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Abstract

Abusive language targeting women has been
a serious problem on Tamil social media and
building systems to detect it automatically is
harder than it looks. Tamil is morphologically
complex, people have written it mixed with
English in ways no dictionary has accounted
for and a lot of the hostility has been indirect
enough that has slipped past models trained on
surface patterns. In the Shared Task on Abusive
Tamil Text Targeting Women on Social Me-
dia DravidianLangTech@ACL 2026, we have
worked on classifying Tamil YouTube com-
ments as Abusive or Non-Abusive. We have
trained three transformer models four times
each with different learning rates, giving us 12
models total. Their predicted probabilities have
been averaged to make the final decision. The
12-model ensemble has achieved a macro F1
of 0.8086, outperforming all individual models
and securing 4th place in the shared task. Com-
bining Tamil-specialized and multilingual trans-
former models has outperformed any single-
architecture approach.

1 Introduction
Social media has made it far easier for people
to connect but also far easier to harass them and
women have borne more than their share of that
harassment (Sivagnanam et al., 2026). Abusive
comments have not just stay on screen rather they
have pushed people out of conversations and have
made online spaces feel hostile (Premjith et al.,
2024). Detecting this content automatically is one
concrete thing NLP can do about it.
Tamil has made that harder than it sounds. It is
spoken by tens of millions yet has remained poorly
covered in NLP research. The language is mor-
phologically complex, users have written it heavily
mixed with English and much of the abuse is cultur-
ally specific enough that surface-level models miss
it entirely (Chakravarthi et al., 2022). Annotated
Tamil datasets, which are also small in relation to

the scale of the problem (Sreelakshmi et al., 2024).
Despite these challenges, recent advancements in
multilingual models and cross-lingual embeddings
have shown promise in improving Tamil NLP but
much work remains to be done to fully capture its
complexities.
The DravidianLangTech@ACL 2026 shared task
(Sivagnanam et al., 2026) has provided us a bench-
mark of Tamil YouTube comments to classify as
Abusive or Non-Abusive. We have combined
MuRIL (Khanuja et al., 2021) and IndicBERT
v2 (Doddapaneni et al., 2023) for Tamil-specific
coverage with XLM-RoBERTa-Large (Conneau
et al., 2020) for a wider multilingual signal, having
trained each architecture four times with different
learning rates to get twelve models in total. Their
predicted probabilities have been averaged for the
final decision, achieving a macro F1 of 0.8086.
Our main contributions are:

• We have developed a heterogeneous ensemble
of Tamil-specialized and multilingual trans-
formers that has outperformed any single-
model baseline.

• We have implemented learning-rate diversity
across four runs per architecture to introduce
prediction variance.

Code is available at: https://github.com/
Mif-taa/Abusive-Tamil-Text.

2 Related Work
Most early work on abusive language detection has
been done in English and the jump to Dravidian
languages has been slow. Tamil social media text
has proven genuinely difficult as users have mixed
Tamil and English mid-sentence and have relied on
cultural references that are hard to annotate system-
atically. Chakravarthi et al. (2022) has addressed
this by releasing DravidianCodeMix, which has put
Tamil, Malayalam and Kannada offensive language
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detection on a shared benchmark for the first time.
Dowlagar and Mamidi (2021) and Yasaswini et al.
(2021) have shown that transformer fine-tuning can
work for these languages, though class imbalance
and code-mixing have remained difficult.

Indic-specific pretraining has made a real dif-
ference. Khanuja et al. (2021) has built MuRIL
on 17 Indian languages and their transliterations
- which matters because Tamil speakers on social
media have often written Tamil words in Roman
script. Doddapaneni et al. (2023) has extended this
with IndicBERT v2 across 24 languages on a much
larger corpus. Conneau et al. (2020) has shown
that XLM-RoBERTa (Liu et al., 2019), scaled to
100 languages has transferred reasonably even to
languages it has seen little of at training time. Sree-
lakshmi et al. (2024) has compared several of these
models on Dravidian hate speech data and the Dra-
vidianLangTech shared tasks (Premjith et al., 2024;
Sivagnanam et al., 2026) have pushed the field for-
ward with standardized benchmarks. In the 2025
edition, Rahman et al. (2025) has found that com-
bining MuRIL with XLM-BERT has outperformed
either alone. Hanif and Rahman (2025) has found
that learning rate choice matters more than model
size and Thavarasa et al. (2025) has shown that
implicit abuse in YouTube comments has been the
hardest to catch - findings that have directly shaped
our design. However, Tamil annotated data has
remained limited and detecting abuse that relies
on tone rather than explicit words has still been
difficult, challenges we have faced in this work as
well.

3 Data Description

The dataset has been sourced from the shared task
on Abusive Tamil Text Targeting Women on So-
cial Media-DravidianLangTech@ACL 2026. It has
consisted of Tamil YouTube comments annotated
with binary labels: Abusive and Non-Abusive. The
training set has contained 3,652 samples and the
test set 913. Some labels have had capitalization
inconsistencies which we have corrected before
training. The data distribution has shown in Ta-
ble 1.

Label Train Test

Abusive 1,769 441
Non-Abusive 1,883 472

Total 3,652 913

Table 1: Dataset distribution after label normalization.

4 Methodology

4.1 Problem Formulation
Each Tamil YouTube comment has needed to be as-
signed one of two labels: Abusive or Non-Abusive.
Rather than betting on a single model to make that
call, we have trained K = 12 transformer clas-
sifiers and letting them vote. Each model i has
produced a softmax probability pi(k | t) for com-
ment t and class k ∈ {0, 1}. The final label is
whichever class has received the highest average
probability across all 12 models:

ŷ = argmax
k

1

K

K∑

i=1

pi(k | t) (1)

This soft-voting strategy has kept individual model
confidence in the picture rather than just counting
votes, which has mattered when models have dis-
agreed on borderline cases.

4.2 Preprocessing
The raw training data has contained 3,652 samples.
After removing 401 duplicates, 3,251 clean sam-
ples have remained. An 80/20 stratified split has
yielded 2,600 training and 651 validation samples.
Deduplication has been applied to training data
only. Each comment has been cleaned through an
11-step pipeline: HTML entity decoding, URL re-
moval, email and mention removal, hashtag normal-
ization, punctuation reduction, whitespace normal-
ization, standalone number removal, quote normal-
ization and zero-width character removal. Labels
have been standardized to consistent casing. The
class distribution has been near-balanced (51.3%
Non-Abusive, 48.7% Abusive), so mild imbalance
has been handled through class-weight adjustment
rather than resampling.

4.3 Transformer Models
We have experimented with three transformer ar-
chitectures. MuRIL has been pre-trained on 17 In-
dian languages and their transliterations, making it
well-suited for Tamil social media text where users
frequently romanize Tamil words. IndicBERT v2
has been trained on a large-scale Indic corpus
covering 24 languages, providing strong monolin-
gual Tamil representations. XLM-RoBERTa-Large
has covered 100 languages and has contributed
broad cross-lingual signal that complements the
Indic-specialized models. Among individual runs,
IndicBERT_2 has delivered the strongest single-
model performance on the test set.
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Figure 1: End-to-end pipeline of the heterogeneous 12-model ensemble for abusive Tamil text detection.

4.4 Ensemble

We have trained four runs per architecture by vary-
ing the learning rate, yielding 12 models total. Each
model has been fine-tuned using an 80/20 train-
validation split with class-weighted cross-entropy
loss and the AdamW optimizer. Final predic-
tions has been obtained by averaging the softmax
probabilities across all 12 models. A soft-voting
approach that accounts for prediction confidence
rather than treating all votes equally. Figure 1 illus-
trates the overall process flow.

4.5 Evaluation Metrics

Macro F1, precision and recall have been used
to evaluate all models, ensuring balanced perfor-
mance across both the Abusive and Non-Abusive
classes.

5 Results and Analysis
Table 2 has shown that among individual models,
IndicBERT_2 has posted the strongest result F1:
0.8075, while the 12-model ensemble has outper-
formed all individual models with a macro F1 of
0.8086.

Model Acc P R F1

Best Single Models
MuRIL_3 0.7963 0.7975 0.7949 0.7954
XLM-R-L_3 0.7919 0.7919 0.7913 0.7915
IndicBERT_2 0.8083 0.8096 0.8070 0.8075

Final Ensemble
All 12 Models 0.8094 0.8106 0.8082 0.8086

Table 2: Best individual model per architecture and final
12-model ensemble on the official test set.

Table 3 has shown that no single-architecture
ensemble has matched the full 12-model heteroge-
neous ensemble, confirming that architectural diver-
sity has contributed beyond learning-rate variation
alone. The final 12-model soft vote has pushed
F1 to 0.8086, above any single model or single-
architecture ensemble.

Architecture Acc P R F1

MuRIL (4 models) 0.7952 0.7949 0.7948 0.7948
XLM-R-L (4 models) 0.7996 0.7993 0.7991 0.7992
IndicBERT (4 models) 0.7985 0.8011 0.7964 0.7970

All 12 Models 0.8094 0.8106 0.8082 0.8086

Table 3: Ablation: per-architecture 4-model ensembles
vs. final heterogeneous 12-model ensemble.

Figure 2: Confusion matrix for the final 12-model en-
semble on the test set.

Figure 2 has shown the confusion matrix for the
final ensemble. The model has correctly identi-
fied 394 non-abusive and 333 abusive comments,
while producing 78 false positives and 108 false
negatives. The higher false negative count suggests
the ensemble has more often missed abusive con-
tent than over-flagged normal comments-a gap we
would prioritize closing in future work.

5.1 Hyperparameter Settings
Table 4 has listed the training configuration for each
model family. XLM-RoBERTa-Large has required
much smaller learning rates (2e-6 to 5e-6) than
MuRIL and IndicBERT v2. It is the largest model
of the three and more sensitive to high learning
rates. All models have used a cosine schedule with
10% warmup and AdamW with weight decay 0.01,
training for 5/10 epochs.
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Configurations MuRIL XLM-R-Large IndicBERT v2

LR 4e-5 4e-6 3e-5
Batch 32 8 8
Epochs 10 10 5
Max Len 128 128 128
Optimizer AdamW AdamW AdamW
W. Decay 0.01 0.01 0.01
Warmup 10% 10% 10%
Val Split 20% 20% 20%
Seeds 3407 3407 42

Table 4: Training configuration for 3 best model.

All experiments have been conducted on a
Kaggle-provided NVIDIA Tesla T4 GPU (15.6 GB
memory).

Architecture R1 R2 R3 R4
MuRIL 2e-5 3e-5 4e-5 5e-5
XLM-R-Large 2e-6 3e-6 4e-6 5e-6
IndicBERT v2 2e-5 3e-5 2e-5 3e-5

Table 5: Learning rates across all 12 runs.

6 Conclusion

This work has addressed abusive Tamil text detec-
tion in the DravidianLangTech@ACL 2026 shared
task, highlighting the challenges posed by mor-
phological richness, code-mixing and culturally
nuanced expressions. Our heterogeneous ensemble
of MuRIL, XLM-RoBERTa-Large and IndicBERT
v2 has outperformed all individual models on
the official test set, demonstrating that combining
Tamil-specialized and multilingual architectures
has yielded more reliable predictions than relying
on a single model. Although the performance gains
have been consistent, they have been modest, in-
dicating that learning-rate variation alone has pro-
vided limited ensemble diversity. Future research
should explore greater model diversity through dif-
ferent random seeds, advanced ensemble strategies
such as stacking or weighted voting, larger Tamil-
focused pretrained models and improved modeling
of implicit or culturally contextual abuse.

Error Analysis

The ensemble has struggled most with indirect and
sarcastic abuse. The confusion matrix has shown
108 false negatives against 78 false positives, mean-
ing the model has been more likely to miss abuse
than over-flag normal content. False negatives have
fallen into three categories: implicit abuse (hostile
intent carried through cultural context), sarcastic

comments (irony masking abusive intent) and code-
mixed abuse (hostility appearing in the English
portion of mixed comments). Representative false
negatives have included comments containing cul-
turally derogatory terms misread as neutral and
sarcastic comments where tone has carried the hos-
tility rather than explicit words. Future work should
address these through sarcasm-aware modeling and
larger Tamil datasets.

Limitations
The training set has been small at 3,251 samples
with no labeled development set, so ensemble
weights have been equal rather than tuned. Train-
ing 12 transformers is computationally expensive
and all three architectures have shared similar pre-
training objectives which has limited diversity and
has likely kept gains modest. Full hyperparameter
optimization using tools such as Weights & Biases
has not been pursued due to the computational cost
of running sweeps across 12 transformer models
within the shared task timeline.

Ethical Statement
This work has used publicly available data from
the shared task organizers. No personal informa-
tion has been collected or stored. The dataset has
contained harmful content targeting women and
we have handled it carefully. We are aware that
misclassification carries real costs and our goal has
been fairness across both classes rather than metric
optimization.
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