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Abstract

We present a system for the Dravidian-
LangTech @ ACL 2026 shared task on Telugu
Prompt-Style Recovery(B et al., 2026). The
task requires classifying Telugu text into one
of nine communicative styles: Formal, Infor-
mal, Optimistic, Pessimistic, Humorous, Se-
rious, Inspiring, Authoritative and Persuasive.
Our approach fine-tunes the multilingual XI.M-
RoBERTa base model with a piecewise seg-
ment comparison strategy that evaluates dis-
tinct stylistic markers across sentence segments,
enabling richer contextual discrimination be-
tween visually similar styles. Evaluated on the
official test set, our system achieves a Macro F1
score of 0.1205, Accuracy of 0.1196, Precision
of 0.1205 and Recall of 0.1231. We analyze
the challenges of stylistic ambiguity in low-
resource Telugu NLP and discuss directions for
future improvement.

1 Introduction

Identifying the communicative style of a text is
a fundamental yet challenging problem in natural
language understanding. Beyond lexical meaning,
style encodes pragmatic intent, rhetorical tone, af-
fective stance and social register, all of which are
crucial for building language technologies that in-
teract naturally with users (Biber, 1988; Pang and
Lee, 2008). Prior work on stylistic variation and
style transfer has demonstrated that modeling style
requires capturing subtle linguistic and discourse-
level cues rather than relying solely on surface sen-
timent signals (Jhamtani et al., 2017; Pan et al.,
2026).

For morphologically rich and agglutinative lan-
guages such as Telugu, stylistic analysis presents
additional complexity. Telugu exhibits extensive
inflectional morphology and flexible word order,
which can obscure surface-level stylistic markers.
Furthermore, the scarcity of labeled corpora and
the prevalence of code-mixing with English in so-
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cial media introduce additional variability (Kusam-
pudi et al., 2021; Chakravarthi et al., 2022). These
characteristics make nuanced style detection sig-
nificantly more challenging than in well-resourced
languages such as English.

The DravidianLangTech @ ACL 2026 shared
task on Prompt Recovery for LLM in Telugu ad-
dresses the problem of identifying the communica-
tive style of Telugu text generated under style-
specific prompts. The dataset contains social media
excerpts annotated across nine stylistic categories:
Formal, Informal, Optimistic, Pessimistic, Humor-
ous, Serious, Inspiring, Authoritative and Persua-
sive. Unlike traditional sentiment classification,
these categories frequently overlap in semantic and
pragmatic dimensions. For instance, Inspiring and
Optimistic texts both exhibit positive affect, while
Authoritative and Formal styles share structural
rigidity and controlled lexical choice. Similarly,
Serious and Pessimistic texts may overlap in tonal
gravity despite differing in communicative intent.
Such inter-class proximity necessitates modeling
approaches capable of capturing fine-grained con-
textual signals.

In this work, we present our submission to the
shared task. We fine-tune XLLM-RoBERTa (Con-
neau et al., 2020), a multilingual transformer model
pretrained on diverse languages, for nine-way style
classification. To enhance sensitivity to localized
stylistic cues, we introduce a piecewise segmen-
tation strategy that decomposes each input into
shorter contextual units and aggregates their repre-
sentations. Our design is motivated by prior work
showing that transformer architectures can benefit
from modified attention mechanisms and segment-
level modeling when handling longer or discourse-
sensitive texts (Beltagy et al., 2020). Our analysis
includes per-class performance evaluation and de-
tailed error analysis to better understand stylistic
confusion patterns in low-resource Telugu text.

Proceedings of the Sixth Workshop on Speech, Vision, and Language Technologies for Dravidian Languages, pages 301-305
July 3, 2026 ©2026 Association for Computational Linguistics



2 Related Work
2.1 Computational Modeling of Style

Computational approaches to stylistic analysis have
evolved from rule-based and feature-engineered
systems to deep neural architectures. Early work in
stylistic classification focused on authorship attri-
bution and genre identification using surface-level
lexical and syntactic features (Stamatatos, 2009).

With the advent of neural models, style model-
ing has been reframed as a representation learn-
ing problem, where latent stylistic properties are
captured through distributed embeddings. Neural
approaches to non-parallel style transfer and con-
trolled text generation have emphasized disentan-
gling content from stylistic attributes (Shen et al.,
2017; Hu et al., 2017). These works highlight the
inherent difficulty of separating semantics from
stylistic variation.

More recently, transformer-based encoders such
as BERT (Devlin et al., 2019) and RoBERTa (Liu
et al., 2019) have demonstrated strong performance
across a wide range of text classification tasks.
Their contextualized representations enable mod-
eling subtle pragmatic and rhetorical cues, making
them particularly suitable for fine-grained stylistic
classification. However, distinguishing closely re-
lated stylistic categories remains challenging due
to overlapping semantic signals.

2.2 Emotion and Pragmatic Signal Modeling

Style classification intersects with emotion recog-
nition and pragmatic intent detection. Emotion
classification datasets such as GoEmotions (Dem-
szky et al., 2020) demonstrate that fine-grained
affective categories often exhibit substantial inter-
class confusion. Similarly, research on politeness
and formality detection (Danescu-Niculescu-Mizil
et al., 2013; Pavlick and Tetreault, 2016) shows
that pragmatic signals are highly context-dependent
and socially grounded. These findings suggest
that effective style modeling requires sensitivity
to discourse-level and contextual cues rather than
isolated lexical indicators.

2.3 Low-Resource and Indian Language NLP

For Indian languages, recent efforts have focused
on developing large-scale corpora and pretrained
multilingual models. IndicNLPSuite (Kakwani
et al., 2020) provides monolingual corpora, evalua-
tion benchmarks and pretrained language models
for multiple Indian languages. Despite these ad-

Split  # Instances  # Classes
Train 3000 9
Dev 300 9
Test 301 9

Table 1: Dataset split statistics for the Telugu prompt-
style recovery task.

vances, fine-grained stylistic classification remains
underexplored for Dravidian languages such as Tel-
ugu. The limited availability of annotated stylistic
corpora and the prevalence of informal, code-mixed
social media text pose additional challenges for ro-
bust style modeling.

3 Task Description and Dataset

The DravidianLangTech @ ACL 2026 shared task
provides a labeled dataset of Telugu text excerpts
annotated with one of nine communicative style cat-
egories: Formal, Informal, Optimistic, Pessimistic,
Humorous, Serious, Inspiring, Authoritative and
Persuasive. Each instance consists of an original
text and a corresponding style-transformed version
(referred to as the changed-style text). The task
requires predicting the stylistic label of the trans-
formed text.

In our experiments, the input to the model is
the changed-style text and the output is a predicted
style label from the predefined nine-class taxon-
omy.

The label distribution reflects the stylistic taxon-
omy defined in the task guidelines. Several style
categories exhibit semantic proximity, such as Op-
timistic vs. Inspiring and Formal vs. Authorita-
tive. This inter-class similarity introduces ambigu-
ity and increases classification difficulty, even for
pretrained multilingual transformer models.

Additionally, the dataset reflects characteristics
of social media language, including informal punc-
tuation, truncated constructions, orthographic varia-
tion and occasional code-switching between Telugu
and English. These linguistic phenomena further
complicate stylistic modeling in a low-resource set-
ting.

4 Methodology
4.1 Backbone Model: XLM-RoBERTa

We adopt xlm-roberta-base (Conneau et al.,
2020) as our backbone encoder. XLLM-RoBERTa
is a multilingual transformer model pretrained
using masked language modeling on large-scale
CommonCrawl data covering 100 languages. Its
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cross-lingual pretraining enables robust contextual
representations for morphologically rich and low-
resource languages such as Telugu.

Given an input segment s, the encoder produces
a contextualized representation hjcrLs; € R? cor-
responding to the special classification token. We
append a task-specific linear classification head to
map this representation to nine stylistic categories:

¢ =Whcrs) + b (1)

where W € R%*? and b € R? are learnable
parameters and ¢ denotes the logits over the nine
style classes. The model is trained using the cross-
entropy loss function applied to the predicted logits
in Equation 1.

4.2 Piecewise Segment Aggregation

We hypothesize that stylistic cues are often local-
ized within specific portions of a text rather than
uniformly distributed across the entire sequence.
For example, humorous texts may contain local-
ized punchlines, while authoritative texts may be-
gin with imperative constructions. Modeling the
input as a single flat sequence may dilute these
localized stylistic signals.

To address this, we introduce a piecewise seg-
mentation strategy. Each input text x is decom-
posed into k£ non-overlapping segments:

s Sk} 2

Segmentation is performed using punctuation-
based heuristics adapted for Telugu script and com-
mon social media conventions. Each segment s;
is independently encoded by XLM-RoBERTa to
produce a logit vector ¢; as defined in Equation 1.

To compute the final prediction, we aggregate
segment-level logits using element-wise max pool-

ing:

x = {s1,s9,...

0= max(ﬁl, fg, e ,fk) (3)

The predicted label is then obtained as:

g = arg max({¥) 4)

The aggregation step in Equation 3 allows the
model to prioritize the most stylistically salient
segment, thereby increasing sensitivity to local-
ized rhetorical and pragmatic cues. Compared to
mean aggregation, max pooling preserves strong
segment-level signals that may otherwise be atten-
uated.

System Fl1 Acc Prec Rec
XLM-R + Piecewise 0.1205 0.1196 0.1205 0.1231

Table 2: Performance of XLM-R with Piecewise pool-
ing

4.3 Training Procedure

We fine-tune the model using the AdamW opti-
mizer with a learning rate of 2 x 10~ and a batch
size of 16. Training is conducted for up to 10
epochs with early stopping based on macro F1
score on the validation set (patience = 2). Mixed
precision (FP16) training is employed when GPU
resources are available to improve computational
efficiency.

Each segment is truncated or padded to a max-
imum length of 128 tokens. Hyperparameters are
selected based on development set performance.
For final evaluation, the model is trained on the
combined training and development splits and pre-
dictions are generated for the held-out test set.

S Results and Analysis

5.1 Opverall Performance

Table 2 presents the official evaluation metrics of
our system on the shared task test set. Our model
achieves a Macro F1 score of 0.1205, Accuracy of
0.1196, Precision of 0.1205 and Recall of 0.1231.

The Macro F1 score of 0.1205 is slightly above
the random baseline of 1/9 =~ 0.111, indicat-
ing that the model captures limited but non-trivial
stylistic signal across classes. The proximity be-
tween Macro F1 and Precision suggests relatively
balanced per-class behavior, without extreme bias
toward particular categories. The slightly higher
Recall (0.1231) indicates a marginal tendency to-
ward over-prediction rather than overly conserva-
tive classification.

These results highlight the inherent complex-
ity of nine-way stylistic classification in a low-
resource setting. Unlike sentiment analysis, stylis-
tic categories in this task are not mutually exclu-
sive in terms of lexical or syntactic patterns, mak-
ing fine-grained discrimination substantially more
challenging.

5.2 Discussion

Several factors likely contribute to the observed
performance. First, many of the stylistic categories
exhibit substantial semantic and pragmatic over-
lap. For instance, Inspiring and Optimistic texts
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frequently share positive and forward-looking lan-
guage, while Authoritative and Formal styles both
employ structured syntax and controlled lexical
choice. Such inter-class proximity reduces separa-
bility in embedding space.

Second, Telugu presents additional challenges
due to rich morphology and flexible word order.
Subtle stylistic cues may be expressed through in-
flectional variation rather than distinct lexical mark-
ers, which can be difficult for transformer models
to isolate in limited data regimes.

Third, the presence of code-mixing between Tel-
ugu and English introduces orthographic and sub-
word segmentation variability. Although XLM-
RoBERTa supports multilingual input, inconsistent
transliteration and informal punctuation may dis-
rupt coherent representation learning.

5.3 Error Analysis

Qualitative analysis on the development set reveals
consistent confusion patterns across semantically
related styles. The model most frequently confuses
Inspiring with Optimistic, suggesting difficulty in
distinguishing motivational framing from general
positive sentiment. Similarly, Authoritative and
Formal are often interchanged due to shared struc-
tural characteristics.

Humorous instances are particularly challenging,
as irony and exaggeration rely heavily on cultural
context and discourse-level interpretation. In sev-
eral cases, the model correctly captures sentiment
polarity but fails to identify comedic intent.

The piecewise segmentation strategy provides
limited but observable benefits for classes where
stylistic signals are localized within specific clauses
(e.g., punchlines in humorous text). However,
for styles characterized by globally consistent
tone—such as Formal or Serious—segment-level
aggregation does not substantially improve discrim-
inative capacity.

Overall, the results indicate that fine-grained
stylistic modeling in Telugu requires deeper dis-
course modeling, improved handling of pragmatic
nuance and potentially contrastive learning strate-
gies tailored to overlapping stylistic categories.

6 Conclusion

We presented a system for Telugu prompt-style
recovery that combines the multilingual represen-
tation power of XLM-RoBERTa with a piecewise
segment comparison strategy. Our approach ad-

dresses the challenge of localised stylistic markers
by decomposing inputs into segments and aggre-
gating predictions via max-pooling. The system
achieves a Macro F1 of 0.1205 on the official test
set of the DravidianLangTech @ ACL 2026 shared
task. Future directions include: (1) training on
augmented data generated by prompting LLMs
in specific Telugu styles; (2) employing ensem-
ble methods that combine XLM-RoBERTa with
Telugu-specific language models such as MuRIL
or IndicBERT; (3) incorporating contrastive learn-
ing objectives that explicitly push representations
of different style classes apart in the embedding
space; and (4) applying prompt-based fine-tuning
approaches that leverage the stylistic label descrip-
tions as part of the input.Despite modest perfor-
mance, our work provides insight into the chal-
lenges of fine-grained stylistic modeling in low-
resource Telugu NLP and highlights directions for
future research.

7 Limitations

This work is limited by the size of the available
training data and the inherent difficulty of stylis-
tic annotation — a subjective task even for native
speakers. Our piecewise segmentation heuristic is
rule-based and may not always identify semanti-
cally meaningful boundaries, particularly in com-
plex Telugu constructions. The results are specific
to the provided dataset split and may not general-
ize to other Telugu style corpora without further
adaptation.

Code Availability

The implementation of our system is publicly avail-
able at: GitHub Repository.

8 AI Writing Assistance Disclosure

In accordance with the ACL 2023 Policy on Al
Writing assistance, the authors disclose that Al-
based language tools were used for minor edit-
ing assistance and formatting guidance during the
preparation of this manuscript. All technical con-
tent, experimental design, implementation and anal-
ysis have been verified by the authors. The authors
carefully reviewed and edited all generated text to
ensure accuracy, clarity and originality.
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