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Abstract

Existing research shows that Al-generated text detection classifiers achieve strong in-distribution (ID) performance
but do not maintain the same performance on out-of-distribution (OOD) texts, suggesting overfitting to dataset-
specific features. However, combining different training datasets doesn’t always improve performance and, in
some cases, can even encourage shortcut learning. To address this issue, we fine-tune BERT-tiny models with
Bayesian classification heads to select texts across three different datasets to use as a consolidated training set. We
trained three different classifiers: fine-tuned DeBERTa-V3-large and ModernBERT-large classifiers via empirical
X-risk minimization, and an MCGrad model that calibrates the predictions from the ModernBERT-large classifier.
The DeBERTa-V3-large-large classifier achieves a mean score of 0.882 on the PAN 2026 test set across five metrics:
AUROC, Fi1, C@1, Brier score, and Fp.5,,. ModernBERT-large achieves a score of 0.96 while MCGrad achieves
the best score of the three with a mean score of 0.974, ranking second on the leaderboard. Our results highlight
that careful dataset curation can lead to strong OOD performance.
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1. Introduction

The Voight-Kampff 2026 Task at PAN at CLEF 2026 focused on binary Al-generated (AIG) text detection:
identifying if a text came from a large language model (LLM) or a human [1, 2, 3, 4]. Despite many
classifiers achieving high performance when faced with texts that mirror their training distributions,
AIG text detectors struggle to generalize to out-of-distribution (OOD) texts [5]. We suspect that AIG text
detection datasets may contain spurious correlations — e.g., texts that contain unintentional artifacts
that coincidentally map to Al-generated content or human-written content. Empirically, for example,
we observe that for the RAID benchmark test set, a 4 million parameter (BERT-tiny) model achieved a
competitive AUROC (0.967) score against larger classifiers[6]. On another AIG text detection dataset,
the DACTYL test set, BERT-tiny achieves an AUROC score of 0.99 [5]. These results suggest that
AIG text detection datasets may contain superficial features that allow for smaller models to obtain
misleadingly high scores. A naive way to combat dataset-specific issues is to combine datasets. However,
this approach doesn’t always help machine-learning models and in some cases reinforces a model’s
dependency on these spurious correlations [7].

Previous work to address these issues include hard mining — retraining classifiers on texts they
struggled with — has yielded some success in improving robustness [8]. However, this technique
doesn’t necessarily distinguish between texts that are genuinely difficult or simply noisy texts (e.g., a
corrupted/hallucinated generation). This lack of distinguishability leads to another issue — classifier’s
scores (scaled from 0 to 1, where 0 means human-written and 1 means AIG) aren’t necessarily calibrated,
meaning the score itself may not be a reliable signal for evaluating a classifier’s confidence on an
example. Additionally, a single (even calibrated) score doesn’t indicate a model’s uncertainty on an
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input. Finally, a majority of BERT-based classifiers use empirical risk minimization (ERM): the training
loop optimizes cross-entropy loss or its variants, such as focal loss. Empirical risk minimization, while
successful in many classification tasks and domains, tends to encourage shortcut-learning, leading to
classifiers struggling to generalize to OOD texts [9].

To address these issues, we contribute the following parts of our system:

We construct DACTYLv2, an expansion of the original DACTYL dataset.

To better select texts for training, we train weak BERT-tiny models with a Bayesian neural
network (BNN) classifier head (we refer to this architecture as Bayesian BERT-tiny), which can
output different scores for a given text, allowing us to compute p (mean score) and o (standard
deviation). Using these features, we can filter out texts from different datasets to use for training.
These filtering steps allow us to blend different datasets together for one final training set.
Instead of traditional ERM, we use empirical X-risk minimization (EXM), specifically, two-way
partial AUROC optimization via the LibAUC library [10]. EXM has shown promising results in
generalizability, especially with larger models [5].

We produce three different classifiers: a ModernBERT-large and a DeBERTa-V3-large classifier
[11, 12]. For our third classifier, we use the weak Bayesian BERT-tiny classifiers’ uncertainties (o)
as features to calibrate ModernBERT-large via MCGrad [13].

2. Datasets Used

2.1. Training

2.1.1.

DACTYLv2

Building upon the work in [5], we construct the second version of DACTYL, which we denote as
DACTYLv2 — we refer to DACTYL-complete as DACTYLv1 and DACTYLv2 combined. We create all
AIG texts via one-shot prompting; we gave the LLM a human-written example to base its generation

from.

We included the following domains in DACTYLv2:

blogs [14]

web articles [15]

Medium articles [16]

movie scripts [17]

NBER economic paper abstracts [18]
Yelp reviews [19]

We use the following models to construct the dataset.

Claude Haiku 4.5 [20]
Claude Sonnet 4.6 [21]
GPT 5.4 [22]

GLM 5.1 [23]
MiniMax M2.5 [24]
Mercury M2 [25]

We used mirror prompting to create LLM prompts as used in [8] for the blogs, web articles, and
Medium articles. We provided the GPT 5.4 Nano model with the human article and asked it to generate
a possible prompt that could have inspired the article [26]. For movie scripts, given two randomly
selected movie scripts, we take a random excerpt of 4,096 characters from each script. We prompt the
LLM to rewrite the first random excerpt by mimicking the style of the second random excerpt. For
NBER abstracts, we have the LLM copy the style of a random abstract and generate a new abstract
given only the title of another randomly selected paper title. For Yelp reviews, we take a randomly



selected business, its industry, and one random review and ask the LLM to generate another review
using the selected review as a style reference. For Yelp reviews only, we also included texts generated
by Kimi-K2.5 [27]. After manual inspection of Kimi-K2.5’s generations, we observed that the specific
model struggled with style mimicking compared to other LLMs, so we did not use the model for other
domains. We report aggregated counts by generator (LLM or human) and domain in Table 1 after
deduplication.

For the open-source LLMs, we used the models provided by the TogetherAlI and FireworksAlI platforms
[28, 29].

Table 1
DACTYLv2 Text Counts by Domain/Model across all splits
Model NBER Yelp Web Blogs Medium  Scripts Total
Abstracts Articles (Movie) Texts
GLM 5.1 1,400 1,400 160 1,150 5,996 275 10,381
GPT 54 1,400 1,400 160 1,150 6,000 275 10,385
Sonnet 4.6 1,399 1,400 158 1,143 5,994 274 10,368
Haiku 4.5 1,400 1,400 160 1,150 6,000 275 10,385
Mercury 2 1,400 1,397 159 1,076 5,985 274 10,291
Kimi-K2.5 0 1,387 0 0 0 0 1,387
Qwen3.5-397B-A17B 1,400 1,337 160 1,150 5,986 275 10,308
MiniMax-M2.5 1,388 1,396 160 1,133 5,954 229 10,260
Human 30,600 90,078 21,123 97,727 156,362 2,200 398,090
Total 40,387 101,198 22,240 105,679 198,277 4,077 471,858

2.1.2. External Datasets

Since DACTYL-complete only includes one-shot generations, we included texts from other existing
datasets. Augmenting our training set also ensures that our final classifiers don’t overfit to DACTYL-
specific artifacts unintentionally. We selected LLMTrace (English only) [30], Personagen and Stack
Exchange [31, 32], MAGA-Bench (English only) [33], and DetectRL [34] as additional candidate training
datasets to complement DACTYL-complete. LLMTrace’s English split includes multiple prompt types,
such as updating a human-written text as well as mixed texts. Personagen includes a specific prompt
style — LLMs act as a specific human persona before generating their responses. MAGA-Bench includes
generations from different LLM “alignments” (e.g., role-playing, black-box prompt optimization, etc.).
DetectRL includes mixed LLM-generated texts where a single AIG text may have contributions from
different LLMs. Since Personagen only includes AIG texts, we complement it with a subset of Stack
Exchange posts. For each community (that wasn’t a meta community), we randomly sampled up to
10,000 posts before November 1, 2022.

2.2. Calibration

We perform an additional layer of calibration for one of our models (ModernBERT-large), given that the
scoring metrics for PAN CLEF 2026 include Brier score loss. We use the following datasets listed in
Table 2. For each dataset, we take a random sample of 2,000 texts, followed by deduplication, to avoid a
larger dataset from dominating our calibration set. Due to an imbalance of AIG texts over human texts,
we include samples from human-only datasets: CC-News and Stack Exchange. We did not perform
calibration on DeBERTa-V3-large since it already obtained strong performance on the calibration set.

2.3. Testing

We evaluate our models on numerous test sets to evaluate generalizability since an updated validation
set was not released this year, in contrast to previous years [37]. We use the following datasets listed in



Table 2
Calibration counts by dataset and generator.

Dataset Total Texts Al Texts Human Texts
DACTYLv1 (validation) 1,997 738 1,259
Personagen 2,000 2,000 0
AIGC Text Bank [35] 2,000 1,913 87
AuthorAware 2,000 2,000 0
OpenTuringBench [36] 1,995 1,995 0
DACTYLv2 (validation) 2,000 469 1,531
PAN-CLEF 2025 (training)[37] 2,000 1,252 748
CC News [38] 1,961 0 1,961
NY Times Al [39] 2,000 1,713 287
Stack Exchange 2,000 0 2,000
SAGE [40] 1,985 1,523 462
LLMTrace (English, validation) 2,000 1,210 790
Detect Al [41] 2,000 1,346 654
Total 25,938 16,159 9,779

Table 3. We included ID test sets (DACTYL-complete, MAGA-Bench, LLMTrace) as well as OOD test
sets.

Table 3

External test sets used.
Dataset Domain Count LLMs Used
BEEMO[42] 5 10
CoCONUTS[43] 6 7
DACTYL-complete (DACTYLv2 and DACTYLv1 [5]) 12 25
DetectRL 4 4
Dolly-Cosmopedia [44, 45] 21 1
LLMTrace (English) 9 19
MAGA-Bench (English) 10 12
OriginalityAl [46] Not specified 4
PAN 2025 Val [37] 3 22
Personagen + StackExchange 4 6
RealDet (English)[47] 15 22
UChicago [48] 6 4

3. Data Filtering

3.1. Bayesian BERT-Tiny Classifiers

To get an estimate on dataset generalizability, we train small classifiers on a sample of these datasets.
Each smaller classifier is a BERT-tiny model with a Bayesian variant of a linear layer as the classification
head [49, 50, 51]. The Bayesian head’s input dimensions are equivalent to the hidden size of the
BERT-tiny model, and the output dimension size is 1. Bayesian neural networks (BNNs) allow for the
estimation of o (standard deviation) of a prediction on a specific input. This uncertainty modeling
comes from how a BNN represents its internal weights — rather than having individual scalars, the BNN
replaces each scalar with a distribution [52]. During inference time, we sample a set of parameters to
use for a prediction. Upon doing n samples, we can compute the (u, ¢), or the mean score and standard
deviation.

Training a Bayesian BERT-tiny for classification is nearly identical to a standard BERT model’s



training, except it optimizes the ELBO (evidence lower bound) loss. We can define ELBO loss as

ELBO = L + %KL [q(w]0)||P(w)] (1)

where L is our loss function of choice, ¢(w|f) is our variational approximation to the posterior, and

P(w) is our prior. € are the parameters that characterize the distribution of weights w for our model.

The KL divergence term prevents the model’s weights from moving too far away from our prior. The

fraction (3/b is a scaling factor to avoid the KL term from dominating the ELBO loss. (3 is a positive
value (for our experiments, we set it to 1) and b is the mini-batch size during training.

For each of the five training sets, we train a Bayesian BERT-tiny classifier on a random sample of
the training set. We use the two-way partial AUROC loss function as L (the DRO-KL variant also
used in [5]), a batch size of 64, a learning rate of 1 x 1074, and a weight decay of 0.01. We train each
classifier for one epoch. Since the two-way partial AUROC loss needs at least one positive sample per
mini-batch, we set the proportion of positive samples equal to 0.5 for each mini-batch. Due to each of
the five datasets possessing different distributions, we manually tuned the hyperparameters so that the
classifier’s uncertainty increased on OOD texts. We observed that the random sample size (defined as
fraction f) and the initial posterior (p, which can be transformed into the standard deviation of weights
via o = log (1 + exp p)) influenced the model’s uncertainty significantly. For each Bayesian BERT-tiny
model, we assign some of the classification head hyperparameters to fixed values, according to the
BLiTZ documentation [51]:

« prior o1 = 0.1

e prior o9 = 1.5
 prior m = 0.5

« initial posterior = 0

Table 4

Bayesian BERT-tiny training configurations.
Dataset Initial Posterior p  f  Training Sample Count
DACTYL-complete -3 1/5 167,099
DetectRL -3 1 205,914
MAGA-Bench -3 1/5 71,903
Personagen+SE -3 1/80 25,565
LLMTrace -2 1 173,511

We report initial AUROC scores by classifier and test set to evaluate discrimination ability between
Al and human texts in Table 5.

Table 5

AUROC scores by Bayesian BERT-tiny classifier.
Train Dataset DACTYL-complete DetectRL LLMTrace MAGA-Bench Personagen+SE
DACTYL-complete 0.9419 0.7725 0.8692 0.9429 0.9819
DetectRL 0.7014 0.9839 0.7324 0.6438 0.9702
LLMTrace 0.8361 0.8553 0.9633 0.9541 0.9757
MAGA-Bench 0.8205 0.7881 0.8761 0.9906 0.9978
Personagen+SE 0.6943 0.7597 0.8302 0.8745 0.9999

3.2. Filtering Process

We observe in Table 5 that DACTYL-complete, LLMTrace, and MAGA-Bench are among the best in
cross-dataset generalizability. We focus on those datasets and use our classifiers to either “keep” or



“reject” (or “abstain” from a decision) texts to use for our final training set. There are four “quadrants”
of classification outcomes for our Bayesian BERT-tiny models:

- correct but uncertain

. correct and certain

« incorrect but uncertain
« incorrect and certain

The first three outcomes are acceptable for a model to train on — a correct classification indicates
that a classifier has the capacity to learn that sample, regardless of the certainty. An incorrect but
uncertain classification for a sample suggests a difficult case — the classifier is aware that its prediction
is possibly wrong. We discard samples in the fourth and final case, incorrect and certain. The intuition
comes from dataset cartography: Swayamdipta et al. [53] demonstrated that some samples exist in
the “hard-to-learn” space, which are samples that the model assigns low probability scores to the true
class consistently — these “hard-to-learn” samples map roughly to the “incorrect and certain” quadrant.
While this space can include mislabeled data points, it also includes samples that may be genuine
outliers. Given that the two-way partial AUROC loss function focuses on the harder positive (AI) and
negative (human) samples, this makes the loss function more sensitive to texts that have high loss and
increases the probability of overfitting to outliers [54, 10, 55].

We define the voting process for an individual classifier as follows. For a given text ¢, we compute
the standard deviation (o) and mean score (1, number of runs = 5 to minimize inference time) for
the Bayesian BERT-tiny classifier C'p, where D is the training dataset. We refer to the distribution of
standard deviations on the test set for D for classifier Cp as Sp. For example, with DACTYL-complete,
we compute SpacTYL-complete Py computing the individual o values using the Bayesian BERT-tiny
classifier trained on DACTYL-complete’s subset — since we want a stable distribution, we do 30 runs for
each text in the test set. We can compute the percentile of o, relative to Sp as P;. A higher P, indicates
a larger value of oy, which implies the model is more uncertain — conversely, a lower P; signals high
confidence. We convert p; to label ¢ (1 or Al-generated if p; > 0.5 else 0) to compare to the true label .
Using this information, we can then see how C'p votes on ¢, as described in Table 6.

Table 6

Criteria for voting on text ¢ using classifier Cp.
Criteria Decision
()P, <bor P, >95 Abstain
2)5< P, <95and P, <50andy #vy Rejectt
(3) Criteria (1) and (2) are not met Keep t

Criterion 1 is a case where the classifier’s uncertainty signal appears to be struggling — extremely
high confidence (o} is less than the 5th percentile) or extreme uncertainty (o; is greater than the 95th
percentile). A classifier abstaining from a text with significantly high uncertainty is reasonable; it hasn’t
seen this text before to make a reliable vote. However, exceptional overconfidence implies that the
classifier’s output may be miscalibrated.

Criterion 2 is the “incorrect and certain” sample — this is a sample where the classifier is relatively
confident (P, is less than the 50th percentile) but makes an incorrect prediction. Criterion 3 is the “keep”
vote and occurs when the first two criteria aren’t met.

We use the ensemble of classifiers’ votes to decide whether or not to keep ¢. ¢ is ultimately kept if at
least three of the five classifiers vote to keep and no more than one classifier rejects t. For example, if
three classifiers vote to keep ¢, but the remaining two classifiers reject it, then we discard ¢. However, if
three classifiers vote to keep ¢, and one of the remaining classifiers abstains while the other rejects, we
choose to keep ¢ for the final training set. This rejection mechanism helps to minimize the chances of
an unusual outlier text making it to the training set.

We report final dataset sizes in Table 7. The “Rejected” column refers to instances where a text
received three “keep” votes and two “reject” votes.



Table 7
Filtering results per dataset. A denotes the change (percentage points) in the proportion of AIG texts after
filtering. The rejected column denotes the number of texts that received three keep votes and two reject votes.

Train Dataset Initial N Kept N % Kept Rejected AIG text% (A)
DACTYL-complete 826,891 727,235 87.9 1,802 17.0% — 15.4%(—1.6)
LLMTrace 173,511 146,908 84.7 734 60.8% — 57.5%(—3.3)
MAGA-Bench 359,518 297,994 82.9 1,387  83.4% — 81.7%(—1.7)

4. Model Training

4.1. Pre-trained Model Fine-tuning

We train a (non-Bayesian) DeBERTa-V3-large and ModernBERT-large model on our filtered superset,
which consists of all kept texts from the three datasets. We optimize the two-way partial AUROC loss
function directly (we don’t use ELBO as our objective, as the classification head is not a BNN). We use a
learning rate of 1 x 107°, a batch size of 16, a sampling rate of 0.5, and one epoch for both models.

4.2. Multicalibration with MCGrad

For ModernBERT-large, we also perform post-hoc multicalibration with MCGrad using our calibration
set [13]. Our MCGrad model takes in four inputs — the transformed score s from the ModernBERT-large
model and the individual uncertainties (o, 5 runs) for three Bayesian BERT-tiny classifiers (DACTYL,
LLMTrace, MAGA-Bench).

We compute s via temperature scaling by transforming the raw probability score s, into a logit from
ModernBERT-large given temperature 7" in Equation 2.

clip(s;, 107, 1 —1079)
1 —clip(s;, 1076, 1 — 1076)

1
1+ exp(%t(‘%))

logit(s,) = log ()

(3)

S =

We determine 7" (which we found 7" = 2.14555) by minimizing the log loss between the logits values
and the target y values using SciPy’s minimize_scalar function on the calibration set [56].

We note that MCGrad’s algorithm allows for correction, meaning that individual predictions might
change significantly.

5. Evaluation & Analysis

For testing on external datasets, we use the same approach described by the workshop organizers [1].
We use the following five metrics and the mean of all five metrics (which we denote as the overall
score):

« AUROC score

« micro-F} score: the harmonic mean between precision and recall

« Brier Score: 1 minus the mean squared error between the predicted probability and true label

« C@1: modified accuracy that ignores cases where predicted probability = 0.5

« Fy54: modified Fy 5 where abstained cases (predicted probability = 0.5) are considered as false
negatives



Table 8
ModernBERT-large test set results.

dataset AUROC Fi C@1 Brier Score  Fy5, Overall
BEEMO 0.8560 0.9329 0.8806 0.9032 0.9322 0.9010
CoCONUTS 0.9792 09703 0.9473 0.9602 0.9721 0.9658
DACTYL—Complete 0.9903 0.9603 0.9747 0.9793 0.9761 0.9761
DetectRL 0.9370 0.8910 0.8852 0.9054 0.8992 0.9036
Dolly-Cosmopedia 0.9958 0.9161 0.8953 0.9202 0.8726 0.9200
LLMTrace 0.9909 0.9730 0.9675 0.9735 0.9797 0.9769
MAGA-Bench 0.9992 0.9967 0.9945 0.9955 0.9964 0.9965
OriginaﬁtyAl 0.9322 0.7465 0.7820 0.8371 0.8273 0.8250
PAN 2025-Validation 0.9984 0.9159 0.8819 09174 0.8727 09172
Personagen+SE 1.0000 0.9825 0.9799 0.9822 0.9723 0.9834
RealDet 0.9540 0.9158 0.9178 0.9314 0.9284 0.9295
UChicago 0.9784 0.9365 0.9181 0.9365 0.9653 0.9470
PAN 2025 Test 0.984 0.925 0.89 0.921 0.899 0.924
PAN 2026 Test 0.994 0.962 0.941 0.958 0.946 0.96
PAN 2026 ELOQUENT Test 0.927 0.929 0.873 0.91 0.961 0.92
Table 9
ModernBERT-large with MCGrad post-hoc calibration test set results.
dataset AUROC Fi C@1 Brier Score  Fy5, Overall
BEEMO 0.8619 0.9337 0.8826 0.9112 0.9350 0.9049
CoCONUTS 0.9797 0.9667 0.9420 0.9593 0.9785 0.9652
DACTYL-complete 0.9893 0.9509 0.9688 0.9757 0.9685 0.9707
DetectRL 0.9384 0.8869 0.8830 0.9085 0.9054 0.9044
Dolly-Cosmopedia 0.9931 0.9053 0.8804 0.9110 0.8573 0.9094
LLMTrace 0.9906 0.9723 0.9666 0.9722 0.9771 0.9758
MAGA-Bench 0.9988 0.9955 0.9925 0.9938 0.9949 0.9951
OriginalityAl 0.9303 0.7422 0.7860 0.8424  0.8462 0.8294
PAN 2025-Validation 0.9986 0.9559 0.9407 0.9551 0.9325 0.9566
Personagen+SE 1.0000 0.9909 0.9897 0.9887 0.9856 0.9910
RealDet 0.9586 0.9120 0.9152 0.9353 0.9327 0.9308
UChicago 0.9781 0.9332 0.9140 0.9394 0.9629 0.9455
PAN 2025 Test 0.984 0.95 0.928 0.946 0.939 0.949
PAN 2026 Test 0.993 0.975 0.962 0.97 0.969 0.974
PAN 2026 ELOQUENT Test 0.943 0.911 0.844 0.899 0.959 0.911

Both uncalibrated models (ModernBERT-large and DeBERTa-V3-large) have relatively high AUROC
scores, even across OOD test sets — for example, we excluded DetectRL during training, but both models
achieved an AUROC score of at least 0.93, highlighting some discrimination capacity. ModernBERT-
large has an advantage in the overall score; on the PAN test sets, it achieves an overall score of at
least 0.92. However, DeBERTa-V3-large shows more robustness in terms of AUROC score — on the
ELOQUENT test set, it achieves an AUROC score of 0.982 in contrast with ModernBERT-large’s 0.927.
Our results indicate that a high discrimination capacity can hide miscalibrated scores — a model that
achieves high AUROC is not guaranteed to have outputs that are calibrated. This discrepancy highlights
the primary advantage of evaluating across multiple metrics.

ModernBERT-large with MCGrad yields improvements in the overall score in the PAN 2025 and 2026
test sets compared to the base model. However, it fails to give an improvement on the ELOQUENT test
set, suggesting that the multicalibration approach is sensitive to distribution shifts. We confirm this
on the 12 external test sets: we see that using the MCGrad and Bayesian BERT-tiny models shows an
increase in the overall score for six of the test sets. The increase in score for the PAN test sets (excluding



Table 10

DeBERTa-V3-large test set results.

dataset AUROC Fi C@1 Brier Score  Fy5, Overall
BEEMO 0.8780 0.9302 0.8785 0.9041 0.9418 0.9065
CoCONUTS 0.9819 09518 0.9180 0.9296 0.9785 0.9519
DACTYL—Complete 0.9846 0.9524 0.9698 0.9747 0.9702 0.9703
DetectRL 0.9465 0.8759 0.8756 0.8940 0.9124 0.9009
Dolly-Cosmopedia 0.9952 0.9274 0.9107 0.9386 0.8905 0.9325
LLMTrace 0.9903 0.9738 0.9686 0.9739 0.9842 0.9782
MAGA-Bench 0.9992 0.9966 0.9944 0.9956 0.9974 0.9967
OriginalityAl 0.9213 0.6551 0.7425 0.7741  0.8227 0.7831
PAN 2025-Validation 0.9985 0.9917 0.9894 0.9919 0.9951 0.9933
Personagen+SE 1.0000 0.9973 0.9970 0.9976 0.9958 0.9975
RealDet 0.9810 0.9389 0.9418 0.9518 0.9670 0.9561
UChicago 0.9817 0.8989 0.8756 0.8981 0.9563 0.9221
PAN 2025 Test 0.987 0.975 0.965 0.969 0.987 0.977
PAN 2026 Test 0.989 0.843 0.797 0.852 0.93 0.882
PAN 2026 ELOQUENT Test 0.982 0.865 0.774 0.822 0.941 0.877

Table 11

Final leaderboard results for the PAN 2026 test set for teams that achieved higher overall scores compared to the
zero-knowledge baseline.

Rank Team AUROC F,  C@1 Brier Score Fy5, Overall
1 suspiciously-coherent 0.989 0.976 0.965 0.965 0.980 0.975
2 DACTYL (ModernBERT-large + MCGrad) 0.993 0.975 0.962 0.970  0.969 0.974
- Baseline mdok (PAN 2025 Winner) 0.995 0.963 0.946 0.951 0.984 0.968
3 plagiarism-detector-com-reg2 0996 0.899 0.935 0.941  0.957 0.946
4 dsgt-pan-26 0.981 0.907 0.873 0.885  0.961 0.921
5 ydong 0.930 0.928 0.886 0.915 0.896 0.911
6 turingteam 0.957 0.851 0.846 0.882 0.925 0.892
7 writerslogic-inc 0.891 0.902 0.853 0.891  0.899 0.887
8 a-a-detection 0.852 0.885 0.826 0.848  0.880 0.858
- Baseline PPMd 0.783 0.865 0.783 0.810  0.828 0.814
9 ak-ys 0911 0.774 0.723 0.754  0.891 0.811
10 ikr3 0.814 0.856 0.749 0.779  0.788 0.797
11 radar 0.772  0.800 0.722 0.805 0.839 0.788
12 sinai 0.624 0.856 0.748 0.771  0.788 0.757
13 egrantha-ai 0.500 0.856 0.749 0.749 0.788 0.728
- Baseline Zero-knowledge 0.500 0.856 0.749 0.749  0.788 0.728

ELOQUENT) might indicate that those test sets represent a distribution shift that our MCGrad model

covers.

In comparison to other classifiers, our ModernBERT-large and MCGrad classifier ranks second in
overall score and is one of two models to beat the PAN 2025 winning system. The MCGrad system

ranks second in AUROC, Fy, C@1, F{ 54, and first in Brier score among competing teams.

6. Conclusion

Our work applies Bayesian neural networks (as a classification head) to help select candidate texts
to use for downstream training. Additionally, these same classifiers can help improve calibration



of larger, non-Bayesian models via their uncertainties (standard deviations). We also point out that
both ModernBERT-large and DeBERTa-V3-large have strong generalization capacities given their high
AUROC scores across OOD test sets. Using the Bayesian BERT-tiny models’ uncertainties as inputs
for an MCGrad model demonstrates mixed results on external test sets but an increase in the overall
score on the PAN test sets. Note that our Bayesian BERT-tiny hyperparameters for the BNN layer were
manually tuned — we suspect that hyperparameter optimization via some proxy uncertainty metric
could lead to better uncertainty estimates, which could improve the MCGrad model.

Future work might explore applying this Bayesian data filtering technique and EXM on other text
classification tasks, such as prompt safety detection.

Resources Used

Training Bayesian BERT-tiny models and inference for the classifiers was done on a NVIDIA GB10. We
used Lambda’s GH200 instances for training ModernBERT-large and DeBERTa-V3-large [57].

Declaration on Generative Al

The author has used Grammarly to perform grammar checking in preparing this paper.
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