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Abstract
Detecting AI-generated text is becoming increasingly difficult because modern large language models are explicitly
instructed to mimic human style and because benchmarks can contain length shortcuts that inflate validation
performance. This paper presents RoBERTa-LC, a supervised RoBERTa-base system for the Voight-Kampff
task at PAN @ CLEF 2026. The system combines architectural length control, random-crop augmentation, and
class-balanced cross-entropy to reduce length confounding and prevent majority-class collapse. The study also
reports negative results: Persistent Homology Dimension and Fast-DetectGPT, two zero-shot approaches that
performed well in earlier benchmarks, do not provide robust signal on modern generators such as gpt-4o, o3-mini,
and gpt-4.5-preview. RoBERTa-LC obtains 0.9854 mean on internal validation and 0.966 mean on the official TIRA
smoke-test. Ablations show that removing length control improves validation by 0.0041 mean, confirming that
part of the uncontrolled model’s performance comes from exploiting length rather than style.
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1. Introduction

The Voight-Kampff task at PAN @ CLEF 2026 is a binary classification problem: given a text, a system
must output a score in [0, 1] estimating the probability that the text was generated by a language model.
This formulation is simple, but the task has two practical adversarial properties. First, the generators
were instructed to mimic specific human styles, reducing obvious lexical signatures such as repetitive
connectives, template-like paragraph structures, and stock phrases. Second, the organizers state that the
test set contains surprises: generators unseen during training and unknown obfuscations. A system that
memorizes signatures of the known generators can therefore degrade substantially out of distribution
[1].

A central difficulty is the length confound. In the PAN training data, human-written texts tend to be
long, often exceeding the standard 512-token limit of transformer encoders, whereas AI-generated texts
have more variable lengths. A naive supervised classifier can learn the shortcut “maximally truncated
text implies human” and achieve high validation scores without learning robust stylistic evidence. This
shortcut is risky because a test-time obfuscation can change length without changing authorship.

The working hypothesis is that a simple supervised system can remain competitive if it explicitly
addresses three risks: length confounding, class imbalance, and silent failure modes during transformer
fine-tuning. RoBERTa-LC implements a RoBERTa-base classifier [2] with architectural length control,
class-weighted loss, and preflight checks before training (lightweight sanity tests on model outputs
and gradients, described in Section 4.3, designed to catch silent training failures before committing
compute). The system uses no ensembles, no heuristic post-processing rules, and no statistics computed
from the test batch.
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The contributions are: (1) a tokenization scheme that physically prevents the model from observing
length during training; (2) an ablation study showing that validation performance without length
control is optimistic; (3) negative results for Persistent Homology Dimension (PHD) [3], a topological
estimator of the intrinsic dimension of a text’s contextual embedding cloud, and Fast-DetectGPT [4];
and (4) a reproducible implementation compatible with TIRA.

2. Related Work

Zero-shot detection of machine-generated text has proposed both probabilistic and geometric signals.
DetectGPT argues that generated text lies in negative-curvature regions of a language model’s log-
probability landscape [5]. Fast-DetectGPT accelerates this idea with a closed-form estimate of conditional
probability curvature [4]. Binoculars separates human and LLM text by comparing perplexities from
an observer model and a performer model [6]. PHD estimates the intrinsic dimension of contextual
embedding point clouds and assumes that human text has higher dimension than generated text [3].

Supervised transformer classifiers remain strong for sequence classification. BERT [7], RoBERTa [2],
and DeBERTaV3 [8] provide robust text encoders, and continued pretraining can adapt encoders to
domain and task distributions [9]. In this setting, however, the critical choice is not simply architectural
capacity. The main challenge is preventing the model from using spurious differences in length,
encoding, or formatting; related AI-versus-human studies also emphasize stratified analysis across
properties such as length and domain [10].

Calibration is also relevant because the official metric combines ranking quality, binary decisions, and
probabilistic quality. Guo et al. show that modern neural networks are often over-confident and that
temperature scaling can correct softmax probabilities without changing ranking [11]. This calibration
is implemented, but it is not deployed in the final run to avoid overfitting a single validation split.

3. Task and Metric

Given a text 𝑥, the system outputs a score 𝑠(𝑥) ∈ [0, 1]. Scores below 0.5 indicate human authorship,
scores above 0.5 indicate AI generation, and exactly 0.5 indicates abstention. The official evaluation
averages five metrics: ROC-AUC, Brier complement, C@1, F1, and F0.5u. The final metric is

mean =
1

5
(AUC + Brier + C@1 + F1 + F0.5u). (1)

C@1 follows Peñas and Rodrigo [12]:
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where𝑛 is the number of examples, 𝑛𝑐 the number of correct decisions, and𝑛𝑢 the number of abstentions.
TIRA, the shared-task evaluation platform used by PAN, imposes three operational restrictions: no

network access during inference, independent processing of each test case, and a command-line interface
that writes JSONL predictions. These constraints favor a self-contained model with no batch-dependent
normalization and no external calls. The shared-task context is described in the current PAN overview
and the PAN notebook materials, and submissions are executed through TIRA [1, 13, 14, 15, 16].

4. System

Figure 1 summarizes RoBERTa-LC. The system has three blocks: representation with length control,
supervised training, and TIRA-compatible inference. Inference reads JSONL, tokenizes each record
independently, performs batched forward passes for throughput, and writes one 𝑃 (AI) score per
identifier—the model’s predicted probability, in [0, 1], that the corresponding text was generated by an
AI system.



Figure 1: RoBERTa-LC architecture. The pipeline separates data reading, length-controlled tokenization,
supervised training, optional calibration, and self-contained TIRA inference.

4.1. Encoder

The encoder is FacebookAI/roberta-base: 12 layers, 12 attention heads, and 768-dimensional
hidden states. An initial evaluation considered DeBERTaV3-base, but identified a practical failure mode
associated with LayerNorm parameter names in some checkpoints: gamma/beta versus weight/bias.
The model could load without an error and converge toward degenerate predictions. Although a robust
loader that inspects and remaps LayerNorm parameters was implemented, RoBERTa-base was selected
for simplicity and auditability.

4.2. Architectural Length Control

The configuration sets max_tokens=256 and content_budget=254, reserving two positions for
special tokens. During training, each text is tokenized without truncation and without special tokens.
If the sequence contains fewer than 254 subwords, it is removed from the effective dataset. If it contains
at least 254 subwords, a random window of exactly 254 tokens is sampled and [CLS] + window +
[SEP] is built. The attention_mask is 1 in all 256 positions.

This design guarantees that every training example has identical sequence length and a fully active
attention mask. Therefore, the length channel cannot carry discriminative signal. During evaluation
and inference, texts are not discarded: they are deterministically truncated to the first 254 tokens
and right-padded if needed. The 256-token budget reduces the quadratic cost of self-attention while
preserving enough stylistic signal for the task.

4.3. Weighted Loss and Preflight Checks

The training data are imbalanced: 9,101 human texts and 14,606 AI texts. To avoid the trivial minimum
of always predicting AI, weighted cross-entropy is used with

𝑤𝑐 =
𝑁

𝑛classes𝑁𝑐
. (3)



Table 1
Dataset summary.

Split Total Human AI % AI

Train 23,707 9,101 14,606 62
Validation 3,589 1,277 2,312 64

where 𝑁 is the total number of training examples after the length filter, 𝑛classes = 2 is the number of
classes, and 𝑁𝑐 is the number of examples belonging to class 𝑐. After applying the length filter, the
approximate weights are 𝑤human = 1.302 and 𝑤AI = 0.812.

Before training, the system runs a preflight check. First, a small batch must produce finite logits with
variance greater than 10−4. Second, a cross-entropy backward pass must produce an initial loss near
log 2 and a gradient norm greater than 10−6 in the classification head. If any condition fails, training
aborts.

4.4. Optimization and Calibration

Training uses AdamW [17], learning rate 2× 10−5, weight decay 0.01, gradient clipping at norm 1.0,
10% linear warmup, batch size 16, and bfloat16 mixed precision. Training runs for three epochs with
early stopping on PAN mean. The implementation uses PyTorch [18] and Transformers [19]; random
seeds are fixed to 42.

Temperature scaling and an abstention band 𝛿 ∈ [0, 0.20] are implemented as post-hoc calibration.
On validation, the temperature scaling parameter 𝑇 = 1.86 and the abstention-band parameter 𝛿 = 0.01
yield a marginal 0.001 mean gain. These parameters are not included in the final TIRA run because of
the risk of validation overfitting.

4.5. Data and Experimental Setup

The experiments use the official labeled training and internal validation splits. The test set is evaluated
only through TIRA. Table 1 summarizes the available data.

The dataset contains 22 generators across three genres: essays, news, and fiction. Families include
OpenAI, Google, Meta, Mistral, and open-weight models such as Falcon, DeepSeek, and Qwen. Two
variants contain paraphrase-based obfuscation. The splits are disjoint by identifier and stratified by
generator.

Preprocessing is deliberately minimal: UTF-8 text is passed directly to the RoBERTa BPE tokenizer.
The pipeline does not lowercase, normalize, or clean punctuation because these elements can carry
stylistic signal.

5. Results

5.1. Overall Effectiveness

Table 2 reports results on internal validation and the official TIRA smoke-test. RoBERTa-LC obtains
0.9854 mean on validation and 0.966 on the smoke test set.

On validation, the confusion matrix is TN = 1223, FP = 54, FN = 16, TP = 2296. The false-
positive rate on human texts is 4.2%, while the false-negative rate on AI texts is 0.7%. The validation-to-
smoke-test drop is 0.019 mean: AUC drops only 0.008, but F1 drops 0.052, indicating recall loss on some
AI texts from the new distribution.



Table 2
Overall effectiveness. Baselines are taken from the task documentation and are evaluated on the
validation split; the RoBERTa-LC TIRA smoke-test row reports the official smoke-test result.

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

PPMd baseline [20] 0.786 0.799 0.757 0.812 0.778 0.786
Binoculars baseline 0.918 0.867 0.844 0.872 0.882 0.877
TF-IDF + SVM baseline 0.996 0.951 0.984 0.980 0.981 0.978
RoBERTa-LC validation 0.9982 0.9830 0.9805 0.9850 0.9802 0.9854
RoBERTa-LC TIRA smoke-test 0.990 0.965 0.969 0.933 0.972 0.966

Table 3
Impact of length control on internal validation.

Metric Controlled Uncontrolled Δ

ROC-AUC 0.9982 0.9985 +0.0003
Brier 0.9830 0.9854 +0.0024
C@1 0.9805 0.9861 +0.0056
F1 0.9850 0.9892 +0.0042
F0.5u 0.9802 0.9846 +0.0044
Mean 0.9854 0.9895 +0.0041

5.2. Ablations

Table 3 shows that removing length control increases validation mean from 0.9854 to 0.9895. This
increase does not imply a more robust model: a permutation-importance analysis on the uncontrolled
model shows that text_len_words contributes 26 times more signal than the best content feature.

5.3. Leave-One-Model-Out and Breakdowns

In two leave-one-model-out experiments, all examples from one generator were removed during
training and that generator’s validation examples were evaluated. For o3-mini, recall was 132/132; for
gpt-4-turbo-paraphrase, recall was 59/59. This perfection must be interpreted cautiously: it can
reflect real transfer across generators, but also persistent dataset confounds.

The main validation failure mode is gemini-1.5-pro: 10 of the 16 false negatives come from this
generator. By genre, mean is 0.990 on essays, 0.989 on fiction, and 0.978 on news. By length, mean
decreases from 0.990 in the shortest quartile to 0.977 in the longest, consistent with 256-token truncation
discarding much of the content in long texts.

6. Negative Results

PHD was tested as a standalone detector. The original hypothesis predicts lower intrinsic dimension for
generated text; in these experiments this relationship is inverted for modern generators such as gpt-4o,
gpt-4-turbo, o3-mini, and gpt-4.5-preview. It holds only for older models. A plausible explanation is
that modern post-training, including optimization against repetition, increases the geometric diversity
of LLM outputs.

Fast-DetectGPT was also not orthogonal to RoBERTa-LC. Using gpt-neo-1.3B as scorer performed
worse than gpt2 on frontier generators. In a weighted ensemble with RoBERTa-LC, Fast-DetectGPT
corrected few unique errors and introduced many errors that RoBERTa did not make. This behavior is
interpreted as saturation: modern LLMs produce text close to high-likelihood regions for strong scorers,
reducing discriminative conditional curvature.



7. Limitations and Future Work

The main limitation is separating genuine stylistic signal from dataset-specific confounds. Length
control addresses one confound, but differences in encoding, normalization, or whitespace may remain.
In addition, LOO evaluation covers only two of 22 generators, active attacks are not tested, calibration
is not deployed, and the system uses a single model with 256-token truncation.

Future work should prioritize paraphrase augmentation for OOD robustness, sliding-window infer-
ence for long texts, cross-validated calibration, cross-dataset evaluation of the negative results, and
ensembles with genuinely orthogonal signals such as classical stylometry or syntactic features.

8. Conclusion

RoBERTa-LC shows that a simple supervised classifier can be competitive in Voight-Kampff when
designed against dataset shortcuts. The system obtains 0.9854 mean on internal validation and 0.966
on the smoke test set. The ablation confirms that removing length control improves validation, but by
exploiting a confound. The negative results for PHD and Fast-DetectGPT suggest that some zero-shot
detectors require reevaluation under modern LLMs. The main remaining error is detecting generators
that produce especially human-like text, such as gemini-1.5-pro; therefore, the most promising direction
is not only increasing capacity, but auditing and mitigating benchmark confounds.

Declaration on Generative AI

During the preparation of this work, the author used generative AI tools for language editing, translation
assistance, and LaTeX drafting. The author reviewed and edited the content and takes full responsibility
for the publication’s content.
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