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Abstract
We present a dual-branch gated LoRA system for the PAN 2026 Multi-Author Writing Style Analysis (MAWSA)
task, which requires detecting author-change boundaries in documents written by multiple authors across three
difficulty levels. Our approach builds on DeBERTa-v3-large as a shared cross-encoder backbone and attaches two
independent Low-Rank Adaptation (LoRA) adapters: a topic branch trained on easy-difficulty data, where topical
shifts dominate author-change signal, and a style branch trained on medium- and hard-difficulty data, where
fine-grained stylometric cues are essential. A lightweight MLP gate learns to dynamically blend the two branch
predictions per sentence pair. Training proceeds in three sequential phases: (1) topic branch training on easy
data, (2) style branch training on medium and hard data with the topic branch frozen, and (3) gate training on all
difficulties with both branches frozen. On the official PAN 2026 test evaluation, our method achieves F1-macro
scores of 0.968, 0.560, and 0.447 on the easy, medium, and hard sub-tasks, respectively.
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1. Introduction

Identifying the points in a document where the author changes is a fundamental problem in computa-
tional authorship analysis [1]. The PAN 2026 Multi-Author Writing Style Analysis (MAWSA) task, part
of the PAN 2026 lab [2], formalises this as a binary classification problem over consecutive sentence
pairs (𝑠𝑖, 𝑠𝑖+1): given a multi-author document, the goal is to predict whether the authorship changes
between adjacent sentences. The three difficulty levels (easy, medium, and hard) differ in how strongly
topic shifts and writing-style patterns indicate author boundaries.

A major challenge is that the three difficulty levels have different rates of author changes (30.5% for
easy, 4.4% for medium, and 20.9% for hard) and depend on different types of signals. Easy documents
often contain clear topic changes at author boundaries, while medium and hard documents rely more
on writing-style cues. Consequently, a single fine-tuned model must generalise across different author-
change patterns in all three sub-tasks.
We address this challenge using a parameter-efficient dual-branch architecture. Two LoRA

adapters [3] share the same frozen DeBERTa-v3-large [4] backbone, but each is trained on a dif-
ferent subset of the data. This allows one branch to focus more on topic-related patterns, while the
other focuses on writing-style features. An MLP gate then learns how to combine the predictions of
the two branches for each input sample. This design helps the model handle both topic-driven and
style-driven author changes while keeping the number of trainable parameters relatively small.
Our design choices are motivated by recent shared-task experience. In the previous edition of

the task, PAN 2025 [5], DeBERTa-based cross-encoders were among the strongest approaches for
multi-author writing style analysis; we therefore build on DeBERTa and adopt its most recent variant,
DeBERTa-v3-large [4], which improves on earlier versions through ELECTRA-style pre-training and
gradient-disentangled embedding sharing. Rather than fully fine-tuning this large backbone, we use
LoRA [3] because it keeps the backbone frozen and trains only a small number of low-rank matrices,
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Table 1
Dataset statistics per difficulty level.

Difficulty Train pairs Val pairs Positive %

Easy 549,804 117,435 30.5
Medium 1,299,324 278,988 4.4
Hard 589,946 127,380 20.9

which both reduces the risk of overfitting on the imbalanced sub-tasks and lets us maintain two
specialised branches at a fraction of the cost of two full models. The per-branch ranks (𝑟 = 16 for the
topic branch, 𝑟 = 32 for the style branch) were chosen so that the style branch, which must capture
more subtle stylometric cues on the medium and hard data, is given greater expressive capacity than
the topic branch, whose easy-difficulty signal is largely topical and thus lower-rank. We do not explore
alternative backbones such as large language models (LLMs) or other encoders in this work; we leave
such comparisons to future experiments.

The remainder of this paper is structured as follows. Section 2 describes the task and dataset. Section 3
presents our system architecture. Section 4 details the three-phase training procedure. Section 5 reports
experimental results, and Section 6 concludes.

2. Task and Dataset

2.1. Task Definition

The MAWSA task [6] provides a set of documents, each written by multiple authors. For a document
containing 𝑛 sentences, the system must produce a binary label for every consecutive pair (𝑠𝑖, 𝑠𝑖+1),
𝑖 = 1, … , 𝑛 − 1, where label 1 indicates an author change between 𝑠𝑖 and 𝑠𝑖+1, and label 0 indicates the
same author continues. Three sub-tasks are defined according to difficulty:

• Easy: documents with clear topical transitions at author boundaries; high positive rate (30.5%).
• Medium: longer documents with style variation; very low positive rate (4.4%).
• Hard: moderate document length with stylistically similar authors; intermediate positive rate
(20.9%).

2.2. Dataset Statistics

Table 1 summarises the corpus. Each difficulty level provides 10,500 training documents and 2,250
validation documents. Sentence pairs are formed from all adjacent sentences within each document
and stored in a LMDB binary cache for fast loading during training. DeBERTa tokenisation is applied
on the fly during batch collation with a maximum sequence length of 256 tokens.

3. System Architecture

3.1. Base Encoder

We use DeBERTa-v3-large [4] as a cross-encoder, motivated by the strong performance of DeBERTa-
based models on the previous PAN 2025 edition of the task [5]. A cross-encoder is a natural fit for this
pairwise setting because it lets the two sentences attend to each other directly, which is important
for detecting the subtle style differences that separate same-author from different-author pairs. Each
sentence pair (𝑠𝑖, 𝑠𝑖+1) is formatted as a single sequence:

[CLS] 𝑠𝑖 [SEP] 𝑠𝑖+1 [SEP]



and fed to the encoder. The 1024-dimensional hidden state of the [CLS] token is used as the sequence
representation. The base DeBERTa weights are kept frozen throughout all three training phases; only
the LoRA adapters and downstream heads are trained.

3.2. Dual LoRA Adapters

LoRA [3] injects trainable low-rank matrices into existing weight matrices without modifying the
original parameters. For a weight matrix 𝑊 ∈ ℝ𝑑×𝑘 , LoRA adds:

𝑊 ′ = 𝑊 + 𝐵𝐴, 𝐵 ∈ ℝ𝑑×𝑟 , 𝐴 ∈ ℝ𝑟×𝑘 (1)

where 𝑟 ≪ min(𝑑, 𝑘) is the rank. We apply LoRA to the query, key, and value projection layers of all
attention heads. We prefer LoRA over full fine-tuning because it freezes the backbone and trains only a
small set of low-rank matrices, which reduces overfitting on the imbalanced sub-tasks and makes it
inexpensive to maintain two specialised branches on a single shared encoder.
We maintain two separate LoRA adapters. The ranks are set so that the style branch, which must

model finer-grained stylometric cues, has more capacity than the topic branch, whose easy-difficulty
signal is dominated by lower-rank topical structure:

• Topic branch (rank 𝑟 = 16, scaling 𝛼 = 32): trained on easy data. This branch develops
representations sensitive to content and topic shifts.

• Style branch (rank 𝑟 = 32, scaling 𝛼 = 64): trained on medium and hard data. A higher rank is
used to allow greater expressive capacity for fine-grained stylometric features.

Each branch has its own combiner network and classification head:

ℎbranch = GELU(Linear1024→512([CLS])), ℓbranch = Linear512→1(ℎbranch)

3.3. MLP Gate

The gate module receives the hidden representations from both branches and produces a scalar mixture
weight 𝛼 ∈ (0, 1):

𝛼 = 𝜎(Linear256→1(ReLU(Linear1024→256([ℎtopic; ℎstyle])))) (2)

where [⋅ ; ⋅] denotes concatenation. The final prediction logit is:

ℓ = 𝛼 ⋅ ℓtopic + (1 − 𝛼) ⋅ ℓstyle (3)

When 𝛼 → 1 the model relies on the topic branch; when 𝛼 → 0 it relies on the style branch. The gate
therefore acts as a learned, per-sample difficulty estimator: it routes easy pairs toward the topic branch
and challenging pairs toward the style branch without any explicit supervision on which branch to
trust.

4. Three-Phase Training

Training is divided into three sequential phases, each with a clearly defined scope of trainable parameters.
This progressive strategy ensures that each component is initialised from a well-trained predecessor
before the next component is added.



Table 2
Shared training hyperparameters.

Hyperparameter Value

Optimiser AdamW
LoRA / encoder LR 1 × 10−4
Head / gate LR 2 × 10−4
Weight decay 0.01
Scheduler CosineAnnealingLR
𝜂min 1 × 10−7
Gradient clip norm 1.0
Mixed precision bfloat16
Max sequence length 256 tokens

Table 3
F1-macro scores on the TIRA evaluation platform and internal F1-micro scores for the Phase 1 topic branch.

Sub-task F1-macro (TIRA) F1-micro (internal)

Task 1 (Easy) 0.968 1.000
Task 2 (Medium) 0.560 –
Task 3 (Hard) 0.447 –

4.1. Phase 1 — Topic Branch

The topic LoRA adapter, its combiner, and its classification head are trained on the easy sub-task only.
We use weighted binary cross-entropy with pos_weight = 2.3 to compensate for the class imbalance.
Training uses the AdamW optimiser with a cosine annealing schedule, and early stopping is applied
when validation F1-macro ceases to improve (patience = 5 epochs). The topic branch achieves a perfect
F1-micro of 1.000 on both the training and validation splits of the easy sub-task, confirming that topical
author-change signals are fully captured by this branch. After Phase 1 the topic branch weights are
frozen.

4.2. Phase 2 — Style Branch

The topic branch checkpoint is loaded. The base encoder and topic branch remain frozen. A fresh style
LoRA adapter, combiner, and classification head are initialised and trained on the combined medium
and hard data. We use pos_weight = 2.0 and train for up to 20 epochs with early stopping (patience
= 5, monitor: val/F1-macro). The style branch is frozen after Phase 2.

4.3. Phase 3 — Gate

The Phase 2 checkpoint is loaded. Both LoRA branches, their combiners, and their classification heads
are frozen. Only the MLP gate is trained, using all three difficulty levels combined with pos_weight
= 4.4 and up to 10 epochs (patience = 5). Training all three difficulties jointly exposes the gate to the
full range of easy-to-hard samples so it can calibrate 𝛼 appropriately for each regime.

4.4. Training Hyperparameters

Table 2 summarises the key hyperparameters shared across phases.

5. Results

Table 3 reports F1-macro scores on the TIRA evaluation platform [7] for each sub-task.



The topic branch (Phase 1) achieves a perfect F1-micro of 1.000 on both the training and validation
splits of the easy sub-task, demonstrating that DeBERTa with a lightweight LoRA adapter can fully
exploit the strong topical signals present in easy documents. The final gated system carries this strength
through to evaluation, yielding a near-perfect TIRA F1-macro of 0.968 on Task 1. Performance drops
substantially on the medium sub-task, reflecting the inherent difficulty of detecting author changes at a
4.4% positive rate where the class imbalance is severe. The hard sub-task, with its stylistically similar
authors, poses a complementary challenge; the moderate F1-macro of 0.447 indicates that the style
branch captures some discriminative signal but that this remains an open problem.

6. Conclusion

We have presented a dual-branch gated LoRA system for multi-author style change detection. By
training two LoRA adapters on complementary data subsets and combining them with a lightweight
MLP gate, the system can adapt its prediction strategy to the topical or stylometric nature of each
sentence pair without modifying the shared DeBERTa backbone. The three-phase training procedure
is simple to implement and keeps the total number of trainable parameters well below that of a full
fine-tuned model.
Future work includes increasing the rank of the style branch LoRA adapter, exploring contrastive

pre-training objectives to sharpen stylometric representations, and calibrating the decision threshold
per difficulty level to better handle the severe class imbalance in the medium sub-task. Because the
present system is built solely on a DeBERTa-v3 backbone, we also plan to compare it against alternative
encoders and large language model (LLM) based approaches, which we did not explore in this work.
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