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Abstract
We describe the Sinai submission to Subtask 1 of the PAN 2026 Voight-Kampff Generative AI Detection shared
task, a binary classification challenge covering three genres: fiction, news, and essays. As large language models
produce increasingly fluent text, detecting AI-generated content requires signals that go beyond surface fluency.
We approach this by combining mStyleDistance, a multilingual stylometric encoder that captures writing style
independently of content, with binary IDF features that recover the lexical distributional cues stylometric repre-
sentations deliberately suppress. The resulting classifier is trained end-to-end and further strengthened through
probability calibration and an abstention mechanism designed to optimize the official ranking metric directly.
On the official smoke-test evaluation, the system achieves a mean score of 0.968 with a ROC-AUC of 0.958.
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1. Introduction

The rapid proliferation of large languagemodels hasmade it increasingly difficult to distinguish human-
written text from AI-generated content. PAN 2026 frames this as a binary classification problem over
three genres: fiction, news, and essays [1]. Each genre presents its own challenge: fiction rewards
stylistic subtlety, news rewards lexical precision, and essays sit somewhere in between.
Most recent detection approaches rely either on neural classifiers built on top of large language

models or on handcrafted feature pipelines, often struggling to generalize across genres or unseen
generators. Rather than choosing between these extremes, we combine a multilingual stylometric
encoder fine-tuned end-to-end with a compact IDF projection that captures lexical distributional cues
complementary to the stylometric signal [2]. Post-training calibration and an abstention mechanism
further refine the probability outputs to maximize the official ranking metric, yielding robust detection
across the three genres of the shared task.

2. Related Work

Detecting AI-generated text has attracted growing attention as language models become more capable.
Zero-shot methods such as Binoculars exploit perplexity contrasts to detect machine-generated text
without labeled data, achieving strong results in single-model settings but degrading under model or
domain shift [3].
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Supervised approaches address this limitation by fine-tuning transformer models on labeled corpora.
TURINGBENCH [4] established a multi-model benchmark that revealed how detectors trained on one
generator often fail on another, motivating more robust feature choices. The PAN shared tasks on
generative AI authorship verification have provided a consistent evaluation framework across genres
and models since 2024 [5, 6], with a TF-IDF linear SVM serving as a surprisingly competitive baseline
(mean score 0.978 on the 2026 validation set). In this line, Espin-Riofrio et al. [2] explored classification-
based approaches combining text features for AI-generated text detection, providing direct precedent
for the hybrid architecture proposed here.
Stylometric methods offer a complementary perspective: rather than detecting statistical artifacts

of generation, they capture writing style at a deeper level. Qiu et al. [7] introduced mStyleDistance,
a multilingual encoder trained with contrastive learning to produce content-independent style repre-
sentations that generalize across domains and languages. We build on this encoder by concatenating
a sparse IDF projection that recovers the lexical signal that stylometric embeddings deliberately sup-
press. The resulting hybrid classifier is further extended with layer-wise learning rate decay, isotonic
calibration, and test-time augmentation to improve both discrimination and probability calibration
across genres.

3. System Description

3.1. Architecture

Our classifier, StyleAIClassifierIDF, processes each input through two parallel branches, as illus-
trated in Figure 1. The first encodes the text with mStyleDistance [7], an XLM-RoBERTa-based encoder
trained with contrastive learning to produce content-independent style embeddings of 768 dimensions,
fine-tuned end-to-end. The second transforms the same text with a static IDF vectorizer into a sparse
5000-dimensional binary vector, which then passes through a projection head (Linear(5000→256) →
LayerNorm → GELU → Dropout) that reduces it to 256 dimensions, preventing the lexical vector
from dominating the stylometric embedding during optimization. The concatenated representation
[768 + 256] feeds a two-layer classifier: Linear(1024, 384) → GELU→ Linear(384, 2).

Input
text

mStyleDistance
XLM-RoBERTa · E2E

768 Style
embedding

IDF vectorizer
5000-dim · static

5000 Projection
Linear→LN→GELU
→Dropout · 256

1024 Classifier
1024→384→2

P(AI)

∈[0,1]

Figure 1: Architecture of StyleAIClassifierIDF. The stylometric branch (left) is fine-tuned end-to-end; the
IDF branch (right) remains static. Both representations are concatenated before the final classifier.

3.2. IDF Configuration

The vectorizer is fitted once on the training set before any gradient updates and remains static through-
out training and inference. We use max_features=5000, ngram_range=(1,4), binary=True, and
min_df=2, implemented via scikit-learn’s TfidfVectorizer with sublinear_tf=False. With bi-
nary=True, term frequency is replaced by binary presence, so each feature reflects IDF-weighted term
occurrence rather than raw frequency. This configuration outperformed standard TF-IDF particularly
in the news genre.



3.3. Preprocessing

Each text undergoes minimal cleaning: URLs, user mentions, and hashtags are removed and repeated
whitespace is normalized. The pipeline does not lowercase or strip punctuation, deliberately preserving
the capitalization and punctuation patterns that carry stylistic information.

3.4. Training

We fine-tune with AdamW using layer-wise learning rate decay (LLRD, factor=0.85): the classification
head receives the base learning rate, each transformer layer receives a rate decayed by 0.85 per layer
from top to bottom, and the embedding layer receives the lowest rate. This prevents catastrophic for-
getting of the pre-trained stylometric representations. We use cross-entropy loss with label smoothing
0.1, Mixup regularization (alpha=0.2, probability=0.3) in the embedding space, and a cosine schedule
with 8% warmup. Training runs for up to 9 epochs with early stopping (patience 4) on validation
F1-macro. Mixed precision is disabled due to incompatibility between mStyleDistance and BFloat16
on the G4 GPU; gradient checkpointing is enabled to fit training within available memory. Table 1
summarizes the main hyperparameters.

Table 1
Training hyperparameters.

Hyperparameter Value

Learning rate (base) 6 × 10−6
LLRD factor 0.85
Effective batch size 64 (16 × 4 accum.)
Max sequence length 256
Epochs (max) 9
Early stopping patience 4
Label smoothing 0.1
Mixup 𝛼 0.2
Warmup ratio 0.08
Gradient clip 1.0
Weight decay 0.01
Dropout 0.20
Hidden dim 384

3.5. Class Imbalance and Data Augmentation

The dataset presents genre-level class imbalance: essays and news show AI-to-human ratios around
4:1, while fiction is approximately balanced. We address this with a genre-stratified WeightedRan-
domSampler that equalizes the contribution of each genre-label combination within each mini-batch.
Additionally, we augment only the human class in essays and news using three techniques: random
word deletion, sentence shuffling, and text truncation. News receives a higher augmentation ratio (0.25
vs. 0.15 for essays), reflecting its higher false-positive rate observed during development (14.3% vs. 7.6%
for essays).

3.6. Post-processing

Raw model probabilities are refined through three sequential steps. First, isotonic regression calibra-
tion is fitted via 5-fold out-of-fold cross-validation on the validation set to align confidence scores with
empirical accuracy, avoiding data leakage between the calibrator and the held-out evaluation split.
Second, test-time augmentation (TTA) generates three views of each input text via truncation at dif-
ferent ratios and averages their calibrated scores, reducing variance on borderline cases. Third, an
abstention mechanism maps scores in the interval [0.44, 0.56] to exactly 0.5, signaling uncertainty to



the evaluator; C@1 and F0.5𝑢 reward abstention over incorrect predictions, making this step directly
beneficial for the mean score. The final decision threshold is fixed at 0.50 post-calibration.
Two systems were submitted to TIRA: IDF only (run idf_concat), which uses the architecture de-

scribed above without any post-processing, and IDF + post-processing (run silver-cabinet), which
extends it with the calibration, TTA, and abstention pipeline described in Section 3.6.

3.7. Experimental Setup

All experiments use the training and validation splits provided by the task organizers through TIRA [8].
The smoke-test partition (pan26-generative-ai-detection-smoke-test-20260330-training) serves
as the primary benchmark reported here, since official test-set labels are not yet available at the time of
writing. The dataset covers three genres: fiction, news, and essays, with texts labeled as human-written
(0) or AI-generated (1) by a variety of large language models.

Models are trained on a single G4 GPU through Google Colab. Each test sample is processed in
isolation, with no information leakage between samples. The isotonic calibrator and IDF vectorizer
are fitted on the training and validation splits respectively, and remain static during inference.
The six official evaluation metrics are ROC-AUC, Brier score, C@1, F1-macro, F0.5𝑢 , and their arith-

metic mean, which is the primary ranking criterion. Submissions appear on the leaderboard under the
group name ce-ec1.

4. Results

Table 2 reports the official TIRA scores on the smoke-test partition for our two submitted systems. The
IDF + post-processing system achieves a mean score of 0.968, with particularly strong F0.5𝑢 (0.987) and
C@1 (0.971), reflecting the effectiveness of isotonic calibration and the abstention mechanism. The
IDF only system, which shares the same architecture but omits the post-processing pipeline, reaches
a mean score of 0.952, confirming that calibration and test-time augmentation contribute a consistent
gain of 0.016 points.

Table 2
Official TIRA scores on the smoke-test partition.

System ROC-AUC Brier C@1 F1 F0.5𝑢 Mean

IDF + post-processing (silver-cabinet) 0.958 0.959 0.971 0.968 0.987 0.968
IDF only (idf_concat) 0.990 0.955 0.941 0.938 0.938 0.952

The two systems present an interesting trade-off. IDF only achieves higher ROC-AUC (0.990 vs
0.958), indicating stronger raw discriminative power, while IDF + post-processing converts that signal
into better binary decisions through calibration and abstention, yielding higher C@1, F1, and F0.5𝑢 .
Since the mean score weights all five metrics equally, the post-processing gains outweigh the ROC-
AUC reduction.

Table 3 breaks down the contribution of each post-processing step on the validation set. Isotonic
calibration is the most impactful component, with its removal causing the largest drop in mean score
(0.976 → 0.968). Abstention and TTA contribute marginally in isolation but reinforce each other in
the full pipeline.
Table 4 confirms the central claim of this work: removing the IDF projection causes a mean score

drop of 0.120 points (0.976 → 0.856), demonstrating that lexical and stylometric features are strongly
complementary rather than redundant.
For reference, the organizers report a TF-IDF SVM baseline with a mean score of 0.978 on the official

validation set [9]; a direct comparison with our systems on the same partition will be possible once
test-set results are released.
1A name change request to SINAI has been submitted to the task organizers.



Table 3
Post-processing ablation on the validation set (2,871 samples).

Configuration ROC-AUC Brier C@1 F1 F0.5𝑢 Mean

Full system (calib + TTA + abstention) 0.979 0.974 0.972 0.977 0.975 0.976
Without abstention 0.979 0.974 0.972 0.977 0.975 0.975
Without TTA 0.972 0.976 0.975 0.981 0.974 0.976
Without isotonic calibration 0.977 0.967 0.964 0.973 0.959 0.968
Without post-processing 0.974 0.966 0.963 0.972 0.958 0.966

Table 4
IDF ablation on the validation set (2,871 samples). Post-processing applied to both systems.

System ROC-AUC Brier C@1 F1 F0.5𝑢 Mean

IDF + post-processing (full) 0.979 0.974 0.972 0.977 0.975 0.976
mStyleDistance only (no IDF) 0.879 0.868 0.859 0.832 0.841 0.856

5. Error Analysis

Out of 2,871 validation examples, the system produces 36 false positives (1.3%) and 49 false negatives
(1.7%), with no abstentions on this partition. Fiction concentrates most false negatives (40 of 49, 2.7%
of the genre), while news shows the highest false positive rate (20 of 36, 2.3%). Essays are the most
reliably classified genre, with only 5 false positives and 2 false negatives.
Among false negatives, Gemini 1.5 Pro and Llama 3.1 8B Instruct are the hardest generators to detect,

accounting for 14 (11.6%) and 13 (10.6%) of their respective validation examples. Gemini-generated
fiction approximates human stylistic variation closely enough to evade both the stylometric encoder
and the IDF features. Llama 3.1 8B errors are more surprising given its smaller scale, suggesting this
model produces outputs with atypically low lexical and stylistic divergence from human text. False
positive scores are consistently high (mean=0.964), indicating the model is overconfident on these
cases, while false negative scores cluster near zero (mean=0.238), suggesting the model assigns very
low AI probability to these texts rather than being uncertain about them.

6. Conclusion

We presented the Sinai submission to the PAN 2026 Voight-Kampff Generative AI Detection task, com-
bining a multilingual stylometric encoder with a binary IDF projection for generative AI text detection
across three genres. Ablation experiments confirm the central contribution: removing the IDF pro-
jection causes a mean score drop of 0.120 points (0.976 → 0.856), demonstrating that lexical and sty-
lometric features are strongly complementary rather than redundant. Beyond the architecture itself,
the post-processing pipeline of isotonic calibration, test-time augmentation, and abstention proved
essential to translate discriminative power into competitive ranking scores, with isotonic calibration
identified as the most impactful component.
Among generators, Gemini 1.5 Pro and Llama 3.1 8B Instruct remain the hardest to detect, with false

negative rates of 11.6% and 10.6% respectively, both concentrated in the fiction genre. Future work will
explore genre-specific calibration and ensemble approaches as potential paths toward closing this gap.
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