is set to 8,000 to allow
a richer representation. Additionally, a min-
imum document frequency (min_df) of 2 is
applied to remove rare terms that may intro-
duce noise. Since the dataset exhibited class
imbalance, we set the class_weight parame-
ter to balanced. This automatically adjusts
class weights inversely proportional to class
frequencies, thereby mitigating bias toward
majority classes and improving generalization
on minority categories.

These classifiers are selected due to their effective-
ness in handling high-dimensional sparse feature
representations. We explored both LR and Lin-
earSVC for Task 1, whereas only LR model for
Task 2.

4 Experiments and Results

The dataset provided for the shared task con-
sists of code-mixed Tulu comments collected from
social media platforms. The distribution of data
across Train and Development sets for Task 1 and
2 are shown in Tables 2 and 3, respectively. The
Test sets for Task 1 and 2 consists of 1,284 and 682
samples respectively.

Model performance is evaluated by the organiz-
ers using Precision, Recall, and F1-score, and the
models are ranked based on macro F1-score. The
performances of the proposed models on Devel-
opment and Test sets are reported in Tables 4 and
5, respectively. In Task 1, Linear SVC achieved
a macro Fl-score of 0.51 and secured 4" rank in
the shared task, whereas for Task 2, LR model ob-
tained a macro F1-score of 0.37 and secured 5™
rank. The comparison of macro F1-scores of the
participating teams for Task 1 and 2 are shown in
Figures 2 and 3, respectively.

Table 2: Distribution of data in Train and Development

Sets for Task 1

Class Train Set | Development Set
Encouraging 1,895 406
Discouraging 711 153
Uninvolved 2,490 534
Blended Tone 895 191

Table 3: Distribution of data in Train and Development
Sets for Task 2
Class Train Set | Development Set
Optimistic Hope 380 81
Realistic Hope 503 108
Inspiring Hope 1,129 242
Fading Hope 236 51
Hopelessness 937 200

4.1 Error Analysis

To gain deeper insights into the classification behav-
ior of the proposed models, the confusion matrices
for Task 1 and Task 2 shown in Figures 4 and 5, are
analyzed.

For Task 1, the confusion matrix shows that the
model is able to correctly identify a significant por-
tion of the Encouraging and Uninvolved categories
However, the model fails to identify Discouraging
and Blended Tone, as these categories often contain
overlapping linguistic expressions that combine
both supportive and discouraging sentiments. Ad-
ditionally, several Encouraging and Discouraging
comments are also incorrectly predicted as Unin-
volved. This may be due to implicit sentiment
expressions in code-mixed Tulu comments, where
supportive or discouraging intent is not always ex-
plicitly conveyed by strong sentiment indicators.

For Task 2, the model demonstrates strong per-
formance in identifying the Inspiring Hope and
Hopelessness categories. However, the instances of
Optimistic Hope and Realistic Hope are frequently
misclassified as Inspiring Hope. This suggests that
the classifier tends to associate general positive sen-
timent with inspirational expressions. Furthermore,
the Fading Hope category shows very few correct
predictions, indicating that the model struggles to
capture the subtle linguistic cues of gradually di-
minishing hope. These misclassifications highlight
the complexity of fine-grained hope classification,
particularly in code-mixed social media text, where
contextual and semantic nuances are crucial.

The relatively small dataset and the presence of
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Table 4: Results for Development Sets of Task 1 and
Task 2

Task Model Precision Recall Fl-score Accuracy
LR 0.62 0.51 0.52 0.67
Task 1 .
LinearSVC  0.53 053 0.53 0.62
Task 2 LR 0.32 034 031 0.50

Table 5: Results for Test Sets of Task 1 and Task 2

Task Model Precision Recall F1-score Accuracy Rank
Task 1 LinearSVC 052 051 0.51 0.62 4
Task 2 LR 0.64 039 0.37 0.56 5

code-mixed Tulu text with informal spellings and
linguistic variations, collectively contribute to the
lower macro F1-score achieved by the models. Few
misclassified instances are shown in Table 6.

5 Conclusion

This paper presents the models submit-
ted for Hope Speech Detection in the Code-
Mixed Tulu shared task organized by Dravidian-
LangTech@ACL 2026. We experimented with LR
and LinearSVC models using word n-grams (n =
1, 2) features. Linear SVC with class-weight bal-
ance achieved the macro F1-score of 0.51 in Task
1 and secured the 4™ rank, while the LR model
achieved the macro F1-score of 0.37 and secured
the 5" rank in Task 2. The findings demonstrate
that classical ML approaches remain competitive
for low-resource and code-mixed language classi-
fication tasks. More feature engineering and other
ML models will be explored further.
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Limitations

Despite the promising results obtained in this
study, several limitations remain.

* The dataset used for the experiments is rel-
atively small, which may limit the model’s
ability to learn diverse linguistic patterns and
generalize effectively to unseen data.

* The presence of code-mixed Tulu text intro-
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Figure 2: Comparison of Macro F1 scores of the Partic-
ipating Teams for Task 1
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Figure 3: Comparison of Macro F1-scores of the Partic-
ipating Teams for Task 2

duces additional challenges due to informal
spellings, transliteration variations, and in-
consistent grammatical structures commonly
found in social media comments. These char-
acteristics make it difficult for traditional ML
models to capture the full contextual meaning
of the text.

* Class imbalance across categories, particu-
larly in Task 2, where some classes, such
as Fading Hope have significantly fewer in-
stances. This imbalance may negatively affect
the model’s ability to accurately learn and pre-
dict minority classes.

* The use of TF-IDF for feature representation
fails to capture deeper semantic relationships
in the text.

Overall, the study is limited by the small dataset
size, code-mixed text complexities, class imbalance
and the limitations of the ML models to generalize.
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Table 6: Sample Misclassified Instances in Task 1 and Task 2 along with their True and Predicted Labels

Task | Text

True Predicted

Ini pura picture baruva

Blended Tone Uninvolved

Hinfcs doodh ddalen evem oo

Task 1 Encouragin Uninvolved
ARl 2ebahTs &INg
20 ne sala thupuni Discouraging Uninvolved
e9es, 258 euGTE) Optimistic Inspiring
Tulunaad n oripuga... tulu bhashen oripaaga. | Realistic Inspiring
Task 2 | Yakshaganada choukattuve gotthijji. Fading Hopelessness
shchehahr® L3ohosd admse -
00RO Inspiring Hopelessness
200
Encouraging {RwLY 31 ‘ 47 ’ 32 350 optimistic hope | 18 4 35 0 25 s
150
300 realistic hope 3 13 63 0 29
g Discouraging 37 43 41 31 250 g 125
5 g inspiring hope{ 0 8 200 0 34 100
g - 200 E
e . = 75
=
Uninvolved 37 34 63 - fading hope 1 0 13 1 35
100
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Figure 4: Confusion matrix for Task 1 - LinearSVC
Model
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