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Abstract

This paper describes our system submitted to
the shared task on Abusive Tamil Text Tar-
geting Women on Social Media at Dravidian-
LangTech@ACL 2026. We formulate the prob-
lem as a supervised binary classification task,
assigning each Tamil social media comment
to an Abusive or Non-Abusive category.
Our pipeline begins with a tailored preprocess-
ing stage that handles emoji translation, URL
removal, and entity normalization. We then
independently fine-tune two pre-trained trans-
former models MuRIL and XLM-RoBERTa on
the task data. At inference time, we combine
these models through a weighted softmax en-
semble, assigning a weight of 0.6 to MuRIL
and 0.4 to XLM-RoBERTa. The resulting sys-
tem achieves a Macro-F1 score of 0.8115 on the
test set, outperforming both individual models.
The code is publicly available.1

1 Introduction

Social media platforms have contributed to a sig-
nificant increase in cyberbullying, hate speech,
and targeted harassment (Schmidt and Wiegand,
2017; Fortuna and Nunes, 2018). Women face
disproportionate levels of gender-based abuse in-
tended to demean, intimidate, or suppress their
online participation. In regional-language ecosys-
tems such as Tamil, this abuse takes culturally spe-
cific forms, derogatory slang, sarcastic rebukes, and
coded misogynistic remarks, that generic modera-
tion tools fail to detect (Chakravarthi et al., 2021).

The DravidianLangTech@ACL 2026 shared task
(Rajiakodi et al., 2026) on Abusive Tamil Text
Targeting Women on Social Media requires sys-
tems to classify Tamil social media comments as
Abusive or Non-Abusive. Tamil’s aggluti-
native grammar, frequent code-mixing with En-
glish (Tanglish), and use of transliterated scripts

1https://github.com/meclin2345/
AbuseDetect_Alchemists

introduce challenges that standard multilingual pre-
training does not fully address.

We describe a classification pipeline with three
key components: (1) a domain-specific prepro-
cessing routine that normalizes noisy social me-
dia text while preserving emojis; (2) independent
fine-tuning of MuRIL (Khanuja et al., 2021) and
XLM-RoBERTa (Conneau et al., 2020); and (3) a
weighted softmax ensemble that assigns higher con-
fidence to MuRIL’s stronger performance on Indic-
language text while retaining XLM-RoBERTa’s
cross-lingual generalization.

2 Related Work

Early abuse detection relied on lexicons and classi-
cal classifiers (Schmidt and Wiegand, 2017), while
pre-trained transformers such as BERT (Devlin
et al., 2019) and XLM-RoBERTa (Conneau et al.,
2020) later advanced the state of the art. The Dra-
vidianLangTech workshop series has been instru-
mental in extending this research to Dravidian lan-
guages. Rajiakodi et al. (2025) provided the shared
task overview, while Rahman et al. (2025) showed
that MuRIL and XLM-BERT handle Tamil morpho-
syntactic complexity effectively. Hanif and Rah-
man (2025) fine-tuned multilingual transformers;
Kodali et al. (2025) combined XLM-RoBERTa
with attention-driven BiLSTM; Harini et al. (2025)
fused TF-IDF with BERT embeddings; and T T
et al. (2025) explored LLMs for detecting misogy-
nistic slurs.

Our work adopts a different strategy: rather than
modifying the architecture, we independently fine-
tune an Indic-specialized and a general multilin-
gual model, then combine their outputs through a
calibrated probability-level ensemble.

3 Methodology

Given a Tamil social media comment x, we predict
a label y ∈ {0, 1}, where y = 1 denotes Abusive
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and y = 0 denotes Non-Abusive.

3.1 Data Preparation

The organizers provided 3,652 labeled Tamil com-
ments and 913 unlabeled test samples. We split
the labeled data into 85% training (3,104 samples)
and 15% validation (548 samples) using stratified
sampling. Table 1 summarizes the splits.

Split Non-Abusive Abusive Total

Train 1,600 1,504 3,104
Val 282 266 548
Test – – 913

Table 1: Dataset statistics across splits. The test set was
provided unlabeled by the organizers; class-wise counts
are therefore not available.

3.2 Text Preprocessing

We apply the following cleaning steps to
all comments: (1) HTML entity decoding;
(2) removal of user mentions (@username)
and URLs; (3) whitespace normalization; and
(4) emoji translation, where emoji characters
are replaced with their CLDR short-name de-
scriptors2 (e.g., face with tears of joy →
:face_with_tears_of_joy:). This last
step is important because emojis frequently carry
sarcastic or intensifying intent in abusive com-
ments.

3.3 Model Selection and Fine-Tuning

We select two complementary transformers.
MuRIL (Khanuja et al., 2021) is a BERT-based
model pre-trained on 17 Indian languages includ-
ing Tamil, making it effective at handling morpho-
logical complexity and code-mixed text. XLM-
RoBERTa (Conneau et al., 2020) is pre-trained
on 2.5 TB of CommonCrawl data covering 100
languages, offering broad cross-lingual coverage.
Both models are loaded from the Hugging Face
transformers library (Wolf et al., 2020) with
a sequence classification head.

Each model is fine-tuned independently using
cross-entropy loss with the hyperparameters in Ta-
ble 2: AdamW optimizer (Loshchilov and Hut-
ter, 2019), learning rate 2×10−5, batch size 16, 5
epochs, max sequence length 128, weight decay
0.01, and linear warm-up scheduling.

2We use the Python emoji library (v2.12) for CLDR-
based emoji-to-text conversion.

Hyperparameter Value

Optimizer AdamW
Learning rate 2× 10−5

Batch size 16
Epochs 5
Max sequence length 128
Weight decay 0.01
LR scheduler Linear with warm-up

Table 2: Fine-tuning hyperparameters.

3.4 Weighted Softmax Ensemble
For each test input x, let z(M) ∈ R2 and z(X) ∈ R2

denote the raw logit vectors from MuRIL and XLM-
RoBERTa, respectively. The ensemble probability
is computed as:

pens = wM · softmax(z(M)) + wX · softmax(z(X))
(1)

with wM = 0.6 and wX = 0.4. The higher weight
for MuRIL reflects its stronger validation perfor-
mance and closer alignment with Tamil. The fi-
nal prediction is ŷ = argmaxj pens,j . This soft-
voting strategy preserves confidence information,
allowing a highly confident model to exert propor-
tionally more influence.

4 Experiments

All experiments used the transformers
(v4.44.2) (Wolf et al., 2020) and datasets
(Lhoest et al., 2021) libraries on a single NVIDIA
GPU. We used the model state after 5 epochs (970
steps per model), as both models showed stable
convergence. The primary metric is Macro-F1,
following the shared task guidelines.

5 Results and Analysis

5.1 Overall Performance
During fine-tuning, MuRIL achieved a validation
Macro-F1 of 0.8011 by epoch 5, while XLM-
RoBERTa peaked at 0.7973 (epoch 4) before a
slight decline to 0.7954. Table 3 reports test set per-
formance: both individual models achieve 0.8082
Macro-F1, while the weighted ensemble yields
0.8115, a consistent improvement of 0.33 percent-
age points.

5.2 Class-wise Analysis
Table 4 shows per-class results on the test set.
The ensemble achieves higher precision on Non-
Abusive (0.8261) than Abusive (0.7969), while
recall is marginally higher for Abusive (0.8186
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Model Val F1 Test F1

MuRIL 0.8011 0.8082
XLM-RoBERTa 0.7954 0.8082

Ensemble – 0.8115

Table 3: Macro-F1 scores on validation and test sets.

Class Precision Recall F1

Non-Abusive 0.8261 0.8051 0.8155
Abusive 0.7969 0.8186 0.8076

Macro Avg 0.8115 0.8118 0.8115

Table 4: Class-wise test set results for the weighted
ensemble.

vs. 0.8051). The ensemble’s predictions are near-
balanced (460 Non-Abusive, 453 Abusive).

5.3 Error Analysis

Manual inspection of 50 misclassified samples re-
veals two recurring patterns. First, implicit and sar-
castic abuse comments conveying hostility through
sarcasm, rhetorical questions, or cultural innu-
endo without overt abusive vocabulary account
for most false negatives. Second, heavy code-
mixing between Tamil script, English, and roman-
ized Tamil disrupts sub-word tokenization, causing
fragmented token sequences and errors in both di-
rections.

6 Conclusion

We presented a system for the Dravidian-
LangTech@ACL 2026 shared task that combines
noise-aware preprocessing with a weighted softmax
ensemble of MuRIL (0.6) and XLM-RoBERTa
(0.4), achieving a Macro-F1 of 0.8115. The ensem-
ble improves upon both individual models (0.8082)
with balanced error reduction across classes. Fu-
ture work will explore prompt-based LLMs for
few-shot detection, learned ensemble weights via
a meta-classifier, and data augmentation through
back-translation to improve robustness to implicit
abuse.

Limitations

Our work has several limitations. First, the en-
semble weights (wM = 0.6, wX = 0.4) were set
manually based on validation performance rather
than learned through systematic optimisation (e.g.,
grid search or a meta-classifier), and may there-

fore be suboptimal for the test distribution. Second,
our system treats the task as binary classification
over individual comments and does not model con-
versational context; abusive intent that emerges
across a thread of replies may be missed when
each comment is classified in isolation. Third, the
preprocessing pipeline translates emojis to English-
language CLDR descriptors, which introduces a
modality mismatch for models pre-trained primar-
ily on Tamil text and may dilute the signal from
Tamil-language tokens. Fourth, our error analysis
is limited to a manual inspection of 50 misclassified
samples, which is too small to draw statistically re-
liable conclusions about systematic failure modes.
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