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Abstract

This paper describes our system submitted
to the DravidianLangTech@ACL 2026 shared
task on Political Multiclass Sentiment Analy-
sis of Tamil X (Twitter) Comments. The task
requires classifying Tamil political tweets into
seven sentiment categories. We address two key
challenges, severe class imbalance and seman-
tic overlap between categories, through a three-
stage pipeline. First, we balance the training
set by augmenting minority classes via back-
translation and transformer-based paraphrasing.
Second, we fine-tune XLM-RoBERTa-base us-
ing a class-weighted Focal Loss (γ=2), which
directs learning towards hard, ambiguous sam-
ples. Third, we train five models under Strati-
fied 5-Fold Cross-Validation and average their
softmax outputs at inference time. On the offi-
cial test set, the system achieves a Macro-F1 of
0.3539. The code is publicly available.1

1 Introduction

Social media platforms, X (formerly Twitter) in
particular, have emerged as primary channels for
political discourse. Automatically analysing the
sentiment of such content can inform political com-
munication research and public opinion tracking.
However, political text is challenging for sentiment
analysis due to rhetorical devices, sarcasm, and
culturally coded references.

These difficulties are compounded for Tamil,
which is morphologically rich and agglutinative.
Political commentary on Tamil social media fur-
ther exhibits pervasive code-mixing with English,
non-standard orthography, and dialectal variation.

The DravidianLangTech@ACL 2026 shared task
(Vegupatti et al., 2026) on Political Multiclass Sen-
timent Analysis of Tamil X (Twitter) Comments
formalises this as a seven-way classification task
with labels: Negative, Neutral, None of the above,

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

Opinionated, Positive, Sarcastic, and Substantiated.
Two aspects make this task particularly difficult:
the label distribution is heavily skewed, and certain
label pairs such as Opinionated versus Sarcastic
share overlapping surface features.

We address these challenges through three
stages: (1) synthetic augmentation of underrepre-
sented classes using back-translation and paraphras-
ing until all classes reach equal frequency; (2) fine-
tuning XLM-RoBERTa-base (Conneau et al., 2020)
with class-weighted Focal Loss (Lin et al., 2017);
and (3) ensembling five models trained under Strat-
ified 5-Fold Cross-Validation via probability aver-
aging.

2 Related Work

The DravidianLangTech workshop series has high-
lighted the difficulties of processing Tamil social
media text (Chakravarthi et al., 2020). The pre-
ceding DravidianLangTech@NAACL 2025 itera-
tion introduced this political sentiment task with
the same seven-class label set (Chakravarthi et al.,
2025), where overall Macro-F1 scores remained
modest despite 25 participating teams. The top-
ranked Synapse team combined IndicBERTv2-
MLM features with TF-IDF and back-translation
(Kp et al., 2025). Roy et al. (2025) fine-
tuned L3Cube-Tamil-BERT, while Shanmugavadi-
vel et al. (2025) paired Random Forest with feedfor-
ward networks. S et al. (2025) employed SGD with
incremental learning, and K et al. (2025) embedded
tweets with LaBSE and classified with SVMs.

Beyond this shared-task series, processing low-
resource Indian languages like Tamil has seen grow-
ing interest, with researchers frequently grappling
with code-mixing and morphological complexity.
Furthermore, handling multi-class imbalance in
text classification is a widely recognized challenge
in the broader NLP literature. Researchers fre-
quently employ oversampling, cost-sensitive learn-
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ing, and advanced objective functions to prevent
majority class dominance.

A common limitation is that class imbalance is
typically addressed at only one level. Our work
departs by enforcing class parity through augmen-
tation, pairing it with Focal Loss for hard-example
mining, and aggregating predictions across five
folds to mitigate overfitting.

3 Methodology

We frame the task as a multi-class classification
problem over seven political sentiment categories.
Our system consists of three stages: data augmenta-
tion to address class imbalance, fine-tuning of a pre-
trained transformer encoder, and cross-validation
ensembling with focal loss.

3.1 Data Augmentation
Let Nc denote the number of training samples
in class c, and Nmax = maxcNc. For every
class where Nc < Nmax, we generate Nmax −
Nc additional samples using two complemen-
tary techniques. Back-translation translates each
Tamil tweet to English and back to Tamil using
Google Translate, producing structural paraphrases.
Transformer-based paraphrasing uses IndicBART
(Dabre et al., 2022) to generate lexical and syntactic
variants. We alternate between the two techniques
until all classes reach Nmax samples, yielding a
uniform training distribution.

3.2 Model Architecture and Loss Function
We use XLM-RoBERTa-base (Conneau et al.,
2020) as our encoder. The [CLS] token repre-
sentation z ∈ R768 is passed through a dropout
layer (p=0.4) and a linear projection to produce
logits o ∈ R7.

We train with class-weighted Focal Loss (Lin
et al., 2017), which introduces a modulating factor
(1−pt)

γ that suppresses the loss for well-classified
examples:

LFL = −αc (1− pt)
γ log(pt) (1)

where pt is the predicted probability for the ground-
truth class, γ=2 is the focusing parameter, and
αc = Ntotal/(C ·Nc) is the per-class weight.

3.3 Stratified k-Fold Ensemble
We employ Stratified 5-Fold Cross-Validation to
reduce variance from any single split. Five inde-
pendent XLM-R models are trained, each using

Category Original After Aug.

Opinionated 1,361 1,361
Sarcastic 790 1,361
Neutral 637 1,361
Positive 575 1,361
Substantiated 412 1,361
Negative 406 1,361
None of the above 171 1,361

Total 4,352 9,527

Table 1: Class distribution before and after augmenta-
tion.

Hyperparameter Value

Pre-trained model xlm-roberta-base
Optimizer AdamW
Learning rate 1× 10−5

LR scheduler Linear with warm-up
Batch size 16
Epochs per fold 5
Max sequence length 128
Dropout rate 0.4
Focal Loss γ 2.0
Number of folds (K) 5

Table 2: Hyperparameter configuration.

four folds for training and one for validation. At
inference, all five models produce softmax vectors
and the final prediction is obtained by averaging:

ŷ = argmax
j

1

K

K∑

i=1

softmax(Modeli(x))j (2)

where K=5. This soft-voting strategy preserves
confidence information, allowing highly certain
models to exert proportionally greater influence.

4 Experimental Setup

4.1 Dataset

Table 1 reports the original class distribution. After
augmentation, minority classes are expanded to
match the majority class count (Nmax=1,361). The
test set contains 544 unlabeled samples.

4.2 Implementation Details

Our pipeline was implemented in PyTorch using
the Hugging Face transformers library (Wolf
et al., 2020) on a single NVIDIA GPU. Table 2
summarises the hyperparameters. For each fold,
we saved the checkpoint with the highest validation
Macro-F1.
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Configuration Val F1

XLM-R, no aug., CE loss 0.2200
XLM-R, aug., Focal Loss 0.4268
5-Fold Ensemble, aug., FL 0.4050

Table 3: Ablation results. CE = Cross-Entropy, FL =
Focal Loss. The single-split augmented model reports
best validation F1; the ensemble reports mean CV F1.

Fold Val Macro-F1

1 0.4158
2 0.3900
3 0.4038
4 0.4083
5 0.4069

Mean 0.4050

Table 4: Per-fold validation Macro-F1 scores.

5 Results and Analysis

5.1 Validation Results

Table 3 presents an ablation comparing three config-
urations on the validation set. The baseline XLM-
R model trained with standard cross-entropy on
the original imbalanced data achieves a Macro-F1
of 0.2200. Adding augmentation and Focal Loss
improves this to 0.4268, confirming that address-
ing imbalance at both data and loss-function levels
yields complementary gains. The 5-Fold ensemble
produces stable per-fold F1 scores (Table 4), with
a mean cross-validation Macro-F1 of 0.4050.

Interestingly, the ensemble’s mean CV Macro-F1
(0.4050) is lower than the best single-split model
(0.4268). This suggests that our simple soft-voting
strategy may occasionally over-average predictions,
diluting highly confident correct outputs from indi-
vidual folds.

5.2 Official Test Results

Table 5 reports the official test set results. The
system achieves a Macro-F1 of 0.3539 with an ac-
curacy of 0.3474. The drop from validation Macro-
F1 (0.4268 single-split; 0.4050 mean CV) to test
Macro-F1 (0.3539) indicates that the augmented
training distribution does not fully capture the di-
versity of the test set. The gap between Macro-F1
(0.3539) and weighted F1 (0.3328) further suggests
that the system performs relatively better on minor-
ity classes than on majority classes, consistent with
the augmentation and Focal Loss strategy that ex-
plicitly upweights underrepresented categories.

Metric Macro Weighted

Accuracy 0.3474
Precision 0.3493 0.3304
Recall 0.3722 0.3474
F1-Score 0.3539 0.3328

Table 5: Official test set results.

Class P R F1

Negative 0.27 0.29 0.28
Neutral 0.52 0.12 0.20
None of the above 0.94 0.88 0.91
Opinionated 0.34 0.45 0.39
Positive 0.31 0.48 0.38
Sarcastic 0.54 0.48 0.51
Substantiated 0.37 0.30 0.33

Macro Avg 0.47 0.43 0.43

Table 6: Class-wise precision (P), recall (R), and F1 for
the best single-split model on the validation set.

5.3 Class-wise Analysis

Table 6 reports per-class performance from the best
single-split model on the validation set. The sys-
tem performs strongly on None of the above (F1 =
0.91), which is the most lexically distinct category.
Performance on Sarcastic (0.51) is moderate, while
Neutral (0.20) and Negative (0.28) remain challeng-
ing due to overlapping surface features with other
categories.

5.4 Error Analysis

Three dominant error patterns emerge from man-
ual inspection. First, sarcasm–opinion confusion:
sarcastic tweets often adopt the surface structure
of genuine opinions, differing only in pragmatic in-
tent, leading to frequent misclassification between
Sarcastic and Opinionated. Second, low recall for
Neutral: the model struggles to identify neutral
comments, as they lack the strong lexical signals
that characterise opinionated or sarcastic text, re-
sulting in many neutral samples being absorbed
into adjacent categories. Third, augmentation
noise: we did not formally assess the semantic
validity of every generated sample. Manual inspec-
tion indicates that while back-translation and para-
phrasing successfully increase class frequencies,
they occasionally introduce translationese artifacts
or alter the pragmatic meaning of tweets due to the
uneven quality of machine translation for Tamil.
This noise strongly contributes to the test-set gen-
eralization gap.
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6 Conclusion

We presented our system for the Dravidian-
LangTech@ACL 2026 shared task on Political Mul-
ticlass Sentiment Analysis of Tamil Twitter Com-
ments (Vegupatti et al., 2026). Our three-stage
pipeline addresses class imbalance through back-
translation and paraphrasing-based augmentation,
class-weighted Focal Loss (γ=2), and a Stratified
5-Fold ensemble. The ablation confirms that each
stage contributes incremental gains, with the aug-
mentation and Focal Loss combination yielding
the largest improvement (from 0.2200 to 0.4268
validation Macro-F1). On the official test set, the
system achieves a Macro-F1 of 0.3539. The gap
between validation and test performance suggests
that synthetic augmentation, while effective for bal-
ancing class frequencies, does not fully substitute
for natural data diversity. Future work will ex-
plore incorporating discourse-level features to ad-
dress sarcasm–opinion confusion, learned ensem-
ble weights via a meta-classifier, and larger Indic-
specific pre-trained models such as MuRIL as the
backbone encoder.

Limitations

Our work has several limitations. First, the augmen-
tation strategy relies on back-translation through
English via Google Translate and paraphrasing
with IndicBART, both of which may introduce
translationese artefacts or semantic drift that do
not reflect the natural distribution of Tamil political
discourse; the gap between validation Macro-F1
(0.4050) and test Macro-F1 (0.3539) supports this
concern. Second, we use only XLM-RoBERTa-
base as our encoder and do not compare against
Indic-specialised models such as MuRIL or In-
dicBERT, which may capture Tamil morphological
patterns more effectively. Third, the seven senti-
ment categories exhibit inherent semantic overlap—
particularly between Sarcastic and Opinionated
that surface-level token representations struggle
to disambiguate, yet we do not incorporate any
discourse-level, pragmatic, or contextual features
beyond the individual tweet. Fourth, the Focal Loss
hyperparameter γ=2 and the dropout rate of 0.4
were selected based on common defaults rather
than through systematic tuning, and may not be
optimal for this label distribution. Fifth, our error
analysis is qualitative and based on manual inspec-
tion of a small sample; we do not provide a formal
confusion matrix on the test set or a quantitative

breakdown of error types. Finally, the system is
evaluated on a single dataset from one shared task;
its ability to generalise to other Tamil sentiment
benchmarks, different time periods, or other Dra-
vidian languages remains untested.
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