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Abstract

The detection of abusive Tamil text using large
language models (LLMs) has received rela-
tively little attention compared to BERT vari-
ations. We empirically evaluated four fami-
lies of open-weight LLMs —Gemma, LLaMA,
Qwen, and DeepSeek-Distilled— on the Tamil
dataset provided by the shared task. The mod-
els are assessed under two in-context learn-
ing settings (zero-shot and few-shot) and a
parameter-efficient fine-tuning approach using
LoRA, with model sizes of approximately 2B
and 8B parameters. Experimental results show
that 8B models consistently outperform their
2B counterparts, indicating the benefit of in-
creased model capacity. Among the adaptation
techniques, LoRA fine-tuning significantly out-
performs both zero-shot and few-shot prompt-
ing. Across all evaluated settings, Google’s
Gemma-2-9B model with LoRA fine-tuning
achieved the best performance compared to the
other model families and our test result was
ranked 12th among all 22 submissions with the
0.7959 f1-score.

1 Introduction

The proliferation of user-generated content on so-
cial media has intensified the spread of abusive
and offensive language online. Automatic abu-
sive language detection has therefore become a
critical research problem in natural language pro-
cessing (NLP), particularly for content moderation
and online safety applications (Schmidt and Wie-
gand, 2017; Fortuna and Nunes, 2018). While sub-
stantial progress has been made for high-resource
languages such as English (Zampieri et al., 2019),
comparatively limited work has focused on low-
resource and morphologically rich languages like
Tamil.

Tamil presents several linguistic and compu-
tational challenges for abusive language detec-
tion. Social media text frequently contains spelling
variations, dialectal forms, informal expressions,

transliteration into Latin script, and Tamil-English
code-mixing. These characteristics complicate lex-
ical matching and contextual modeling. Further-
more, the scarcity of large-scale annotated corpora
restricts the effectiveness of fully supervised ap-
proaches (Jauhiainen et al., 2021). Recent advances
in large language models (LLMs) have demon-
strated strong zero-shot and few-shot generaliza-
tion across diverse NLP tasks (Brown et al., 2020;
Touvron et al., 2023). Open-weight models have
further enabled task adaptation through parameter-
efficient fine-tuning methods such as Low-Rank
Adaptation (LoRA) (Hu et al., 2022). However,
their effectiveness in detecting abusive text in low-
resource areas such as Tamil text remains underex-
plored.

We systematically evaluate four open-weight
LLM families: Gemma, Llama, DeepSeek Dis-
tilled Qwen, and Qwen. For each family, we exper-
iment with 2B and 8B parameter variants to analyze
the impact of model scale. We assess three adap-
tation paradigms: 1.Zero-shot prompting, 2.Few-
shot in-context learning and 3.Parameter-efficient
fine-tuning using LoRA. This experimental design
enables a controlled comparison between prompt-
based inference and supervised adaptation strate-
gies.

Our study aims to address the following research
questions (RQ):

* RQ1: How effective are open-weight LLMs
in zero-shot and few-shot settings for Tamil
abusive text detection?

* RQ2: What is the impact of model scale (2B
vs 8B) on classification performance?

* RQ3: To what extent does LoRA-based fine-
tuning improve performance over prompt-
only approaches?
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2 Related Work

A recent UN Women-commissioned survey ! of
women in the public sphere reveals that around
70% of women participants who work in the fields
of human rights, activism, and/or journalism said
that they had experienced online violence in the
course of their work. This emphasizes the need to
detect abusive text on social networks.

Early shared tasks on abusive Tamil content were
organized at the DravidianLangTech workshop se-
ries. In DravidianLangTech-ACL 2022 (Priyad-
harshini et al., 2022), the task focused on classify-
ing abusive comments in Tamil and Tamil-English
code-mixed text, the participants employing ma-
chine learning, deep learning, and transformer
methods such as mBERT and MuRIL BERT (Ra-
jalakshmi et al., 2022). Subsequent shared tasks ex-
panded the scope to Tamil and Telugu abusive com-
ment detection (Priyadharshini et al., 2023), with
competitive systems leveraging transformer-based
architectures such as mBERT and XLM-RoBERTa
achieving the highest performance (Hegde et al.,
2023).

More recently, the shared task at NAACL 2025
under the DravidianLangTech workshop (Rajiakodi
et al., 2025) focused on abusive Tamil and Malay-
alam text targeting women on social media. The
findings emphasized the effectiveness of the multi-
lingual pre-trained model IndicBERT-v2 over the
other BERT variants (Hanif and Rahman, 2025).
Despite these advances, prior work has largely fo-
cused on fully supervised fine-tuning of encoder-
based transformer models. Systematic investiga-
tions of large language models (LLMs) based on
decoder-only for Tamil abusive text detection re-
main limited.

Our work addresses this gap by conducting a con-
trolled evaluation of multiple open-weight LLM
families on different parameter scales (2B and 8B)
under zero-shot, few-shot, and LoRA-based adap-
tation paradigms within a shared task setting. This
analysis offers new insights into the trade-offs be-
tween model scale, adaptation strategy, and perfor-
mance in Dravidian NLP contexts.

3 Dataset Statistics

The dataset used in this study was released as part
of the shared task by Sivagnanam et al. (2026). It

"http:https://www.unesco.org/en/articles/
global-survey-reveals-rising-violence-against\
-women-journalists

consists of manually annotated Tamil sentences la-
beled as either Abusive or Non-Abusive. The train-
ing split contains 3,652 sentences, while the test
split comprises 913 sentences. The training data
is relatively balanced across classes, with 1,769
abusive instances and 1,883 non-abusive instances.
This near-balanced class distribution reduces bias
toward majority-class predictions and supports reli-
able macro-level evaluation.

In terms of sentence length, the dataset exhibits
notable variability. In the training set, sentence
length ranges from a minimum of 3 words to a
maximum of 383 words, with an average length of
14.48 words per sentence. Similarly, the test set
ranges from 6 to 158 words per sentence, with an
average of 13.95 words per sentence. Although the
average sentence length is relatively short, the pres-
ence of long outlier instances introduces modeling
challenges, particularly for prompt-based methods
with context length constraints.

4 Experiment

We evaluated two model scales - approximately
2B and 8B parameters - across four open-weight
large language model (LLM) families: Gemma,
Llama, DeepSeek-R1-Distill-Qwen, and Qwen3.
The given training dataset of 3652 sentences is
split (80:20) into training and validation of 2921
and 731 sentences respectively. The best model
across all settings was used to submit our result for
the given test data.

4.1 Model Description

For our experiments, we utilized eight decoder-only
transformer models on two parameter scales (1-2B
and 7-9B), all obtained from Hugging Face and ex-
ecuted in the Google Colab Pro environment. The
smaller models (1-2B), hereafter called 2B mod-
els, were used for lightweight evaluation and adap-
tation, while the higher-capacity models (7-9B),
hereafter called 8B models, enabled more expres-
sive contextual modeling in identical experimental
settings.

In both 2B and 8B model sizes, we used
the Gemma series (Gemma-2B?, Gemma-2-9B?)
developed by Google DeepMind; Qwen series
(Qwen3-1.7B * & Qwen2.5-7B ) from Alibaba
Cloud, a multilingual foundation model optimized

2https://huggingface.co/google/gemma—Zb
3https://huggingface.co/google/gemma—2—9b
4https://huggingface.co/Qwen/Qwen3—1.7B
Shttps://huggingface.co/Quen/Qwen2.5-7B
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for reasoning; Llama-Tamil (Llama-Tamil-1B ¢
& Tamil-Llama-7b’), a Tamil-adapted variant of
Llama originally developed by Meta AI; and
DeepSeek-R1-Distill-Qwen series (Distill-Qwen-
1.5B 3 & Distill-Qwen-7B?) from DeepSeek, a dis-
tilled model designed to retain reasoning capabili-
ties in a smaller architecture.

These models were evaluated under zero-shot,
few-shot, and LoRA settings for the detection of
abusive Tamil text.

4.2 Adaptation Strategies

Each model was evaluated under three adaptation
paradigms:

4.2.1 Zero-Shot Prompting

The models were prompted with a structured
instruction-based template as shown in the Ap-
pendix.A, specifying the classification labels (abu-
sive or non-abusive). Instead of updating model
parameters, the task is described entirely through
natural language instructions within the prompt.
The model leverages the knowledge acquired dur-
ing pretraining to map the input text to one of the
predefined class labels.

4.2.2 Few-Shot Prompting

The large language model (LLM) learns the task
pattern from in-context examples and applies it to
a new, unseen instance. This technique leverages
the model’s in-context learning capability. In the
few-shot setting, 5 labeled examples from each
class were included in the prompt prior to the test
instance. Examples were selected to ensure a bal-
anced representation of both classes. The prompt
structure used in few-shot learning is shown in the
Appendix. A

4.2.3 LoRA-based Fine-tuning

For supervised adaptation, we used Low-Rank
Adaptation (LoRA) (Hu et al., 2022). LoRA layers
were injected into the attention projection matrices
while freezing the base model parameters. This
approach enables parameter-efficient fine-tuning,
which is particularly suitable for moderate dataset
sizes in low-resource languages.

6https://huggingface.co/Jesmma/LLaMA—Tamil_1B
"https://huggingface.co/abhinand/
tamil-1lama-7b-base-v0.1
8https://huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Qwen-1.5B
9https://huggingface.co/deepseek—ai/
DeepSeek-R1-Distill-Qwen-7B

2B LLM zero-shot few-shot
Gemma-2b 56.05 33.86
Llama-Tamil-1B 49.27 48.50
DeepSeek-R1- 49.72 51.15
Distill-Qwen-1.5B

Qwen3-1.7B 12.07 58.59

Table 1: Effectiveness of 2B LLMs in zero-shot & few-
shot settings. Bold indicates the better f1-score among
the prompting

8B LLM zero-shot few-shot
Gemma-2-9B 64.06 58.17
Tamil-Llama-7B 65.28 65.19
DeepSeek-R1- 61.77 15.10
Distill-Qwen-7B

Qwen2.5-7B 58.71 65.51

Table 2: Effectiveness of 8B LLMs in zero-shot & few-
shot settings. Bold represents the better f1-score among
the prompting

4.3 Implementation

All experiments were implemented using the Hug-
gingFace Transformers library, with the PEFT
framework for LoRA-based parameter-efficient
fine-tuning. The NVIDIA T4 GPU (16GB VRAM)
available in the Google Colab free tier serves as
an effective computational tool for 2B parameter
models. The 8B parameter models was trained on
a NVIDIA A100 GPU with 40GB VRAM.

Implemented LoRA for both 2B and 8B param-
eter models to compare with the performance of
the prompting techniques. For both the 2B and 8B
models, LoRA was configured as given in the Ap-
pendix.B. A higher rank in 2B allows the adapter
to capture more complex features that the model
might otherwise miss. The 8B models use a lower
rank to maintain memory efficiency without over-
parameterizing already large representations. For
2B models, LoRA is applied only to attention pro-
jections (q, k, v, 0), focusing on contextual rep-
resentation learning. For 8B models, adaptation
extends to MLP layers, enabling a deeper task-
specific transformation. Both 2B and 8B models
were adapted by fine-tuning the hyper parameters
in LoRA as given in the Appendix.B.

5 Results

The four types of open-weight LLMs at two sizes
-2B & 8B- are empirically evaluated using the vali-
dation dataset and compared for their effectiveness
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2B/8B LLM Prompt LoRA Diff. (A) % increase
Gemma-2B 56.05 78.75 22.7 40%
Llama-Tamil-1B 49.27 58.04 8.77 18%
Distill-Qwen-1.5B  51.15 73.04 21.89 43%
Qwen3-1.7B 58.59 77.48 18.89 43%
Gemma-2-9B 64.06 81.49 17.43 27%
Tamil-Llama-7B 65.28 80.32 15.04 23%
Distill-Qwen-7B 61.77 69.77 8 13%
Qwen2.5-7B 65.51 76.1 10.59 16%

Table 3: Improvement in the performance of LoRA fine-tuning over prompt-only approach. The best f1-score
among zero/few-shot in each model is considered as the prompt score.

LoRA Adaptation
LLM 2B 8B
Gemma 78.75 81.49
Llama 58.04 80.32
DeepSeek-R1-  73.04 69.77
Distill-Qwen
Qwen 77.48 76.10

Table 4: Effectiveness of LoRA adaptation in 2B & 8B
LLMs. Bold indicates the better f1-score among the
model sizes.

over the three adaptation techniques: zero-shot,
few-shot and LoRA. Their effectiveness can be an-
alyzed by answering the research questions (ARQ):

e ARQ1: From Table.l & 2, it is evident
that Zero-shot works better when the model
already has strong multilingual semantic
grounding, whereas few-shot helps when the
model needs explicit label anchoring or for-
mat conditioning.

* ARQ2: By comparing the fl-scores in Ta-
ble.1, 2 across the 2B and 8B LLMs for
the prompting techniques, generally 8B size
LLMs perform better in zero-shot and few-
shot techniques, except for DeepSeek-Distill
model. For LoRA fine-tuning, the behavior
differs between model families (Table.4). In
the case of Gemma and Llama-based mod-
els, the 8B variants benefit more from LoRA
adaptation. In contrast, DeepSeek-R1-Distill-
Qwen and Qwen models perform better with
2B size LLMs. This behavior may be at-
tributed to the relatively small size of the
training dataset, where smaller models gen-
eralize more effectively and are less prone
to overfitting during LoRA adaptation. Fur-

thermore, abusive Tamil text classification
is a domain-specific task that may not re-
quire the additional representational capac-
ity of larger models. The distilled architec-
ture of DeepSeek-Distill-Qwen-2B may also
contribute to improved task efficiency and dis-
criminative learning for classification-oriented
objectives.

* ARQ3: The percentage increase in perfor-
mance by LoRA fine-tuning over prompt-only
approach implies that LoRA fine-tuning is bet-
ter than the prompt techniques as shown in Ta-
ble.3. The LoRA adaptation improve the per-
formance by 36% and 20% approximately for
2B and 8B LLMs respectively, over prompt-
only approaches.

6 Conclusion

The open-weight LLMs of two sizes - 2B & 8B -
was empirically evaluated through three adaptation
techniques. Among the three, LoRA fine-tuning
performs better than the two prompting techniques.
Although the percentage improvement by LoRA is
greater in 2B size LLMs due to poor performance in
prompting techniques, 8B LLMs such as Gemma-
2-9B and Tamil-Llama-7B achieved the highest f1-
score with 81.49% and 80.32% respectively, during
the validation. The predictions for the test data
are inferred from the top three LoRA fine-tuned
LLM models, Gemma-2-9B, Tamil-Llama-7B and
Qwen3-1.7B. The system scored a 12th rank among
the 22 submissions.

Overall, the above study on open-weight LLM
in 2B and 8B sizes infers that the LLM which is
multilingual, larger in model size, and fine-tuning
performs better in low-resource language.
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7 Limitations

The study uses a relatively small dataset of approx-
imately 3,600 samples. Large language models,
particularly 8B-scale models, generally require sub-
stantially larger datasets for stable adaptation and
generalization. Although four LLM families were
evaluated, the study focuses primarily on models
in the 2B and 8B parameter range. Additionally,
the evaluation is restricted to four LLM families
and a single shared-task setting focused on abusive
Tamil text classification. The study also does not
investigate tokenizer behavior, dialectal variation,
or advanced prompting strategies, all of which can
influence performance in low-resource multilingual
contexts.

8 Ethical Considerations

This work uses the publicly released dataset from
the shared task organizers solely for research pur-
poses. Since the dataset contains offensive and
harmful content targeting women, systems can pro-
duce false positives or false negatives, especially in
low-resource languages such as Tamil, human over-
sight remains important in real-world deployment.
Although this work evaluates model performance
on a downstream classification task, it does not
provide a comprehensive fairness analysis.
Limited Al-assisted writing tools were used to
improve the grammatical clarity and presentation
of the manuscript. All experimental design, imple-
mentation, analysis, and interpretation of results
were conducted and verified by the authors. The
authors carefully reviewed and validated all Al-
assisted content to ensure accuracy, originality, and
compliance with academic integrity standards.
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