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Abstract

Identifying writing styles in long documents is
challenging because stylistic signals are dis-
tributed unevenly and differ in subtle ways.
We describe ByteBreaker, our system for the
Prompt Recovery for LLM Shared Task at
DravidianLangTech@ACL-2026, which clas-
sifies the writing style of LLM-rewritten Tel-
ugu documents into nine categories. To
handle documents exceeding the 512-token
transformer limit, we apply sliding-window
chunking (stride = 256) and fine-tune XLM-
RoBERTa Large on the style-rewritten text. At
inference, Top-K Mean Pooling emphasises
the most confident chunks. We train with
five random seeds and submit three runs: a
weighted ensemble (Run 1), a mean-guided sin-
gle model (Run 2), and a Top-K-guided single
model (Run 3). Run 3 achieves the best macro
F1 of 0.3306; Run 1 achieves the best accuracy
of 0.3256 with macro F1 of 0.3290. Our code
is available on GitHub.

1 Introduction

Writing style is a critical factor in how a message
is received. Beyond content, tone, vocabulary, sen-
tence structure, and formality shape communica-
tion, and automatic style classification has become
significant in NLP with the growing use of LLMs
for text rewriting.

The Prompt Recovery task presents a novel vari-
ation: the goal is to recover the intended writing
style from LLM-rewritten documents. Distinguish-
ing closely related styles such as Formal and Au-
thoritative remains challenging because their sig-
nals overlap, and many documents exceed the 512-
token transformer limit, requiring segmented pro-
cessing with effective evidence aggregation.

We propose ByteBreaker, which fine-tunes
XLM-RoBERTa Large on overlapping 512-token
chunks and applies Top-K Mean Pooling at infer-
ence to focus on the most stylistically informative
segments. Multi-seed training and a weighted en-
semble further improve robustness.

2 Related Work

Early style classification used handcrafted lexi-
cal and syntactic features (Argamon et al., 2007;
Koppel et al., 2009; Sai et al., 2024) and CNN-
based methods (Shrestha et al., 2017). Transformer
models—BERT (Devlin et al., 2019), RoBERTa
(Liu et al., 2019), XLM-RoBERTa (Conneau et al.,
2020)— substantially advanced text classification
via Hugging Face Transformers (Wolf et al., 2020).
The 512-token limit has been addressed by hi-
erarchical attention (Yang et al., 2016), sliding-
window fine-tuning (Sun et al., 2019), and long-
context models such as Longformer (Beltagy et al.,
2020) and BigBird (Zaheer et al., 2020). Ensem-
ble and multi-seed strategies further boost robust-
ness in multilingual shared tasks (Saumya et al.,
2022; Fharook et al., 2022; Kavatagi et al., 2023;
Chakravarthi et al., 2020; Hande et al., 2020; Bi-
radar et al., 2021; Premjith et al., 2026).

3 Task and Dataset

3.1 Task Description

The Prompt Recovery for LLM Shared Task at
DravidianLangTech@ACL 2026 (B et al., 2026)
requires assigning one of nine style labels—
Authoritative, Formal, Humorous, Informal, Inspir-
ing, Optimistic, Persuasive, Pessimistic, Serious—
to each LLM-rewritten Telugu document. Perfor-
mance is evaluated by macro-averaged F1, with
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accuracy secondary.

3.2 Dataset

The dataset (B et al., 2026) contains 3,000 training,
300 validation, and 301 test examples. Each entry
provides the original transcript and its LLM rewrite
in the “CHANGE STYLE” column, which we use
exclusively for training as it contains stronger stylis-
tic signals than the original. The test set is slightly
imbalanced (Table 1): Serious is most frequent
(15.61%) and Pessimistic least (7.31%).

Style Support % of Test

Authoritative 30 9.97
Formal 38 12.62
Humorous 31 10.30
Informal 35 11.63
Inspiring 37 12.29
Optimistic 33 10.96
Persuasive 28 9.30
Pessimistic 22 7.31
Serious 47 15.61

Total 301 100

Table 1: Label distribution in the test set (N = 301).

4 System Design and Methodology

Figure 1 illustrates the end-to-end ByteBreaker
pipeline.

4.1 Model Architecture

We fine-tune XLM-RoBERTa Large1 (Wolf et al.,
2020)—a 24-layer transformer with 1024-dim hid-
den states and ≈560M parameters—with a linear
classification head mapping the [CLS] token to 9
logits. The Large variant captures subtler inter-
style distinctions than the base model.

4.2 Sliding-Window Chunking

We split each document into overlapping 512-
token chunks (stride 256, 50% overlap) us-
ing return_overflowing_tokens=True. Each
chunk inherits its parent’s label and trains inde-
pendently; the overlap ensures boundary tokens
appear in two consecutive chunks, preserving local
context.

4.3 Top-K Mean Pooling

At inference, a document’s N chunk logits in
R9 are aggregated by selecting the K highest-

1https://huggingface.co/FacebookAI/xlm-rober
ta-large

confidence chunks and averaging:

Sd = top-K chunks by max
c

Li,c,

ŷd = argmax
j

1
|Sd|

∑
i∈Sd

Li,j .
(1)

We set K=min(3, N); this consistently outper-
formed mean and LogSumExp pooling on the val-
idation set by focusing on the most stylistically
informative chunks.

4.4 Training Configuration

Table 2 lists hyperparameters. Model selection
uses document-level macro F1 via a custom Top-
K callback; label smoothing (ε=0.10) and early
stopping (patience = 2) reduce overconfidence and
overfitting.

Hyperparameter Value

Base model xlm-roberta-large
Max sequence length 512 tokens
Chunk stride 256 tokens
Learning rate 1× 10−5

Effective batch size 16 (2× 8 grad. accum.)
Max epochs 12
Warmup ratio 0.10
Weight decay 0.01
Gradient clipping 1.0
Label smoothing (ε) 0.10
Best model metric Doc-level macro F1
Early stopping patience 2 epochs
Mixed precision BF16
Seeds {42, 7, 123, 2025, 99}

Table 2: Training hyperparameters.

4.5 Multi-Seed Training, Ensemble, and Runs

We train across five seeds {42, 7, 123, 2025, 99},
exporting the best validation macro-F1 checkpoint
per seed. Run 1 ensembles four checkpoints—
best multi-seed (A), single-seed Top-K-guided
(B), ckpt-4062 Top-K-guided (C; Run 3), and
ckpt-2022 mean-guided (D; Run 2)—combining
logits as Lens=

∑
mwmLm with weights from two-

stage grid search (coarse step 0.10, fine step 0.02).
All three runs use Top-K Mean Pooling at infer-
ence (Table 3).

Run Model Note

Run 1 Weighted ensemble (A–D) Best accuracy
Run 2 Model D (mean-guided) Single model
Run 3 Model C (top-K-guided) Best macro F1

Table 3: Submission run configurations.
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Figure 1: End-to-end pipeline of the ByteBreaker system. Documents exceeding 512 tokens are split into overlapping
chunks (stride = 256), encoded by fine-tuned XLM-RoBERTa Large, and aggregated via Top-K Mean Pooling
into a document-level prediction. Five seeded models feed either a weighted ensemble (Run 1) or single-model
submissions (Runs 2–3).

5 Results and Discussion

Tables 4 and 5 show official results. Run 3 achieves
the best macro F1 (0.3306); Run 1 the best accu-
racy (0.3256), as accuracy favours Serious (N=47)
whereas macro F1 weights all classes equally.

Run Acc. P R F1

Run 1 (Ensemble) 0.3256 0.3670 0.3400 0.3290
Run 2 (mean-guided) 0.3189 0.3572 0.3342 0.3142
Run 3 (topk-guided)† 0.3123 0.3524 0.3284 0.3306

Table 4: Official results (macro-averaged). † Best macro
F1.

Easiest classes. Optimistic and Humorous reach
F1≈0.39–0.47 owing to distinctive lexical patterns
in the LLM rewrites. Hardest class. Serious
is the weakest (F1≈0.10–0.14), sharing a formal
register with Authoritative and Formal. Run 3
vs. ensemble. Model D in the ensemble dilutes

Pessimistic precision from 0.50 to 0.30; a Top-K-
aligned checkpoint beats a heterogeneous ensemble
on minority classes.

6 Conclusion

We introduced ByteBreaker for the Prompt Re-
covery task at DravidianLangTech@ACL 2026,
combining sliding-window chunking with Top-K
Mean Pooling for long-document style classifica-
tion. Run 3 achieves the best macro F1 of 0.3306;
Run 1 the best accuracy of 0.3256 (macro F1:
0.3290). Aligning the training criterion with the in-
ference aggregation strategy is crucial, particularly
for minority classes.

Limitations

ByteBreaker achieves moderate overall perfor-
mance (macro F1≈0.33); nine closely related
styles are difficult to separate from LLM-rewritten
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Run 1 Run 2 Run 3

Style Supp. P R F1 P R F1 P R F1

Authoritative 30 0.33 0.20 0.25 0.28 0.17 0.21 0.18 0.23 0.20
Formal 38 0.28 0.24 0.26 0.32 0.24 0.27 0.28 0.26 0.27
Humorous 31 0.60 0.29 0.39 0.56 0.29 0.38 0.50 0.32 0.39
Informal 35 0.26 0.60 0.37 0.25 0.66 0.36 0.48 0.31 0.38
Inspiring 37 0.53 0.22 0.31 0.55 0.16 0.25 0.44 0.30 0.35
Optimistic 33 0.44 0.52 0.47 0.39 0.52 0.44 0.41 0.55 0.47
Persuasive 28 0.41 0.46 0.43 0.37 0.46 0.41 0.29 0.46 0.36
Pessimistic 22 0.30 0.41 0.35 0.33 0.41 0.37 0.50 0.41 0.45
Serious 47 0.15 0.13 0.14 0.17 0.11 0.13 0.10 0.11 0.10

Macro 301 0.37 0.34 0.33 0.36 0.33 0.31 0.35 0.33 0.33

Table 5: Per-class P, R, and F1 for all three runs.

text alone, with Serious consistently confused
with Authoritative and Formal. The K=3 and
stride = 256 choices were validated on the provided
split and may not generalise without re-tuning;
comparisons with long-context models such as
Longformer and BigBird remain future work.

Ethical Considerations

This work uses data from the shared task organ-
isers and public pre-trained models; no personal
data is collected. Writing style classification risks
misuse in automated content profiling; we encour-
age responsible deployment and provide per-class
breakdowns to expose model limitations.
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