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Abstract

Prompt style recovery in low-resource lan-
guages has been daunting due to diverse mor-
phology, culturally specific language patterns
and scarce annotated data. Prior works have
largely focused on binary sentiment or single-
attribute transfer, multi-class style classifica-
tion for languages like Telugu has remained
underexplored. We have addressed this chasm
here through the Telugu Prompt-Style Recov-
ery Shared Task at DravidianLangTech@ACL
2026 (Premyjith et al. (2026)), framing it as
a nine class classification problem. We have
evaluated three input configurations—Change
Style, Original Transcripts and Merged in-
put style and also trained three transformer-
based models-MuRIL, XLM-RoBERTa and In-
dicBERT v2 under identical conditions. Our
best model, IndicBERT v2 with partial layer
freezing and weighted cross-entropy loss, has
obtained a macro-F1 of 0.2987 and accuracy
of 0.299. Change Style has significantly out-
performed other inputs, indicating that explicit
style changes enhance tonal and meaning cues.
These results have highlighted the value of
language-specific pretraining and careful input
design for style-sensitive NLP in low-resource
settings, securing 1 rank on the shared task.

1 Introduction

Text style has conveyed meaning beyond literal
content through tone, register and rhetorical intent.
In low-resource languages like Telugu, modeling
such variation has been taxing due to rich mor-
phology and culture-specific communication pat-
terns (Mukherjee et al. (2024a)). Although pre-
vious work on prompt recovery and style recon-
struction has shown that pragmatic intent can be
inferred from text (Liu et al. (2024)), most stud-
ies have focused on binary or single-attribute trans-
formations, falling short on fully exploring multi-
class style classification for Telugu due to limited
resources.

In this study, we have proposed a transformer-
based framework for Telugu writing style prompt
recovery. Using IndicBERT v2 with Change Style
as input, our system has obtained a macro-F1 of
0.3648 and an accuracy of 0.3700, performing bet-
ter than XLM-RoBERTa and MuRIL across all
three input configurations. Our contributions are
as follows:

* We have developed an IndicBERT v2-based
framework that achieves state-of-the-art per-
formance.

* We have analyzed and shown that Change
Style text provides the strongest signal.

* We have compared multilingual transformers
for low-resource Telugu style classification.

Implementation details and code have been
made available at: https://github.com/
Tasni-a/Prompt_Recovery_LLM_ST

2 Related Work

Prompt recovery techniques have been essen-
tial for reverse-engineering stylistic instructions
from LLM outputs. Liu et al. (2024) intro-
duced StyleRec, a benchmark for reconstructing
prompts in style transformation tasks, modeling
tones relevant to Telugu style classification. Li
and Klabjan (2025) proposed a training-free Re-
verse Prompt Engineering framework using se-
mantic similarity and chain-of-thought decoding
for recovering intents like authoritative and opti-
mistic framing. Telugu-focused pretrained mod-
els by Niyogi et al. (2026) have achieved strong
zero-shot performance, though modeling Dravid-
ian rhetorical nuances remain challenging. Dra-
vidianLangTech shared tasks and Blevins et al.
(2023) has helped to advance Telugu stylistic anal-
ysis, while Mukherjee et al. (2024b) has shown
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LLM inconsistencies in multi-attribute style con-
trol, motivating the use of macro-F1 across nine
categories. Current existing work largely focuses
on binary or sentiment-level styles, leaving multi-
category Telegu benchmarks overlooked. The
DravidianLangTech@ACL 2026 shared task (Pre-
mjith et al. (2026)) has addressed this gap with cu-
rated datasets, cross-domain evaluation and strong
standardized benchmarks.

3 Data Description

The dataset contains 3601 instances split into
Train(3000), Development(300) and Test(301)
sets, each having an ID, Original Transcript,
Change Style text and one of nine style labels - pro-
vided only for Train and Development sets.

Style Training Development Test
Formal 327 36 38
Informal 321 47 35
Optimistic 331 29 33
Pessimistic 347 29 22
Humorous 344 27 31
Serious 324 35 47
Inspiring 332 33 37
Authoritative 338 33 30
Persuasive 336 31 28
Total 3,000 300 301

Table 1: Distribution of Training, Development and
Test Data

4 Methodology

4.1 Problem Formulation

The task is to recover in which style a given Telugu
text has been written. Given a Change Style text
x, the goal is to predict its Style label. Given a
stylized Telugu input x, the goal is to predict its
style label § = fy(x), where fp : X — S maps
inputs to K discrete styles S = {s1,..., Sk} over
a dataset D = {(z;, y:)} Y.

4.2 Data Preprocessing

Style labels have been encoded using LabelEn-
coder. Inputs have been tokenized, truncated to
256 tokens and dynamically padded via DataCol-
latorWithPadding. 256 tokens limit has been cho-
sen to prevent overfitting, reduce GPU consump-
tion and improve training efficiency. Prelimi-
nary analysis confirmed that most Change Style
text fit within 256 tokens, preserving full con-

text. The slight class imbalance has been ad-
dressed using per-class weights computed via com-
pute class weight and applied in cross-entropy
loss.

4.3 Model Architecture

4.3.1 Encoder

IndicBERT v2 (ai4bharat/IndicBERTv2-MLM-only)
has been used as the encoder which has been pre-
trained on 23 Indian languages including Telugu.
The first 6 layers have been frozen and the next 6
layers remaining trainable. The final [CLS] token
(768-dim) has been extracted for the classification
head.

4.3.2 Classification Head and Training
Objective

The [CLS] representation has been fed into a lin-
ear classification head to produce raw scores over
all style categories. The model has been trained us-
ing weighted cross-entropy loss, per-class weights
to address class imbalance and model parameters
have been optimized with AdamW.

4.4 Input Feature Selection

Three configurations have been evaluated: (1)
Change Style, (2) Original Transcripts and (3)
Merged input and have selected Change Style as
the input due to itsclass separating features, as
shown in Figure 1.

4.5 Model Selection

Three multilingual transformers have been com-
pared using Change Style input: IndicBERT v2,
MuRIL (google/muril-base-cased) and XLM-
RoBERTa (x1m-roberta-base). All models have
shared identical architectures, training settings and
hyperparameters to guarantee a fair evaluation.

4.6 Evaluation Metrics

All the models have been evaluated using macro-
F1, accuracy, precision and recall.

5 Results and Analysis

5.1 Input Feature Comparison

Table 2 shows the macro-averaged performance
of IndicBERT v2 across different input configu-
rations. As Change Style has surpassed Original
Transcripts with a macro-F1 of 0.0715 and Merged
input with 0.0656, it has been used as input in all
experiments.
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Figure 1: System architecture for Telugu prompt-style recovery.

Input Feature F1 R P A

Model F1 R P A

Change Style 0.3648 0.3667 0.3691 0.3700
Original Transcripts 0.0715 0.1088 0.1032 0.0967
Merged (OT+CS)  0.0656 0.1089 0.0541 0.1000

Table 2: IndicBERT v2 performance across different
input features using 256 tokens

The Original Transcripts perform below the ran-
dom baseline, likely due to truncation of long texts,
distributed stylistic patterns and Telugu—English
code-switching noise. Merged Input further de-
grades performance, proving that the original text
introduces noise.

The better performance of Change Style in-
put suggests that lingual transformations enhance
tonal and communicative markers, enabling more
distinct style separation by displaying clear lexi-
cal and grammatical patterns. The Merged input
has degraded results by introducing noise from the
original text. Highlighting stylistic features has
strengthened model discrimination, especially for
low-resource language like Telugu. Post competi-
tion experiments with 512 tokens instead of 256 to-
kens validated this claim as only Change Style has
shown marginal improvement, increasing macro-
F1 to 0.3831. These results have confirmed that
256 tokens were a better choice for this task.

5.2 Model Comparison

Table 3 compares three transformer models with
Change Style as input. IndicBERT v2 has achieved
the highest macro-F1 of 0.3648, followed by XLM-
R at 0.3414, while MuRIL yields the lowest scores
at 0.2276. XLM-R has remained competitive,
whereas MuRIL has failed on Optimistic and Seri-
ous. IndicBERT v2 has performed its best on Pes-
simistic and Informal, whereas Humorous, Serious
and Persuasive remain the most challenging style
classes.

IndicBERT v2 0.3648 0.3667 0.3691 0.3700
XLM-RoBERTa 0.3414 0.3433 0.3411 0.3400
MuRIL 0.2276 0.2742 0.2426 0.2800

Table 3: Comparison of three transformer models-
IndicBERT, XLM-RoBERTa, MuRIL on Change Style
as input

CHANGE STYLE - STYLE: IndicBERT vs MuRIL vs XLM-R

Accuracy Macro F1
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Figure 2: Macro F1 and Accuracy of three transformer
models-IndicBERT v2, MuRIL, XLM-RoBERTa

The confusion matrix in Figure 3 has shown that
Pessimistic and Informal styles have been most re-
liably classified, while Serious, Persuasive, For-
mal and Authoritative have shown higher confu-
sion, due to the overlapping stylistic traits in Tel-
ugu.

5.3 Parameter Settings

All experiments have used hyperparameters as
shown in Table 4:

5.4 Reproducibility Note

The submitted csv (Run 3) has achieved Rank 1
without any fixed seed, so results in Tables 2 and 3
may slightly differ from the official leaderboard
scores. The results can be reproduced using the

hyperparamters mentioned in Table 4 and a seed
of 42.
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Figure 3: Confusion Matrix of IndicBERT v2

Training Hyperparameter  Configured Settings

Optimizer AdamW
Learning rate 1.5e-5
Weight decay 0.01
Epochs 12
Batch size 16
Max sequence length 256
Frozen layers 0-5
Selection metric Macro-F1
Random seed 42

Table 4: Training configuration.

6 Conclusion

The DravidianLangTech@ACL 2026 Shared Task
highlights the challenges of detecting prompt
style written in low-resource languages like Tel-
ugu. Changed style text has proved to be more
effective in capturing tonal and contextual sig-
nals. IndicBERT v2 has performed exceptionally
over other multilingual models like XLM-R and
MuRIL. Weighted cross-entropy and partial layer
freezing have addressed the slight class imbalance
and overfitting. These results show the signifi-
cance of language-specific pretraining and careful
input selection.

Error Analysis

Figure 3 shows Formal, Authoritative and Seri-
ous as the most frequently confused pairs. Ta-
ble 5 shows representative misclassified examples.
These styles share similar features — formal greet-
ings (35, $sr) o), directive phrasing (¢sd-
Qotdods, $e®) and formal vocabulary — mak-
ing them difficult to distinguish. The model has
shown bias towards predicting the Authoritative
class, showing strong overlap with Formal and Se-

rious styles in the training data

Truncated Change Style text True Predicted
®0s88 X% Bo. G&er, 85 RS Formal Authoritative
SO PT° 2.8 D] QRQER...

3¢ Serotols. sey) SorBocreod Ree-  Serious  Authoritative
9% @0y GRTD SrED &..

T, Iy & Booh I @SN, Authoritative Serious

&8 00 S’ DT ...

Table 5: Representative misclassified examples from
IndicBERT v2 on the validation set.

Limitations

We have fixed the learning rate at 1.5¢-5 and frozen
first 6 layers without extensive tuning, so better
configurations may exist. Evaluation of single 300
split instances and limited metrics have restricted
vigor and generalization.
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