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Abstract

Voight-Kampff is a task under the PAN lab on digital text forensics and stylometry at the Conference and Labs
of the Evaluation Forum (CLEF). Participants are required to develop a classification system that denotes a
provided text as human-authored or machine-generated, and are provided with a training dataset comprised of
sample texts with labels. Evaluation is performed on two distinct sets: a curated evaluation set created by the
task developers, and an adversarial set generated by participants of the Eloquent task, which aims to confuse
classification systems. The DS@GT PAN team explored one primary strategy to complete the task. We fine-tune
Qwen2.5-1.5B on the provided training dataset, and evaluate on external datasets to ensure robustness to new
examples. Using this methodology, we achieve a ROC-AUC score of 0.981 on the curated evaluation set, and
a ROC-AUC score of 0.918 on the adversarial Eloquent set. Supporting code for this paper can be found at
https://github.com/dsgt-arc/pan-2026.
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1. Introduction

The Voight-Kampff 2026 task hosted by the PAN Lab involves classifying (potentially obfuscated) text as
human-authored or machine-generated [1, 2]. Participants are provided ~20,000 labeled writing samples
sourced from 20+ language models and thousands of human authors for training and validation. This
year, the test set additionally contains new models and unknown obfuscations to evaluate classifier
robustness. Evaluation is hosted on the TIRA platform [3].

We LoRA fine-tune Qwen2.5-1.5B on the PAN-provided training data for binary classification of
human-authored versus machine-generated text. To handle long inputs, we apply a sliding-window
chunking strategy over a 512-token limit, averaging predicted probabilities across chunks. We addi-
tionally evaluate obfuscation training via homoglyph substitution and synonym replacement, finding
that neither augmentation technique meaningfully improves robustness, and thus submit our base
fine-tuned model.

1.1. Overview

In Section 2, we discuss related work and strategies from PAN 2025. In Section 3, we investigate the
distribution of the provided data. In Section 4, we review our methodology and the various experiments
we’ve run. In Section 5, we present our results. In Section 6, we discuss these results.
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2. Background and Related Work

Text authorship verification is an example of sequence classification, inviting diverse approaches with
varying levels of success. We review several of these approaches, which guide our strategy.

2.1. Provided Baselines

PAN provides trained baselines to measure performance against. The Linear SVM with TF-IDF
features [1] is a linear support vector machine used to classify between machine-generated and human-
authored text. The Linear SVM is trained using Term Frequency-Inverse Document Frequency (TF-IDF),
which measures word importance based on frequency within specific documents and frequency across
all documents.

PPMd Compression-based Cosine [4] [5] is a technique for authorship verification that relies on
compressing files using PPMd (Prediction by Partial Matching, Variant d.). If file A compresses well
when using file B as a dictionary, then file A and file B are considered similar. This technique proves to
be a useful unsupervised technique and an interesting approach to authorship verification.

Binoculars [6] relies on measuring perplexity in text through language models, defined by taking
the exponential of the average negative log-probability of the tokens.

1 L
PPL(s) = exp (—L > log P(Si))
i=1

Binoculars utilizes two language models to measure the perplexity in the text, and compares their
evaluations in order to classify the text as human-authored or machine-generated. If both models assign
high perplexity (high surprise), the text is likely human-generated. Otherwise, the text is most likely
machine-authored.

2.2. Data Augmentation

The top submissions to PAN 2025 all approached the task uniquely but relied on data augmentation
techniques to improve the robustness of their classification systems.

Macko 2025 [7] fine-tuned Qwen3-14B using QLoRA for binary classification. To augment his data,
he utilized obfuscation via a homoglyph attack (replacement of characters with similar-looking Unicode
characters) of parts of the training data. Additionally, he created his validation set using external
training data to select the best model based on out-of-domain performance. The external training
dataset is a collection of 2,000 examples across seven languages, sampled from 18 different Al-detection
datasets of different genres and domains.

Valdez-Valenzuela et al. 2025 [8] begins by generating a syntactic dependency graph representation
of the text. Sentence-level graphs are merged into document-level graphs, which are embedded using a
graph neural network for use in a dense neural network for classification. The dataset is augmented
with three different kinds of obfuscations (shortening, Unicode replacement, paraphrasing) to make the
system more robust.

Liu et al. 2025 [9] Used a soft ensemble of fine-tuned Qwen3-4B and fine-tuned ModernBERT with
contrastive loss to distinguish between human and LLM-generated text. In order to improve robustness,
Liu et al. took 1000 of the human written samples and paraphrased using GPT-4.1 to acquire more Al
generated text. They generated these paraphrased samples at the sentence level - these new documents
are marked as machine generated.



2.3. Evaluation Metrics

The PAN committee provided five metrics for measuring how successful techniques are.

ROC-AUC is calculated as the area under the Receiver Operating Characteristic curve. This curve
plots true positive rate against false positive rate at various thresholds. A score of 0.5 signifies random
chance. A score of 1.0 signifies perfect classification.

Brier Score is calculated based on the differences between forecasted probabilities and final outcomes.
Brier Score (for PAN 2026) is defined by the below equation, where f is the forecasted probability and o
is a binary outcome.

1

BS:l—N (fi — 01)?

E

t=1
C@1 is a modified accuracy score that assigns non-answers (score = 0.5) the average accuracy of the
remaining cases. This penalizes overconfident mistakes over non-responses.

F'; score is defined as the harmonic mean of precision and recall. This metric proves useful for the
Voight-Kampff task due to the class imbalance in the provided data (see Section 3).

Fo.5u is a modified Fp 5 measure (precision-weighted F measure) that treats non-answers (score =
0.5) as false negatives. In contrast to C@1, this discourages non-answers by penalizing indecision.

Table 1

Comparison Table across Performance Metrics
Team ROC-AUC Brier (C@1 Fy Fys5,. Mean |
Macko [7] 0.995 0.984 0982 0.989 0.993 0.989
Valdez-Valenzuela [8] 0.939 0.902 0.897 0.926 0.960 0.929
Liu [9] 0.962 0.891 0.889 0923 0.963 0.928
TF-IDF SVM [1] 0.963 0.900 0.897 0.904 0.946 0.922
Binoculars [6] 0.827 0.856 0.818 0.866 0.907 0.863
PPMd CBC [4] [5] 0.644 0.802 0759 0.817 0.839  0.790

3. Exploratory Data Analysis

Sample Distribution PAN provided 23,707 total samples, comprised of 9,101 human-written samples
and 14,606 machine-generated samples, or approximately a 40/60 split. Data is split between three
genres: fiction, essays, and news. For the machine-generated data specifically, data was generated by 23
unique generator models (e.g. gpt-3.5-turbo, gemini-2.0-flash, llama-3.3-70b-instruct, etc.).

Length Distribution We compare machine-generated and human-written text across textual metrics
related to length and uniqueness. We find that human-written text is longer than machine-generated
text on average, yet machine-generated text tends to use longer words (Figure 1). Sentence length and
Type-Token Ratio remain relatively consistent across both author groups, with slight variations.

External Datasets We additionally evaluate against 6 external datasets: HC3 [10], RAID [11]!, MAGE
[12], OpenGPTText [13], Al Detection Pile [14], and M4 [15]. Each of these datasets are approximately
balanced between human and Al samples, and focus on a different genre than PAN. See Table 2 for
further details.

'RAID results are averaged across the base and adversarial splits.



Table 2

External Benchmark Datasets. We evaluate against each of these datasets to test classification
robustness. We typically sample 5000 examples from each dataset to test our model against.

Dataset Genre/Domain Source
HC3 Wikipedia Q&A Guo et al. [10]
RAID Multi-domain Dugan et al. [11]
MAGE Multi-domain Li et al. [12]
OpenGPTText Web Articles Chen et al. [13]

Al Detection Pile
M4

Essays, News Artemyev [14]

Multi-domain, Multi-lingual Wang et al. [15]
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Figure 1: Linguistic feature comparison between human-written and machine-generated samples. We
observe differences in average word length distribution (top left) and punctuation density (bottom left). Human
writing tends toward shorter average word lengths within a narrower range (averages falling between 4 and
6 characters) while Al-generated text shows averages extending up to 7 characters. We also see a consistent
decrease in punctuation density for Al models compared to human writing.



4. Methodology

We LoRA fine-tune Qwen2.5-1.5B on the training dataset provided by PAN. We evaluate our fine-tuned

model on several out-of-distribution (OOD) datasets to measure robustness to unseen data and obfusca-
tion.

Training We fine-tune Qwen2.5-1.5B with the following hyperparameters: Epochs 3, LoRA Rank
16, LoRA Alpha 32, Batch Size 16, Learning Rate 2e-4. We performed validation using the provided
validation set, and used early stopping patience 3 for ROC AUC.

Since we utilized a 512 token limit, we used a sliding-window strategy to chunk text and average the

scores across each chunk. The model outputs a probability, and we chose the standard threshold of 0.5
to differentiate between human and machine.

train/loss eval/roc_auc

| ‘ S /
\\ b // \ / |
\\/\/\, T —liRbesep \V :

train/global_step

Figure 2: Train (Left) and test (Right) curves for Qwen2.5-1.5B fine-tuned on the original PAN training data.
The model performed extremely strongly on in-distribution data early on in training, triggering early stopping
and causing training to complete in around a singular epoch.

OOD Evaluation We evaluate on 6 external datasets. See Section 3 for further dataset details. Table 3
summarizes our results across datasets and metrics, including PAN validation data. Notably, our model
performs exceedingly well on some OOD datasets, yet struggles on others.

Obfuscation Training We additionally fine-tune our model on two augmented datasets.

+ We fine-tune on the original training dataset augmented using homoglyph substitutions according

to [7]. We used a 5% character swap rate and a 5% zero-width joiner insertion rate on 10% of
machine-generated texts.

» We fine-tune on the first augmented training dataset with an additional synonym substitution.
We used a 20% per-word replacement rate on a different 10% of machine-generated texts.

Table 3

Performance Metrics Across Evaluation Datasets
Dataset ROC-AUC  Brier cal F Fys5. Mean
HC3 Wiki 0.9977 0.9924 0.9917 0.9917 0.9896 0.9926
RAID 0.9985 0.9945 09935 0.9935 0.9932 0.9946
M4 / SemEval 2024 0.9992 0.9928 0.9920 0.9920 0.9944 0.9941
OpenGPTText 0.9447 0.8695 0.8560 0.8345 09167 0.8843
MAGE 0.6789 0.6606 0.6460 0.4701 0.6698 0.6251
Al Detection Pile 0.4486 0.5749 0.5620 0.2748 0.4531 0.4627

PAN Validation 0.9993 0.9979 0.9983 0.9987 0.9990 0.9986




We find that obfuscation training offers little benefit on model performance for some datasets, and
reduces performance on others. Thus, we stick to fine-tuning on the original PAN training data and
avoid both data augmentation techniques.

5. Results

We list results on the two evaluation sets provided by PAN in Table 4: the official validation set and the
eloquent submissions. Notably, the model performs significantly worse on the eloquent submissions,
which are specifically generated to fool classifiers of human-written and machine-generated text.

Table 4

PAN Official Evaluation Results
Submission ROC-AUC Brier (C@1 Fi Fy5, Mean
eloquent-20260523-test 0.918 0.681 0.625 0.751 0.880 0.771
pan26-generative-ai-detection-20260507-test 0.981 0.885 0.873 0.907 0961 0.921

6. Discussion

OOD Variation One of the surprising findings in our evaluation of model performance was the
stark difference in out-of-distribution performance on different datasets. In some cases, our model
performed near perfectly, while in others, the model suffered significant performance drops, some-
times falling below random chance. We will continue to explore why the model’s performance has
extremely high variance - one hypothesis is that training solely on the PAN data caused the model to
overfit on specific stylistic choices that seem to match in some datasets, but negatively correlate in others.

Model Size Notably, we performed our experiments using a relatively small model of only 1.5B
parameters. While this enabled greater efficiency of classification, we are unsure of the performance
costs this brings. Future work includes replicating our experiments using larger models, and measuring
changes in performance - whether they will be positive or negative, we are unsure.
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