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Abstract

Analyzing political sentiment in code-mixed
Tamil-English presents significant challenges
due to informal jargon, severe class imbal-
ance, and distribution shifts. This paper de-
scribes our system for the Political Multiclass
Sentiment Analysis shared task at Dravidi-
anLangTech@ACL 2026, which categorizes
tweets into seven sentiment classes. Our ap-
proach leverages XLM-RoBERTa integrated
with Low-Rank Adaptation (LoRA). To mit-
igate majority-class dominance, we combine
random oversampling with automated hyperpa-
rameter optimization to improve macro-level
balance within this Parameter-Efficient Fine-
Tuning (PEFT) framework. Enhanced by tar-
geted preprocessing—specifically emoji demo-
jization and noise removal—our system helps
preserve nuanced symbolic cues, achieving a
macro-average F1-score of 0.3763 and securing
Rank 2 on the shared task leaderboard.

Keywords: Sentiment Analysis, Code-Mixed Data,
Tamil tweets, XLM-RoBERTa, PEFT Tuning.

1 Introduction

Analyzing political sentiment in low-resource,
code-mixed languages like Tamil-English is highly
challenging due to noisy user-generated con-
tent and severe class imbalance, which fre-
quently causes neural models to exhibit system-
atic majority-class bias (Chakravarthi et al., 2020).
While multilingual models such as XLM-R (Con-
neau et al., 2019) and Parameter-Efficient Fine-
Tuning (PEFT) methods like LoRA (Hu et al.,,
2022) offer robust and efficient solutions, their be-
havior under extreme class skew remains empiri-
cally under-characterized in shared-task settings.
Specifically, we observe that default learning rate
configurations in LoRA can rapidly exacerbate
majority-class dominance, resulting in severe pre-
diction bias toward dominant categories.

In this work, we investigate LoRA-based fine-
tuning for Political Multiclass Sentiment Analysis
of Tamil-English tweets (Vegupatti et al., 2026).
By coupling random oversampling of the training
data with a systematic hyperparameter search via
Optuna, we demonstrate that exploring learning
rate and weight decay sensitivity effectively mit-
igates majority-class over-indexing and improves
macro-level balance. Furthermore, we show that
domain-specific preprocessing—namely emoji de-
mojization and hashtag normalization—helps pre-
serve essential symbolic and lexical cues in infor-
mal text.

Our contributions are threefold:

* We detail an optimized LoRA adaptation
pipeline under severe class imbalance, high-
lighting the model’s sensitivity to hyperparam-
eter configurations and the practical necessity
of automated tuning.

* We demonstrate that targeted preprocessing
(demojization and hashtag segmentation) ef-
fectively retains semantic signals in code-
mixed political discourse.

* Our system achieves a macro-F1 score
of 0.3763—an absolute improvement of
+0.0331 over a standard full fine-tuning base-
line—securing Rank 2 in the Dravidian-
LangTech 2026 shared task (Vegupatti et al.,
2026).

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work relevant to
our study. Section 3 presents the task and dataset
description, including the problem formulation and
data characteristics. Section 4 details the proposed
methodology. Section 5 describes the experimental
setup and reports the results. Section 6 provides
discussion and in-depth analysis of the findings.
Finally, Section 7 concludes the paper and outlines
directions for future work.

321

Proceedings of the Sixth Workshop on Speech, Vision, and Language Technologies for Dravidian Languages, pages 321-325
July 3, 2026 ©2026 Association for Computational Linguistics



2 Related Work

Code-Mixed Sentiment Analysis. Sentiment
analysis in Tamil-English (Tanglish) is hindered by
informal grammar, phonetic typing (Chakravarthi
etal., 2020; Hande et al., 2021), and symbolic noise
(e.g., emojis), which standard subword tokeniz-
ers inconsistently segment (Priyadharshini et al.,
2021). Furthermore, Dravidian political sentiment
datasets exhibit severe skew toward opinionated
content, exacerbating minority class sparsity. This
necessitates domain-specific text normalization to
preserve contextual cues prior to encoding.

Multilingual Models and PEFT. While mul-
tilingual models like XLM-RoBERTa (Conneau
etal., 2019) excel in cross-lingual transfer, full fine-
tuning on small, skewed datasets frequently causes
unstable adaptation and overfitting. Parameter-
Efficient Fine-Tuning (PEFT) methods like LoORA
(Hu et al., 2022) mitigate this by restricting the
trainable parameter space. However, under extreme
class imbalance, this reduced capacity may amplify
sensitivity to hyperparameter configurations, leav-
ing PEFT optimization behavior less explored in
shared-task contexts.

Optimization under Class Imbalance. Tradi-
tional imbalance mitigations like Focal Loss (Lin
et al., 2017) or data resampling can introduce insta-
bility or increase overfitting risks under noisy su-
pervision. To manage these trade-offs, automated
hyperparameter optimization (Akiba et al., 2019) is
utilized. Unlike prior work focusing solely on ob-
jective re-weighting, we emphasize the interaction
between data-level and optimization-level interven-
tions. We empirically explore how coupling data
resampling with automated tuning within the con-
strained LoRA space improves training stability
and mitigates majority-class dominance, offering a
practical alternative to bespoke loss engineering.

3 Task and Dataset Description

3.1 Task Definition and Evaluation

The DravidianLangTech@ACL 2026 shared task
(Vegupatti et al., 2026) requires classifying code-
mixed Tamil tweets into seven political sentiment
classes. Systems are evaluated using the macro-
averaged F1-score. By assigning equal weight to
each class, this metric strictly emphasizes minority-
class performance, making robustness to imbalance
crucial.

Table 1: Class distribution of the official datasets. The
severe skew toward Opinionated presents a significant
optimization challenge.

Sentiment Class Train (%) Dev (%)
Opinionated 1,361 (31.3) 153 (28.1)
Sarcastic 790 (18.2) 115(21.1)
Neutral 637 (14.6) 84 (15.4)
Positive 575 (13.2) 69 (12.7)
Substantiated 412 (9.5) 52 (9.6)
Negative 406 (9.3) 51(9.4)
None of the above 171 (3.9) 20 (3.7)
Total 4,352 (100) 544 (100)

3.2 Dataset Statistics and Optimization
Challenges

The Tanglish dataset includes 4,352 training and
544 development instances, featuring informal text
rich in political hashtags and emojis. The class
distribution remains consistent across both splits.

As shown in Table 1, the data is severely skewed:
Opinionated dominates (31.3%), while Substan-
tiated and Negative fall below 10%. In practice,
full fine-tuning under such imbalance often yields
majority-class-biased predictions, as frequent la-
bels dominate the optimization objective. We hy-
pothesize that LoRA’s restricted trainable param-
eter space influences adaptation dynamics under
skewed supervision, potentially moderating abrupt
majority-class bias compared to full-parameter up-
dates.

4 Methodology

Our system integrates contextual text normal-
ization, cross-lingual encoding, and parameter-
efficient optimization to address the vulnerabilities
of pretrained models under extreme class skew and
phonetic noise.

4.1 Contextual Preprocessing

Political discourse relies heavily on symbolic cues
frequently inconsistently segmented by subword to-
kenizers. We implemented targeted preprocessing
to anchor these within the embedding space: (1)
Emoji Demojization via the emoji library to trans-
late symbols into descriptive text, and (2) Struc-
tural Noise Removal filtering URLs and user men-
tions. Additionally, sequences were padded and
truncated to a maximum length of 256 tokens to
balance contextual coverage and computational ef-
ficiency.
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Figure 1: Overview of the XLM-R + LoRA pipeline with Optuna-based hyperparameter optimization for robust

training under class imbalance and noisy social media text.

4.2 Multilingual Foundation Model

We adopted XLM-RoBERTa-base (Conneau et al.,
2019), leveraging its robust cross-lingual represen-
tations for Tanglish text without requiring external
translation pipelines.

4.3 Parameter-Efficient Adaptation via LoRA

To prevent severe overfitting on small, skewed
datasets, we applied Low-Rank Adaptation
(LoRA) (Hu et al., 2022). LoRA freezes pre-
trained weights and introduces trainable low-rank
matrices into the self-attention layers. We targeted
the query and value projections (r = 16, a = 32,
dropout=0.05), reducing trainable parameters to
under 1%, thereby limiting adaptation capacity and
improving parameter efficiency. All configurations
utilized mixed-precision (FP16) training to opti-
mize memory utilization.

4.4 TImbalance Mitigation via Optimization

To alleviate initial data sparsity, we applied random
oversampling (Lemaitre et al., 2017) exclusively to
the training set. However, naive oversampling risks
overfitting to duplicated minority-class noise if the
learning process is not carefully controlled.

To systematically navigate the constrained LoRA
parameter space, we utilized Optuna (Akiba et al.,
2019) for hyperparameter search. Empirical tun-
ing identified an optimal hyperparameter configu-
ration—specifically a learning rate of 1.31 x 10~*
(AdamW) and a weight decay of 0.098—providing
stable adaptation. This hybrid strategy effectively
improves minority-class performance without the
need for bespoke loss engineering.

Table 2: Hyperparameter optimization details explored
via Optuna.

Hyperparameter Search Space Best Value
Learning Rate [1x107%5%x 1074 1.31 x107*
Weight Decay [0.01,0.1] 0.098

Num. Train Epochs  [6, 15] 10

AdamW j; [0.8,0.99] 0.8

AdamW e [1078,5 x 107°] 6 x 1078
Fixed Parameters

LoRA Rank (1) 16 16

LoRA Alpha (o) 32 32

Batch Size 32 32

Table 3: System performance on the test set.

Model Configuration Accuracy Macro F1
XLM-R (Full Fine-Tuning) 0.3033 0.3432
XLM-R + LoRA (Standard) 0.3033 0.3193
XLM-R + LoRA + Focal Loss 0.3511 0.3286
XLM-R + LoRA + Optuna (Ours) 0.3364 0.3763

5 Experimental Setup and Results

5.1 Evaluation Metrics

Following shared task guidelines, we evaluate sys-
tem performance using the macro-averaged F1-
score to ensure smaller sentiment categories are
appropriately weighted. This prevents the predom-
inant Opinionated class from disproportionately
skewing the perceived efficacy. Overall accuracy is
also reported for completeness.

5.2 Comparative Results

Table 3 details the performance across configu-
rations. Our final pipeline—integrating XLM-
RoBERTa, LoRA, and Optuna—achieved a macro-
F1 of 0.3763 and an accuracy of 0.3364 on the
official blind test set, securing 2nd place in the
shared task.
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5.3 Analysis

The results highlight the complexities of adaptation
under extreme class skew. Standard LoRA under-
performs the full fine-tuning baseline in macro-F1
(0.3193 vs. 0.3432). Notably, while Focal Loss
achieves the highest overall accuracy (0.3511), its
lower macro-F1 (0.3286) suggests less balanced
performance across sentiment categories, as evi-
denced by the discrepancy between overall accu-
racy and macro-averaged metrics.

Conversely, systematic hyperparameter search
via Optuna yielded a notable improvement of
0.0331 macro-F1 points over the baseline. The
contrast between Focal Loss and Optuna-based
tuning highlights an important trade-off between
objective-level re-weighting and optimization-level
control. While Focal Loss explicitly reshapes
gradient contributions, its performance remains
highly sensitive to static hyperparameter choices.
In contrast, automated search enables adaptive cal-
ibration of optimization behavior within the con-
strained LoRA space, reducing performance volatil-
ity across configurations. This suggests that, under
extreme imbalance, tuning the training dynamics it-
self is as critical as modifying the loss formulation.

6 Discussion and Analysis

6.1 Error Analysis and Confusion Patterns

To evaluate qualitative performance, we analyzed
the confusion matrix generated from the official test
set (Figure 2). The analysis reveals two prominent
sources of confusion:

* Neutral vs. Opinionated Ambiguity: The
model frequently misidentifies Neutral reports
as Opinionated due to high lexical overlap.
Distinguishing objective reporting from sub-
tle political bias remains challenging without
broader pragmatic cues.

* Sarcasm Recognition Bottlenecks: Sarcas-
tic instances are often confounded with Opin-
ionated and Neutral labels. This potentially
stems from complex phonetic wordplay in
code-mixed Tanglish which current prepro-
cessing cannot explicitly normalize, leading
to sub-optimal representation.

Despite these bottlenecks, the Substantiated
class maintains non-trivial recall under severe data
sparsity. This indicates a partial retention of
minority-class signals, demonstrating that the opti-

mization regime does not entirely suppress under-
represented categories.

Confusion Matrix of the Proposed LoRA System
Negative 8 3 0 17 13 1 4
Neutral 5 16 0 20 7 8 14
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Figure 2: Confusion matrix of the XLM-R + LoRA
system.

6.2 Optimization in Bias Mitigation

Compared to standard full fine-tuning, the con-
strained LoRA parameterization combined with
automated hyperparameter search resulted in more
balanced confusion patterns. This suggests that
identifying a specific hyperparameter configura-
tion empirically correlates with improved minority-
class performance, yielding more balanced predic-
tions across sentiment categories under skewed su-
pervision.

7 Conclusion

This paper presented a high-performing pipeline
for Political Multiclass Sentiment Analysis of code-
mixed Tamil comments. By integrating emoji-
aware preprocessing with Low-Rank Adaptation
and random oversampling, our system achieved
Rank 2 (macro-F1: 0.3763). While this absolute
score underscores the inherent complexity of the
code-mixed Dravidian linguistic landscape, our re-
sults suggest that algorithmically optimizing the
adaptation process via Optuna provides a practi-
cal complement to static interventions, improving
macro-level balance in low-resource, severely im-
balanced settings without bespoke loss engineer-
ing.

Although our study focuses on code-mixed
Tamil political discourse, the observed optimiza-
tion dynamics may extend to other low-resource
multilingual classification settings characterized
by heavy class skew. These findings motivate
further investigation into the interaction between
parameter-efficient adaptation and automated hy-
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perparameter search in broader cross-lingual con-
texts.
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