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Abstract
Hope speech detection in low-resource, code-
mixed languages presents a genuine challenge
for natural language processing. Tulu, a Dra-
vidian language spoken along the coastal re-
gions of Karnataka and Kerala, is one such
language where social media content is deeply
code-mixed, blending Tulu, Kannada script,
and English within a single comment. Two
classification tasks are addressed: a four-class
coarse-grained setting (Track 1) and a five-class
fine-grained setting (Track 2). XLM-RoBERTa,
a cross-lingual transformer pre-trained on more
than 100 languages, is fine-tuned on the task-
provided datasets using Google Colab with
an NVIDIA T4 GPU. The system achieves a
Macro F1-score of 0.34 on Track 1 and 0.19
on Track 2 on the official Codabench evalu-
ation, establishing the first transformer-based
baseline for hope speech classification in Tulu.

1 Introduction

Hope speech refers to positive, forward-looking on-
line content that encourages, supports, or inspires
others. As NLP research has expanded its scope,
hope speech detection has grown into a meaningful
area of study, offering a constructive counterpart
to the widely explored tasks of hate speech and
toxicity detection. While considerable effort has
been directed at identifying harmful content, the
computational identification of positive and hope-
ful discourse has received comparatively less atten-
tion.

Identifying hopeful language in regional and
minority languages is particularly valuable, as it
gives visibility to communities rarely represented
in large-scale language studies. For speakers of
languages such as Tulu, computational tools can
open up possibilities for social listening and con-
tent moderation tailored to their specific needs.

Tulu is spoken by roughly four to five million
people in the Tulu Nadu region of coastal Kar-
nataka and Kerala. Despite its significant speaker

population, Tulu remains almost entirely absent
from NLP research. There is no dedicated pre-
trained language model for Tulu and no established
NLP pipeline for the language. Its presence on so-
cial media is marked by heavy code-mixing, where
native Tulu, Kannada script, English, and emoji are
blended freely within a single comment, making
automated classification considerably harder than
equivalent tasks in monolingual settings.

The DravidianLangTech shared task on Hope
Speech Detection in Tulu, organized as part of ACL
2026, provides the first structured benchmark for
this problem. Track 1 covers four coarse-grained
categories: Encouraging Hope, Discouraging Hope,
Blended Hope, and Uninvolved. Track 2 covers five
fine-grained categories: Inspiring Hope, Hopeless-
ness, Realistic Hope, Optimistic Hope, and Fading
Hope. The transition to fine-grained classification
makes the task progressively more demanding, as
Track 2 categories differ in degree rather than in
kind, with genuinely ambiguous boundaries.

The approach taken in this work centers on fine-
tuning XLM-RoBERTa [6], a multilingual trans-
former pre-trained on more than 100 languages.
Its cross-lingual representations allow it to handle
Tulu’s mixed scripts without any language identifi-
cation or transliteration steps, making it a practical
and principled choice for this low-resource, code-
mixed setting. The system is trained end-to-end
with a linear classification head on top of the en-
coder, and predictions are generated by taking the
argmax of the softmax output.

2 Related Work

Hope speech detection as a formal NLP task was
first introduced by Chakravarthi [2] through the
HopeEDI dataset, covering English, Tamil, and
Malayalam. The dataset and baselines demon-
strated that transformer-based models clearly out-
perform classical approaches even on small mul-
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tilingual corpora, setting the stage for the shared
tasks that followed.

Chakravarthi and Muralidaran [4] reported find-
ings from a shared task on hope speech detection
across English, Tamil, and Malayalam, confirm-
ing that multilingual transformers consistently out-
perform classical machine learning approaches on
code-mixed text.

Several systems from those shared tasks demon-
strated the strength of XLM-RoBERTa. Ziehe
et al. [16] showed that fine-tuning XLM-RoBERTa
achieved strong results across English, Malayalam,
and Tamil without any task-specific feature engi-
neering. Mahajan et al. [11] ranked first in both En-
glish and Tamil by fine-tuning RoBERTa and XLM-
RoBERTa respectively. Balouchzahi et al. [1] built
an XLM-RoBERTa ensemble specifically for code-
mixed Dravidian text. Huang and Bai [9] combined
XLM-RoBERTa with TF-IDF features and ranked
first in both English and Malayalam. Singh et al.
[13] explored multilingual transformer models pre-
trained on Indian languages and achieved second
place in both English and Malayalam. These re-
sults collectively established XLM-RoBERTa as
the dominant baseline for Dravidian hope speech
classification.

On the model side, Vaswani et al. [15] intro-
duced the Transformer architecture, which set the
foundation for the modern pre-trained language
model paradigm. Devlin et al. [7] built on this
with BERT, demonstrating the power of masked
language modelling for downstream NLP tasks.
Liu et al. [10] followed with RoBERTa, showing
that more robust pre-training strategies yield better
performance. Conneau et al. [6] extended this to
the multilingual setting with XLM-RoBERTa, pre-
trained on over 100 languages including several
Indic scripts.

Dravidian language NLP has received growing
attention in recent years. Chakravarthi et al. [5]
reported a comprehensive shared task overview on
hope speech across five languages. Chakravarthi
[3] further presented a multilingual hope speech
dataset covering English and Dravidian languages.
Sundar et al. [14] proposed a stacked encoder archi-
tecture using cross-lingual embeddings and demon-
strated improvements over standard fine-tuning
baselines.

Research on Tulu specifically is extremely
sparse. Shetty [12] examined sentiment analysis in
code-mixed Tulu and Tamil text, noting the severe
scarcity of annotated data. Ehsan et al. [8] tackled

Tulu sentiment classification using BiLSTM mod-
els with ELMo embeddings, identifying the lack
of Tulu-specific language resources as the primary
bottleneck. Neither work addresses hope speech
detection in Tulu; the current work is the first to do
so.

3 Dataset and Preprocessing

3.1 Dataset
The datasets for both tracks were prepared by the
shared task organizers and drawn from social me-
dia platforms used by Tulu speakers. The text re-
flects real-world Tulu online writing, mixing Tulu,
Kannada script, English, and emoji freely within in-
dividual comments. This code-mixed, multi-script
nature is a defining feature of the data and makes
classification non-trivial even for human annota-
tors.

Track 1 contains 5,991 training samples across
four coarse categories. The distribution is imbal-
anced, with Uninvolved accounting for 2,490 sam-
ples (41.6%) and Discouraging Hope having the
fewest at 711 (11.9%). Track 2 has 3,185 training
samples across five fine-grained labels, with Inspir-
ing Hope as the majority class at 35.4% and Fading
Hope as the minority at 7.4%. Tables 1 and 2 show
the full distributions.

Label Count %

Encouraging Hope 1895 31.6%
Discouraging Hope 711 11.9%
Blended Hope 895 14.9%
Uninvolved 2490 41.6%

Total 5991 100%

Table 1: Class distribution – Track 1 (Coarse-Grained).

Label Count %

Inspiring Hope 1129 35.4%
Hopelessness 937 29.4%
Realistic Hope 503 15.8%
Optimistic Hope 380 11.9%
Fading Hope 236 7.4%

Total 3185 100%

Table 2: Class distribution – Track 2 (Fine-Grained).

3.2 Preprocessing
Preprocessing was kept minimal by design. Text
samples were passed directly to the XLM-
RoBERTa tokenizer, which handles diverse scripts
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through a SentencePiece-based subword vocabu-
lary. Padding and truncation were applied at a max-
imum length of 128 tokens. Transliteration, lan-
guage identification, and stopword removal were
deliberately skipped, as these steps risk erasing
code-switching cues that carry genuine meaning.
No normalization of Kannada or Roman script was
applied, preserving the natural variation present
in user-generated content. This minimal prepro-
cessing strategy is consistent with prior work on
code-mixed Dravidian NLP, where aggressive pre-
processing has been shown to hurt rather than help
performance.

4 Methodology

4.1 System Pipeline
The system follows a standard transformer fine-
tuning pipeline. Each raw text sample is first passed
to the XLM-RoBERTa tokenizer, which applies
SentencePiece subword segmentation and encodes
the input as a sequence of token IDs with a special
[CLS] token prepended. The encoded sequence
is fed into the XLM-RoBERTa encoder, which
produces contextualized representations through
twelve layers of multi-headed self-attention. The
hidden state of the [CLS] token at the final en-
coder layer is extracted and passed through a linear
classification head. Output logits are converted to
class probabilities via softmax, and the predicted
label is the class with the highest probability. For
Track 1, the output layer has four neurons; for
Track 2, five. Figure 1 illustrates the pipeline.

Raw Text Input (Code-Mixed Tulu)

XLM-RoBERTa Tokenizer (SentencePiece, max 128)

XLM-RoBERTa Encoder (12 layers, 768 dims)

[CLS] Token Representation

Linear Head: 4 classes (T1) / 5 classes (T2)

Predicted Hope Speech Label

Figure 1: End-to-end system pipeline for hope speech
classification in Tulu.

4.2 Model Formulation
The core of the system is xlm-roberta-base,
a transformer encoder built on the architecture of
Vaswani et al. [15] and trained using the robust

pre-training strategy of Liu et al. [10] extended to
100+ languages by Conneau et al. [6]. The model
contains approximately 270 million parameters and
was pre-trained on filtered Common Crawl data
spanning 100 languages, including Indic scripts.

Within each transformer layer, the self-attention
mechanism computes attention scores over all to-
ken pairs. Given query matrix Q, key matrix K,
and value matrix V, scaled dot-product attention
is:

Attention(Q,K,V) = softmax
(
QK⊤
√
dk

)
V (1)

where dk is the key vector dimensionality. This al-
lows the model to capture long-range dependencies
across mixed scripts and languages simultaneously.

The [CLS] representation is fed into a linear
head, and logits z1, . . . , zC are normalized via soft-
max to produce class probabilities:

P (y = c | x) = exp(zc)∑C
j=1 exp(zj)

(2)

The model is trained end-to-end by minimizing
categorical cross-entropy loss:

L = − 1

N

N∑

i=1

C∑

c=1

yic logP (y = c | xi) (3)

where N is the number of training samples, C the
number of classes, and yic ∈ {0, 1} the one-hot
ground truth indicator. Gradients are backpropa-
gated through the full encoder, adapting pre-trained
representations to the specific vocabulary and style
of Tulu social media text.

4.3 Training Setup
Both models were fine-tuned on Google Colab with
an NVIDIA T4 GPU for 2 epochs with batch size
8 and AdamW optimizer (learning rate 2× 10−5,
weight decay 0.01). A linear warmup was applied
over the first 6% of training steps, followed by lin-
ear decay to zero. The development set served as
the validation split throughout, and the best check-
point by validation loss was selected for inference.
Predictions on test sets were obtained by argmax
over output logits, converted to label strings, and
submitted to Codabench. No ensembling was ap-
plied.

5 Results and Discussion

5.1 Official Results
Table 3 reports official Codabench evaluation
scores. Accuracy and macro-averaged precision,
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recall, and F1 are reported. Macro-averaging is
the primary metric as it weights all classes equally,
making it sensitive to performance on minority cat-
egories regardless of their frequency.

Track Acc P R F1

Track 1 – Coarse 0.60 0.30 0.41 0.34
Track 2 – Fine 0.24 0.19 0.19 0.19

Table 3: Macro-averaged results on Codabench
(P = Precision, R = Recall).

On Track 1, an accuracy of 0.60 is achieved with
a Macro F1 of 0.34. The gap between these two
figures reflects a model that performs well on the
majority Uninvolved class but struggles with less
frequent categories. Track 2 is harder, with accu-
racy at 0.24 and Macro F1 at 0.19, reflecting the se-
mantic closeness of its five fine-grained categories
and severe class imbalance.

5.2 Error Analysis

A detailed look at predictions reveals that the
accuracy-F1 gap on Track 1 is driven primarily
by over-prediction of the Uninvolved class (41.6%
of training data). Samples from Blended Hope and
Discouraging Hope are prone to being absorbed
into this dominant category, as they share surface-
level vocabulary with neutral comments. The de-
cision boundary between Encouraging Hope and
Blended Hope is especially difficult, since a com-
ment can simultaneously express genuine positivity
and realistic acknowledgment of hardship, making
clean categorical assignment ambiguous.

Track 2 exhibits a more extreme version of the
same problem. The five fine-grained categories are
semantically adjacent and differ in degree rather
than kind. A comment expressing uncertainty
about the future could plausibly belong to Fading
Hope, Hopelessness, or Realistic Hope depending
on subtle contextual cues difficult to capture with
only two epochs of fine-tuning. The scarcity of
Fading Hope samples (236 of 3,185) further limits
learning for this class.

5.3 Discussion and Future Directions

The results demonstrate that XLM-RoBERTa pro-
vides a viable starting point for hope speech detec-
tion in Tulu even without Tulu-specific pre-training.
Future work should address class imbalance via
weighted loss functions or back-translation aug-
mentation from Kannada. Training for more
epochs with early stopping based on macro F1

could help balance performance across classes.
Larger multilingual models or Dravidian-family-
specific pre-trained models could yield better rep-
resentations for Tulu’s lexical patterns. Contrastive
learning objectives that explicitly separate seman-
tically similar hope categories could also resolve
the fine-grained boundary confusion observed in
Track 2.

6 Conclusion

This work presents the first transformer-based
system for hope speech detection in code-mixed
Tulu, fine-tuned on datasets from the Dravid-
ianLangTech@ACL 2026 shared task. XLM-
RoBERTa is applied to both tracks, achieving
Macro F1 scores of 0.34 and 0.19 on Track 1
and Track 2 respectively. The results establish
a meaningful baseline for future work and high-
light the dual challenge of class imbalance and
fine-grained semantic similarity. Despite modest
absolute scores, the cross-lingual transfer capabili-
ties of XLM-RoBERTa prove sufficient to produce
non-trivial predictions even for a language with
no dedicated NLP resources. It is hoped that this
contribution encourages further computational re-
search on Tulu and other low-resource Dravidian
languages that remain largely absent from the NLP
literature.

Limitations

The primary limitation is the use of only two train-
ing epochs, restricting the model’s ability to learn
reliable decision boundaries for minority classes.
The absence of Tulu-specific pre-trained repre-
sentations means cross-lingual transfer may not
fully capture the language’s phonological and mor-
phological patterns. Class imbalance was not ad-
dressed through resampling or loss-weighting, sup-
pressing performance on rare categories. The sys-
tem does not perform language identification or
script normalization, both avenues for future im-
provement.
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