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Abstract

As large language models (LLMs) become ubiquitous, reliably distinguishing their out-
puts from human writing is critical for academic integrity, content moderation, and pre-
venting model collapse from synthetic training data. This thesis examines the generaliz-
ability of LLM-text detectors across evolving model families and domains. We compiled
a comprehensive evaluation dataset from commonly-used human corpora and generated
corresponding samples using recent OpenAI and Anthropic models spanning multiple gen-
erations. Comparing the state-of-the-art zero-shot detector (Binoculars) against super-
vised RoBERTa/DeBERTa classifiers, we arrive at four main findings. First, zero-shot
detection fails on newer models. Second, supervised detectors maintain high TPR in-
distribution but exhibit asymmetric cross-generation transfer. Third, commonly reported
metrics such as AUROC can obscure poor performance at deployment-relevant thresholds:
detectors achieving high AUROC yield near-zero TPR at low FPR, and existing low-FPR
evaluations often lack statistical reliability due to small sample sizes. Fourth, through
tail-focused training and calibration, we reduce FPR by up to 4× (from ∼1% to ∼0.25%)
while maintaining 90% TPR. Our results suggest that robust detection requires continually
recalibrated, model-aware pipelines rather than static universal detectors.
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Chapter 1

Introduction

Large Language Models (LLMs) are AI systems capable of generating high-quality text and
performing a wide range of linguistic tasks, including summarization, question answering,
information retrieval, and code generation, at scale. The deployment of these systems has
accelerated rapidly in recent years, particularly following the public release of ChatGPT
in late 2022 [1]. As of October 2025, OpenAI CEO Sam Altman reported that ChatGPT
had reached 800 million weekly active users [2][3]. The Stanford 2025 Artificial Intelligence
Index Report indicates that 78% of organizations used AI in 2024 [4], while a survey by
the UK’s Higher Education Policy Institute found that 92% of students use AI tools in
their studies [5].

As LLMs become increasingly integrated into daily workflows, from document drafting
and email composition to software development, their outputs have grown harder to distin-
guish from human writing. This challenge is compounded by evidence that humans perform
poorly at identifying AI-generated text. For instance, one study found that participants
correctly identified AI-written excerpts from German theses only 57% of the time, barely
above chance [6]. Even automated detection remains difficult: OpenAI’s now-discontinued
classifier achieved a true positive rate of only 26% in some cases, while misclassifying 9% of
human-written text as AI-generated, with particularly poor performance on texts shorter
than 1,000 characters [7]. Despite these difficulties, theoretical work suggests that reliable
detection is possible in principle as long as the distributions of human-written and AI-
generated text are not identical [8]. This result motivates the search for practical detection
methods that are robust to evolving models and usage patterns.

The ability to reliably distinguish between human-written and AI-generated text is
crucial for several reasons. First, it safeguards integrity across multiple domains. Academic
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integrity is threatened when students submit AI-generated work as their own [9][10][11].
Information integrity is undermined by automated campaigns that leverage AI to spread
political propaganda and health misinformation, or manipulate markets at scale [12][13]
[14][15][16]. Even scientific integrity is at risk, with cases of researchers publishing fully
AI-generated papers [17][18]. Digital trust erodes when AI is used to generate fake product
reviews, fabricated social media comments, or large volumes of spam [19][20][21].

Second, detection supports authenticity and accountability. In education, institutions
must verify that submitted work reflects genuine student learning and critical thinking.
In professions such as law, medicine, journalism, and software engineering, questions arise
about who bears responsibility for errors introduced through AI use. In creative industries,
concerns mount over AI systems trained on copyrighted material generating content that
plagiarizes original works [22].

Third, detection is essential for data hygiene in AI development itself. As synthetic
content proliferates online, there is growing risk that future LLMs will be trained on AI-
generated text, creating feedback loops that may lead to model collapse, a degradation in
model quality and diversity [23][24].

These concerns are not merely hypothetical; they already manifest in concrete incidents
across domains. In early 2025, the Japanese company Sakana AI showed that a fully
AI-generated scientific paper could pass double-blind peer review and be accepted to a
workshop at ICLR, one of the premier machine learning conferences [25]. In July 2025,
a federal judge in Alabama disqualified three lawyers from a case after they submitted
court filings containing fabricated citations generated by AI [26]. Similar patterns appear
in the information domain: in 2024, OpenAI reported removing coordinated operations
by foreign actors using its models to generate multilingual social media posts and articles
[27]. Around the same time, Meta dismantled a network using AI-generated comments,
posing as local citizens and targeting posts by news outlets and U.S. lawmakers [28]. In
early 2025, Reuters documented a Russia-linked network of AI-content websites targeting
German audiences with misleading narratives ahead of national elections [29].

Given the growing deployment of LLMs and the documented misuse of AI-generated
text, this thesis sets out to evaluate the generalizability of existing LLM detection methods.
Existing approaches to detection are often grouped into zero-shot detectors, which make
predictions without task-specific training data, typically using statistical features of the
text, and supervised detectors, which are explicitly trained on labeled examples of human
and AI-generated text. While a number of detectors have been proposed, existing work
provides only a partial picture of how these systems behave when faced with newer or
previously unseen LLMs. We conduct an empirical analysis of state-of-the-art detectors
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on text generated by both established and recent LLMs across multiple domains. Our
investigation is guided by the following research questions:

RQ1: How do zero-shot and supervised detectors compare in detection performance
and generalizability on text from both seen and unseen LLMs?

RQ2: For supervised detectors, how does detection capability transfer within a model
family?

RQ3: How does a universal detector trained on multiple models perform compared to
specialized detectors trained on individual models?

Beyond addressing these questions, our analysis reveals significant methodological con-
cerns in how AI-generated text detection is currently evaluated. We show that common
choices of metrics and experimental setups can lead to overly optimistic or misleading con-
clusions about detector robustness, particularly under model and domain shift. We discuss
these issues in detail and propose more informative evaluation practices.
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Chapter 2

Background

Large language models (LLMs) are neural networks trained on massive text corpora
to predict the next token in a sequence. When prompted, they can generate human-like
text and can be applied to tasks such as document summarization, question answering,
information retrieval, code generation, and more.

LLM Detectors are systems capable of systematically distinguishing between human-
written and machine (LLM) generated text, typically outputting a confidence score.

Zero-shot Detectors are a type of LLM detectors that make predictions without any
task-specific labeled examples (hence “zero-shots”), typically using statistical properties of
the text.

Supervised Detectors are a type of LLM detectors that are typically a classifier that
is trained on human-written and machine-generated samples using supervised learning.

Perplexity is a measure of how surprising a text is to a language model. Given a
sequence of tokens w1:N and a model p, its perplexity is

PPL(w1:N) = exp
(︄

− 1
N

N∑︂
i=1

log p(wi | w<i)
)︄

so lower perplexity means the text is less surprising to the model.
Binoculars [30] is a zero-shot detector that works by contrasting the perplexity of a

text under two different but similar language models. It defines a cross-perplexity metric
based on the premise that machine-generated text tends to have lower perplexity (that is,
it is less surprising) than human-written text to certain LLMs.
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True positive rate (TPR) measures the fraction of correctly detected AI-generated
texts out of all AI-generated texts. It is defined as

TPR = TP
TP + FN

where TP and FN denote the numbers of true positives and false negatives, respectively.
False positive rate (FPR) measures the fraction of human-written texts that the

detector incorrectly classifies as AI-generated. It is defined as

FPR = FP
FP + TN

where FP and TN denote the numbers of false positives and true negatives.
Area under the receiver operating characteristic curve (AUROC) summarizes

the trade-off between TPR and FPR across all possible decision thresholds. It is equal to
the probability that a randomly chosen AI-generated text is assigned a higher detection
score than a randomly chosen human-written text.

Detection score is the scalar value produced by an LLM detector to indicate how
AI-like a text appears. In this thesis we often define the score as the difference between
the model’s logits for the LLM and human classes, so that higher scores correspond to
text that is more likely to be LLM-generated. A decision threshold on this score is used to
classify each text as human or AI-generated.

Accuracy is the overall fraction of correctly classified texts, combining both human
and AI-generated examples:

Acc = TP + TN
TP + FP + TN + FN .

Specialized Detectors are supervised detectors trained on text from a single target
LLM (together with human-written text). For example, a detector may be trained only on
GPT-4o outputs and humans.

Universal Detectors are supervised detectors trained on pooled data from multiple
LLMs and humans, with the goal of detecting a wider range of generation sources using a
single model.

Tail-focused Fine-Tuning refers to an additional training stage that puts extra em-
phasis on examples near the decision boundary, especially (i) human texts that currently
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look suspiciously AI-like and (ii) LLM texts that look very human-like. The goal is to im-
prove the detector’s behavior in the extreme tails of the score distribution, where low-FPR
operation is determined.

Document-max (docmax) Window Selection is a training strategy for long doc-
uments in which each document is split into several overlapping windows, the detector
scores each window, and the single window with the highest (most AI-like) score is used as
the training instance. This focuses learning on the most suspicious part of each document.

Window-level tail probability is, in our calibration procedure, the fraction of human
windows in a given length bin whose detection score is at least as large as the score of a
particular window. Formally, for a window w in bin b(w) with score S(w), we define

p(w) ≜ Pr
human

(S(W ) ≥ S(w) | b(W ) = b(w)).

Intuitively, p(w) measures how unusually “AI-like” w is compared to typical human writing
of similar length. We treat this as an empirically calibrated tail probability (analogous to
a one-sided p-value), rather than a formal hypothesis-test p-value.

Document-level score in our pipeline is obtained by aggregating window-level tail
probabilities across the windows of a document. We take the minimum tail probability
across windows and transform it into a score Sdoc (e.g., via − log10 pmin), so that larger
scores correspond to documents whose most suspicious window is very unlikely under the
empirical human distribution. This document-level score is then thresholded to classify
the whole document.
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Chapter 3

Related Works

Broadly speaking, detection methods can be categorized into two paradigms: supervised
detectors that require training a classifier on a set of samples of human and machine-
generated text, and zero-shot methods that operate without access to such training data,
often by leveraging statistical properties of the generated text or the source model itself.

3.1 Supervised Detectors

Supervised detection frames the problem as a binary or multi-class classification task. The
dominant approach involves fine-tuning a pre-trained transformer model, such as RoBERTa
[31], to distinguish between human and machine-written text.

A straightforward application of this paradigm is presented in LLM-DetectAIve [32],
which fine-tunes transformer models to perform fine-grained, four-way classification, identi-
fying text as purely human, purely machine, machine-generated but humanized, or human-
written and machine-polished. This work highlights the need for more nuanced detection
beyond a simple binary choice.

Other supervised approaches focus on engineering discriminative features rather than
end-to-end fine-tuning. In Ghostbuster [33], the authors propose a method that passes
documents through a series of weaker language models to extract a feature set, over which
a linear classifier is then trained. Similarly, GPT-who [34] proposes a statistical detector
that trains a logistic regression classifier on features derived from the Uniform Informa-
tion Density (UID) principle, a psycholinguistic hypothesis about how humans distribute
information during language production.
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To improve the robustness of supervised detectors against evasive paraphrasing or ad-
versarial attacks, researchers have explored adversarial training frameworks. In RADAR
[35], a paraphraser and a detector are jointly trained in a two-player game, where the para-
phraser learns to rewrite MGT to evade detection, and the detector learns to identify both
original and paraphrased MGT. A different approach, OUTFOX [36], improves detector
robustness by using in-context learning. An "attacker" LLM is prompted with examples of
a detector’s predictions to generate adversarial essays that are harder to detect, which are
then used as few-shot examples to strengthen the detector against such attacks. Although
powerful, these supervised methods inherently risk overfitting to the specific models and
domains seen during training, potentially limiting their generalizability to novel, unseen
LLMs.

3.2 Zero-Shot Detectors

Zero-shot detectors aim to overcome the generalizability limitations of supervised methods
by avoiding training on text from the target LLM. These methods often rely on the hypoth-
esis that text sampled from an LLM exhibits distinct statistical characteristics compared
to human-written text.

A prominent line of work analyzes the log-probability function of the source LLM. In
DetectGPT [37], it is proposed that MGT typically lies in regions of negative curvature of
the model’s log-probability function. The method detects this by measuring the drop in
log-probability when the text is slightly perturbed by a mask-filling model (e.g., T5 [38]).
Fast-DetectGPT [39] builds directly on this, proposing a more efficient formulation based
on conditional probability curvature, which significantly accelerates the detection process.
A different approach, DNA-GPT [40], proposes a "truncate-and-regenerate" method. It an-
alyzes the divergence between the original text completion and new completions generated
by an LLM from a truncated prefix, using N-gram analysis to quantify this difference.

Another family of methods contrasts the outputs of two different models. Binoculars
[30] introduces a highly effective zero-shot detector that computes a score by contrasting
the perplexity of a text under one model (an "observer") with the cross-perplexity between
the observer and a slightly different "performer" model. This ratio proves to be a robust
signal that normalizes for content-specific difficulty and isolates the statistical signature of
machine generation.

Shifting from probabilistic to geometric properties, some work examines the manifold
of text embeddings. In Intrinsic Dimension Estimation [41], the authors propose that
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the manifold of contextual embeddings for human-written text has a consistently higher
intrinsic dimension than that of AI-generated text. They propose a detector based on
estimating this property using persistent homology, offering a novel, training-free signal
for detection.

Our work seeks to systematically evaluate the trade-off in generalizability between these
two paradigms, analyzing how supervised and zero-shot detectors perform as the target
LLMs they are designed to detect continue to evolve.

3.3 Detection Benchmarks

As the number of detection methods grows, several benchmarks have been developed to
systematically evaluate their performance, robustness, and generalizability. These bench-
marks are critical for understanding the current state-of-the-art (SOTA) and identifying
the most promising detection paradigms.

Early survey papers and benchmarks such as A Survey on LLM-Generated Text Detec-
tion [42] and MGTBench [43] provided a structured overview of the landscape, categorizing
detectors, and evaluating them on curated datasets. For instance, MGTBench found that
a supervised "LM Detector" (a fine-tuned BERT model) generally outperformed metric-
based approaches on their tested domains, establishing a strong baseline for supervised
methods.

More recent benchmarks have focused on more challenging and realistic evaluation set-
tings, particularly adversarial robustness and out-of-domain generalization. The RAID [44]
benchmark, one of the largest to date, evaluates detectors against a wide array of adversar-
ial attacks, decoding strategies, and unseen models. Their extensive evaluation confirms
that, while many detectors perform well in ideal conditions, their accuracy degrades sig-
nificantly under adversarial pressure. Similarly, DetectRL [45] introduces a benchmark
focused on simulating real-world scenarios, including human revisions and varied prompt
strategies.

A consistent finding across these recent, rigorous benchmarks is the emergence of clear
top performers in both the supervised and zero-shot categories.

1. The DetectRL leaderboard shows that supervised RoBERTa-based models achieve
the highest overall F1 scores and that Binoculars is the top-performing zero-shot
method, significantly outperforming other statistical approaches like Log-Rank and
DetectGPT.
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2. The RAID benchmark corroborates this, finding that RoBERTa-based classifiers and
Binoculars are the most robust detectors in their respective paradigms against a
battery of adversarial attacks and decoding variations.

3. The Beemo benchmark [46], which focuses on the nuanced task of detecting expert-
edited and LLM-human collaborative text, also identifies Binoculars as the most
effective zero-shot detector across its varied multi-author scenarios.

Across these evaluations, a consensus emerges. Within the supervised paradigm, fine-
tuned RoBERTa models remain the SOTA, offering high accuracy when the training distri-
bution is representative of the test case. In the zero-shot paradigm, Binoculars consistently
demonstrates superior performance and robustness compared to other statistical methods,
particularly in adversarial and out-of-domain settings. This consensus in the literature
justifies our selection of a fine-tuned RoBERTa model and Binoculars as the representative
SOTA baselines for evaluating the supervised and zero-shot paradigms, respectively, in our
comparative analysis of detector generalizability.
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Chapter 4

Methodology

This chapter describes our methodology for evaluating the generalizability of
LLM-generated text detectors. As established in Chapter 3, recent benchmarks consistently
identify fine-tuned RoBERTa/DeBERTa models and Binoculars as the state-of-the-art rep-
resentatives of the supervised and zero-shot paradigms, respectively; we therefore adopt
these as our primary detection methods. We first outline the models and datasets used in
our experiments, then detail our data generation process, the zero-shot detection pipeline,
and the supervised detection pipeline.

4.1 Evaluation Objectives and Overview

Our empirical study is designed to answer the three research questions stated in Chapter 1:

• RQ1: How do zero-shot and supervised detectors compare in detection performance
and generalizability on text from both seen and unseen LLMs?

• RQ2: For supervised detectors, how does detection capability transfer within a model
family?

• RQ3: How does a universal detector trained on multiple models perform compared
to specialized detectors trained on individual models?

To address these questions, we conduct a set of coordinated evaluations built on two
classes of detectors:
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1. A zero-shot detector based on the Binoculars method of Hans et al. [30], instantiated
with pairs of open-source LLMs (Section 4.3).

2. A supervised detector based on the RoBERTa encoder fine-tuned on labeled human
vs. LLM-generated text, which is the method implemented in DetectRL [45] for the
initial baseline experiments (section 4.4).

3. A supervised detector based on a DeBERTa-v3-large using an advanced training and
calibration techniques for the low-FPR experiments (Section 4.4).

Across these detectors, we run the following experimental suites:

Baseline comparison (RQ1). We first establish baseline performance by evaluating (i)
Binoculars in its default configuration (Falcon-7B / Falcon-7B-Instruct) and with alterna-
tive modern LLM pairs, and (ii) a supervised RoBERTa-base detector closely following the
original DetectRL pipeline [45], trained on balanced data for each target generator. This
baseline uses a single-stage fine-tuning setup with dev-based threshold selection at approx-
imately 1% FPR. In later sections we introduce a stronger DeBERTa-v3-based pipeline
with tail-focused training and document-level calibration for operation at 0.1% FPR. Both
detectors are evaluated on held-out text from the same generators as used in prior work as
well as on newer, stronger models (Sections 4.2–4.3).

Generalization within families (RQ1, RQ2). Using the supervised pipeline, we train
specialized detectors on text from a single LLM (e.g., one model within the OpenAI or
Anthropic family) and evaluate them on: (i) held-out text from the same model, (ii) and
other models in the same family. This directly quantifies how well supervised detectors
transfer within model families under distribution shift.

Universal vs. specialized detectors (RQ1, RQ3). We then train universal detectors
on pooled data from multiple LLMs spanning both families, using the same supervised
training and calibration pipeline. We compare these to specialized detectors on the same
test sets to assess whether a single detector can match or exceed the performance of per-
model detectors when constrained to a fixed false positive rate.

The remainder of this chapter details the models and datasets used (Section 4.2), the
zero-shot Binoculars pipeline (Section 4.3), and the supervised training, calibration, and
evaluation procedures (Sections 4.4–4.4.3).
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4.2 Experimental Setup

4.2.1 Language Models

We evaluate detectors on text generated by two major families of proprietary large language
models, spanning multiple generations. All models are accessed through their respective
APIs.

OpenAI family. We include four models from the OpenAI family: GPT-3.5-Turbo
(March 2023) [47], GPT-4o (May 2024) [48], GPT-4.1 (April 2025) [49], and o4-mini (April
2025) [50].

Anthropic family. We include four models from the Anthropic family: Claude-3-Opus
(March 2024) [51], Claude-3.5-Sonnet (June 2024) [52], Claude-3.7-Sonnet (February 2025)
[53], and Claude-4-Sonnet (May 2025) [54].

4.2.2 Datasets

To cover diverse writing styles, we use human-written text from three domains:

• Creative writing: Stories and narratives sourced from the WritingPrompts com-
munity on Reddit [55][56].

• Academic writing: Scientific articles from the arXiv dataset [57].

• News writing: Journalistic articles from the BBC, utilizing the Extreme Summa-
rization (XSum) dataset [58].

These domains were selected for two reasons. First, they align with established detection
benchmarks: Binoculars [30] evaluates on creative writing (WritingPrompts) and news,
while DetectRL [45] uses XSum, arXiv, and WritingPrompts. This alignment facilitates
comparison with prior work. Second, the three domains capture stylistically distinct writing
styles, providing a meaningful test of detector generalization across the styles.

For each domain, these human-written texts serve both as negative examples for detec-
tion and as prompts to elicit LLM-generated text, as described in Section 4.2.3.
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4.2.3 Data Generation

Prompting strategy. For each human-written document in our corpus, we construct a
prompt and query each LLM to generate a corresponding completion in the same domain
and similar length range. Concretely, we construct prompts from associated metadata—the
article title for academic writing, the WritingPrompts prompt for creative writing, or the
reference summary for news. We prepend a task-specific system instruction describing the
generation task.

Preprocessing. All texts undergo unified preprocessing: (1) Unicode normalization via
ftfy, (2) removal of boilerplate prefixes and wrapper quotes, (3) whitespace normalization,
and (4) For supervised detectors, model inputs are scored using 256-token windows (max-
imum sequence length 256). Longer texts may yield multiple overlapping windows. This
aggressive normalization prevents detectors from exploiting formatting shortcuts rather
than genuine linguistic differences. (See Appendix A for details). To avoid contamination
between supervised training data and our human-only calibration/evaluation pools, we ex-
clude any human text used in paired training/test datasets when constructing Hcalib_pool
and Htest_pool. Human negatives are sampled from disjoint documents from the same
underlying corpora.

Dataset sizes. For each target LLM and each domain, we construct a balanced dataset
with 50% human-written and 50% LLM-generated examples. For most OpenAI models we
use approximately N ≈ 4000 labeled examples per domain; for GPT-4.1 we use N = 667
per domain; and for o4-mini and all Anthropic models we use N = 800 per domain.
OpenAI experiments use three domains (arXiv, XSum, WritingPrompts), while Anthropic
experiments use two domains (arXiv and WritingPrompts). Each per-model dataset is
then split into train/dev/test subsets using a stratified procedure.

Human calibration and evaluation pools. In addition to the training data, we main-
tain large human-only pools for calibration and evaluation of the supervised detector.
These pools contain millions of documents across all domains and are never mixed with
LLM-generated text. They enable statistically reliable estimation of false positive rates
(FPR) at stringent levels (e.g., 0.1%) and are used in the calibration and FPR validation
procedures.
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4.3 Zero-shot Detection Pipeline

Our zero-shot evaluation is built around the Binoculars detector introduced by Hans et
al. [30], which proposes cross-perplexity as a signal for LLM-generated text. Let a string
s be tokenized into indices x⃗ = (x1, . . . , xL) by a tokenizer T with vocabulary V . Given
s as input, a language model M produces next-token probabilities M(s) ∈ [0, 1]L×|V |,
where the i-th row M(s)i is a distribution over V . The log-perplexity (average negative
log-likelihood) of s under M is

log PPLM(s) = − 1
L

L∑︂
i=1

log M(s)i,xi
. (4.1)

Binoculars uses a pair of closely related LMs, M1 and M2, based on the intuition that
cross-perplexity (which measures how much M1’s predictions disagree with M2’s) behaves
differently for human vs. LLM text. Formally, the cross-perplexity of M2 as judged by M1
is defined by:

log X-PPLM1,M2(s) = − 1
L

L∑︂
i=1

M1(s)⊤
i log M2(s)i, (4.2)

i.e., the average cross-entropy between the predictive distributions of M1 and M2 on the
same contexts. The Binoculars score is then the ratio

BM1,M2(s) = log PPLM1(s)
log X-PPLM1,M2(s) . (4.3)

Intuitively, log PPLM1 measures how surprising s is to M1, while log X-PPLM1,M2 measures
how surprising the token predictions of M2 are when graded by M1. Because LLMs are
typically more similar to each other than to human writing, Hans et al. show that for
suitable pairs (M1, M2) the ratio BM1,M2(s) tends to be smaller for LLM-generated text.
A text is classified via a threshold τ as

ŷ(s) =

⎧⎨⎩LLM-generated, BM1,M2(s) < τ,

human-generated, BM1,M2(s) ≥ τ.
(4.4)

In our experiments we follow the official open-source implementation 1 of Binoculars, which
realizes log PPLM1 and log X-PPLM1,M2 using masked token-wise cross-entropy losses and
provides reference thresholds calibrated for the Falcon-7B / Falcon-7B-Instruct pair.

1https://github.com/ahans30/Binoculars
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Extending Binoculars to modern LLMs. We evaluate Binoculars with a variety of
contemporary LLMs (Falcon, LLaMA, Gemma, Qwen, etc.), including very large models
that are sharded across multiple GPUs and/or quantized. To make the original implemen-
tation robust in this setting, we introduce several engineering modifications that leave the
underlying score definition BM1,M2 unchanged. See Appendix A for details.

4.4 Supervised Detection Pipeline

Our supervised detection pipeline consists of three stages: (1) model training, (2) cali-
bration, and (3) evaluation. In our initial baseline experiments (Sections 5.2 and 5.3), we
also train a simpler RoBERTa-base detector following DetectRL [45]; our main low-FPR
experiments employ the full two-stage DeBERTa-v3 pipeline described below. We focus
on achieving very low false positive rate (FPR), defined as the fraction of human texts in-
correctly classified as LLM-generated, while maintaining a high true positive rate (TPR),
the fraction of LLM-generated texts correctly detected. This objective aligns with the
Neyman–Pearson classification paradigm: we first fix a maximum acceptable rate of false
positives (type I errors, i.e., human texts wrongly flagged as AI-generated), then maxi-
mize the rate of true positives (correctly detected AI text) subject to that constraint. [59].
Prior work has documented problematic false positive behavior in existing AI-text detec-
tors, particularly in educational settings [60], motivating our emphasis on stringent FPR
control.

4.4.1 Model Training

We adopt a two-stage training procedure. Stage 1 performs standard supervised fine-tuning
to obtain a strong baseline detector. Stage 2 refines the model with a focus on the decision
boundary, targeting the tail of the human score distribution to achieve reliable performance
at low FPR. This progression from general to boundary-focused training is inspired by
curriculum learning strategies that adapt the training distribution over time [61].

Throughout, we represent the detector as a neural network fθ producing logits over the
two classes (human vs. LLM). For any text x, we define a scalar score

S(x) ≜ fθ(x)LLM − fθ(x)human, (4.5)

so that larger S(x) indicates more LLM-like text.
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Stage 1: Standard Fine-Tuning

For our main low-FPR pipeline, we initialize from Microsoft’s DeBERTa-v3-large model [62,
63], a transformer-based encoder with strong performance on natural language understand-
ing benchmarks. Inputs are tokenized with a maximum sequence length of 256 tokens. In
our initial baseline experiments, we also train an otherwise identical RoBERTa-base model
with the same Stage 1 setup, to mirror the DetectRL configuration [45] and enable direct
comparison.

For each random seed, we split the training pool into training and development sets.
We train the model using standard cross-entropy loss over the human/LLM label, with a
batch size of 16, for 5 epochs. This stage yields a baseline detector that achieves reasonable
separation between human and LLM-generated text but is not yet optimized for very low
FPR.

Stage 2: Tail-Focused Fine-Tuning

Stage 2 addresses the challenge of maintaining high TPR while controlling FPR at very
low thresholds (e.g., 0.1%). Standard training optimizes average-case performance but
does not focus on the critical region near the decision boundary, where most errors occur.
Stage 2 introduces three categories of modifications: (1) mining strategies that identify
and oversample difficult examples [64], (2) specialized loss functions that penalize errors
in the tail [65], and (3) training adjustments that stabilize learning. We describe each in
turn.

Per-bin threshold calibration for training. We first calibrate length-specific thresh-
olds using human samples only. We partition texts into token-length bins:

B = {< 60, 60–100, 100–160, 160–200, 200–256}.

For each bin b ∈ B, we score human texts and choose a threshold τb so that only a small
fraction of human texts in that bin have scores S(x) above τb. Concretely, we sort all human
scores in bin b and pick the value such that roughly αtarget of them lie above it. When we
have many examples in a bin we also experiment with fitting a simple statistical model to
the largest scores to smooth this estimate; if its prediction disagrees too much with the
observed data, we ignore it and keep the directly estimated threshold. The resulting map
τmap : b ↦→ τb tells us which humans in each length bin are in the extreme tail and will be
treated as “hard” during Stage 2.
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Hard negative mining. Following the principle of online hard example mining [64], we
identify human samples that the current model finds most LLM-like. Within each (length
bin, domain) cell, we select the top fraction (e.g., 5%) of humans with the highest scores
S(x). These “hard negatives” are replicated multiple times and added back into the training
set, increasing the model’s exposure to challenging human examples and encouraging it to
push down the right tail of the human score distribution.

Hard positive mining. Symmetrically, we emphasize LLM-generated samples that lie
close to the decision boundary. We focus on long documents (200–256 tokens) and let
τlong denote the corresponding human threshold in this bin. For each domain, we compute
the median LLM score in the 200–256 bin. Domains where this median is closer to the
human threshold τlong receive higher oversampling weights, since they contain more difficult
examples. Within each domain, we oversample LLM texts whose scores fall in a small band
around τlong—that is, LLM texts that are plausibly confused with human writing.

Document-max window selection. To focus on the most suspicious portion of each
document, we split each text into overlapping windows. We score all windows with the
current model and select the window with the maximum score,

Sdocmax(x) = max
w∈windows(x)

S(w),

as the training input. This can be viewed as a multiple-instance learning setup with max
pooling over instances [66], focusing optimization on the most suspicious region of each text.
At evaluation time we use a more principled document-level score based on calibrated tail
frequencies over all windows; see Section 4.4.2.

Bin-aware batch sampling. We employ a custom batch sampler that ensures each
mini-batch contains: (1) a fixed number of high-scoring human samples (which we call
anchors) near τb in each length bin, (2) a fixed number of near-threshold LLM positives
in each bin, and (3) random examples to fill the remaining capacity. This guarantees that
every batch is enriched with tail examples near the decision boundary, where the specialized
loss terms are most useful.

Tail-aware loss functions. Stage 2 augments the cross-entropy objective with a com-
posite loss comprising three additional terms. These terms are related to focal loss [65],
which reshapes cross-entropy to emphasize hard examples, and to pairwise ranking objec-
tives [67]:
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1. Human tail penalty: Human samples whose scores exceed a high within-batch
quantile (e.g., the 98th percentile, up to an optional margin) are penalized, explic-
itly pushing down the right tail of the human score distribution and reducing false
positives.

2. Positive margin loss: For LLM samples in bin b, we encourage scores to exceed
τb + m for a margin m > 0, applied only to LLMs whose scores are not already far
above τb. This prevents LLM scores from collapsing at the human threshold and
stabilizes separation.

3. Pairwise ranking loss: For each bin, we select top-K human anchors and near-
threshold LLM positives and apply a hinge loss enforcing

S(x+) − S(x−) ≥ m,

where x+ is an LLM example and x− is a human anchor from the same bin. In words,
we directly penalize the model whenever a hard human scores too close to or above
a nearby LLM example, and push their scores farther apart.

Partial unfreezing. During Stage 2, we keep most encoder layers frozen and unfreeze
only the classification head and the last K encoder layers (e.g., K = 6). Following the
gradual unfreezing strategy of Howard and Ruder [68], we train for a small number of
additional epochs with a reduced learning rate, using the composite loss. This preserves
the robust representations learned in Stage 1 while adapting the model to tail-focused
objectives.

With a trained detector in hand, we next describe how to calibrate its outputs for statis-
tically interpretable decision-making.

4.4.2 Calibration

After supervised training, we calibrate the detector to obtain statistically interpretable
document-level scores and to select a global decision threshold. Crucially, calibration uses
only human data. This choice is both practical and principled: human-written text is
freely available at scale, whereas text generated from state-of-the-art LLMs requires costly
API access. Moreover, since FPR is determined entirely by the human score distribution,
a large human calibration pool suffices for statistically reliable threshold estimation at
stringent levels (e.g., 0.1%).
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Window-Level Scoring and Binning

For each human document in the calibration pool Hcalib_pool, we split the text into over-
lapping windows and compute a score

s = S(w) = fθ(w)LLM − fθ(w)human (4.6)

for each window w. Each window is assigned to a length bin b(w) ∈ B based on its token
count.

Bin-Specific Tail Frequencies

For each length bin b, we build a simple lookup table that tells us, for any score s, what
fraction of human windows in that bin have a score at least s. Formally, for each bin b we
estimate

Tailb(s) = Pr
human

(S(w) ≥ s | b(w) = b), (4.7)

by counting, among all human windows in bin b, the proportion whose score is at least s.
We apply a small amount of smoothing to avoid zero counts when s is larger than any score
seen in the calibration data. This gives a mapping from a raw score to a “how surprising”
value:

p(w) = Tailb(w)
(︂
S(w)

)︂
, (4.8)

which we interpret as an empirically calibrated tail probability (analogous to a one-sided
p-value): it is the fraction of human windows in the same length bin that look at least as
suspicious as w.

Document-Level Aggregation

We aggregate window-level p-values into a document-level score. For each document d,
with windows w1, . . . , wK and corresponding p-values p(w1), . . . , p(wK), we define

pmin(d) = min
k

p(wk), Sdoc(d) = − log10

(︂
pmin(d)

)︂
. (4.9)

This MinP aggregation is analogous to a Tippett (MinP) combination rule [69]. Because
our windows overlap (and are therefore dependent) and because the tail probabilities are
estimated empirically from data, we treat Sdoc as a calibrated detection statistic rather
than a formal hypothesis test. Thus, Sdoc(d) measures how improbable the most suspicious
window in d is under the human distribution: higher Sdoc(d) indicates a document that is
less consistent with human writing.
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Threshold Selection

Given a target human FPR α (e.g., α = 10−3 for 0.1%), we select a global threshold τ on
Sdoc using only human documents. We compute Sdoc(d) for all d ∈ Hcalib_pool and choose τ
so that only about an α fraction of these human documents have Sdoc(d) ≥ τ . Concretely,
we sort all human Sdoc values and pick the score level at which roughly α of them lie above
it, taking care to handle ties in a conservative way. We then optionally lower τ slightly
so that the realized FPR across both the calibration pool and a held-out human test pool
remains below the target. No LLM-generated text is used in this step.

4.4.3 Evaluation

We evaluate each detector on held-out test sets for each target LLM family and validate
its FPR on large human-only pools.

Test Sets and Scoring

For each LLM family, we construct a test set containing held-out human-written documents
from the available domains (three for OpenAI; two for Anthropic), and LLM-generated
documents matched by domain and approximate length.

For every test document d (human or LLM), we compute Sdoc(d) using the same win-
dowing, binning, and aggregation procedure as in the Calibration Section. The bin-specific
tail frequencies derived from human calibration data are held fixed.

Classification Rule

Given the calibrated threshold τ , we classify each document via

ŷ(d) =

⎧⎨⎩LLM, if Sdoc(d) ≥ τ,

human, otherwise.

Metrics and Diagnostics

We report the following metrics:
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• True Positive Rate (TPR): Fraction of LLM-generated documents correctly clas-
sified (ŷ(d) = LLM).

• False Positive Rate (FPR): Fraction of human-written documents incorrectly
flagged as LLM-generated (ŷ(d) = LLM).

• TPR at fixed FPR: TPR at the target human FPR level (e.g., 0.1%), to enable
fair comparison across detectors.

FPR validation on large human pools. To ensure calibration quality, we apply the
same threshold τ to both the calibration pool Hcalib_pool and the held-out human test pool
Htest_pool and report the maximum FPR observed across any individual human pool or
domain.

These metrics provide conservative estimates of the detector’s true false positive behav-
ior on real-world human-written text and verify that it maintains the target FPR across
diverse human populations.
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Chapter 5

Results

This chapter presents our empirical findings, organized around the research questions in-
troduced in Chapter 1. We first compare zero-shot and supervised detectors on text from
both established and recent LLMs (RQ1), then examine how supervised detectors transfer
within model families (RQ2), and finally evaluate universal detectors trained on multiple
LLMs (RQ3). Throughout, we report TPR at a fixed FPR to enable fair comparison under
realistic operating conditions.

5.1 Summary of Key Findings

Our evaluation yields four principal findings:

1. Zero-shot detection fails on newer LLMs. Binoculars, the state-of-the-art zero-
shot detector, achieves high TPR on older models (e.g., GPT-3.5) but collapses to
near-zero TPR on recent models (e.g., GPT-4.1, o4-mini) in formal domains such as
academic writing.

2. Supervised detection remains robust. A fine-tuned RoBERTa-based detector
maintains ≥95% TPR at 1% FPR across all tested LLMs, including the most recent
releases, provided it is trained on data from the target model or a sufficiently similar
one.

3. Cross-model transfer is asymmetric and brittle. Detectors trained on older
LLMs often fail dramatically on newer models within the same family while detectors
trained on newer LLMs show moderate transfer to older ones.
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4. Low-FPR operation is achievable but unstable. Our tail-focused training
pipeline can reduce FPR by up to 4× (from ∼1% to ∼0.25%) while maintaining
90% TPR. However, performance at 0.1% FPR exhibits high variance across random
seeds, reflecting sensitivity to limited training data and Stage-2 hyperparameters.

We also note that standard evaluation metrics such as AUROC can obscure poor perfor-
mance at the low-FPR thresholds required for practical deployment. We discuss this issue
further in Chapter 6.

5.2 Supervised Detection vs. Zero-Shot (RQ1)

We compare the supervised RoBERTa-based detector against the state-of-the-art zero-shot
detector (Binoculars) across two model families and three text domains. For each detector,
we report TPR at a fixed FPR of 1%.

Table 5.1: Performance of the fine-tuned RoBERTa-base detector against the SOTA
zero-shot Binoculars detector on OpenAI models. We report the True Positive Rate
(TPR) at a fixed False Positive Rate (FPR) of 1%.

Detector Domain GPT-3.5 GPT-4o GPT-4.1 o4-mini

Supervised
Academic 99% 100% 100% 100%
News 100% 100% 99% 100%
Creative Writing 97% 97% 98% 97%

Zero-Shot
Academic 62% 0% 0% 0%
News 41% 1% 9% 11%
Creative Writing 99% 40% 27% 30%

For Anthropic models, we report results on Academic and Creative Writing domains
only; News domain data is not available for these models.

Analysis. Tables 5.1 and 5.2 reveal a stark contrast between the two detection paradigms.
The supervised detector maintains near-perfect performance (≥95% TPR) across all

models and domains, including the most recent releases (o4-mini, Claude-4-Sonnet). This
robustness holds even though these models were released well after the detector’s base
architecture (RoBERTa) was developed.
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Table 5.2: Performance of the fine-tuned RoBERTa-base detector against the SOTA
zero-shot Binoculars detector on Anthropic models. We report the True Positive Rate
(TPR) at a fixed False Positive Rate (FPR) of 1%.

Detector Domain Claude 3
Opus

Claude 3.5
Sonnet

Claude 3.7
Sonnet

Claude 4
Sonnet

Supervised
Academic 100% 100% 99% 99%
Creative Writing 99% 99% 97% 95%

Zero-Shot
Academic 49% 11% 5% 6%
Creative Writing 94% 80% 62% 81%

The zero-shot detector exhibits severe degradation on newer LLMs. On academic
text, Binoculars achieves 62% TPR on GPT-3.5 but drops to 0% on GPT-4o, GPT-4.1, and
o4-mini. A similar pattern appears for Anthropic models: TPR falls from 49% (Claude-
3-Opus) to 5–6% on newer releases. This collapse is consistent with the hypothesis that
newer LLMs produce text whose statistical properties more closely resemble human writing,
undermining the cross-perplexity signal that Binoculars relies upon.

Domain effects. Creative writing is notably easier for zero-shot detection across
both families (99% on GPT-3.5, 62–94% on Claude models), likely because creative prose
exhibits more stylistic variation that distinguishes human from LLM writing. In contrast,
academic text appears hardest to detect in zero-shot settings, suggesting that modern
LLMs have converged toward human-like formal exposition.

The strong zero-shot performance on GPT-3.5 creative writing (99%) may reflect the
similarity between GPT-3.5 and the Falcon models used internally by Binoculars to com-
pute cross-perplexity scores; older, smaller LLMs share more statistical regularities with
Falcon than do frontier models.

Given the clear failure of zero-shot detection on newer LLMs, the remainder of our
analysis focuses on supervised detectors.

5.3 Cross-Model Generalization (RQ2)

We investigate how well a supervised detector trained on one LLM generalizes to text from
other LLMs, within a model family.
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5.3.1 Within-Family Transfer

Table 5.3: Cross-model transferability of the fine-tuned RoBERTa-base detector on Ope-
nAI models. Each column corresponds to the LLM used for training, while each row
corresponds to the LLM used for testing. We report the mean True Positive Rate (TPR)
at 1% False Positive Rate (FPR), averaged over 10 random seeds. The diagonal ( gray )
indicates detection performance of a model on its own data, while off-diagonal cells show
transfer performance.

Trained on
Tested on GPT-3.5 GPT-4o GPT-4.1 o4-mini
GPT-3.5 97% 89% 65% 56%
GPT-4o 92% 98% 80% 76%
GPT-4.1 57% 81% 96% 96%
o4-mini 22% 53% 75% 98%

Table 5.4: Cross-model transferability of the fine-tuned RoBERTa-base detector on An-
thropic models. Each column corresponds to the LLM used for training, while each row
corresponds to the LLM used for testing. We report the mean True Positive Rate (TPR)
at 1% False Positive Rate (FPR), averaged over 10 random seeds. The diagonal ( gray )
indicates detection performance of a model on its own data, while off-diagonal cells show
transfer performance.

Trained on

Tested on Claude 3
Opus

Claude 3.5
Sonnet

Claude 3.7
Sonnet

Claude 4
Sonnet

Claude 3 Opus 85% 58% 43% 48%
Claude 3.5 Sonnet 69% 91% 81% 87%
Claude 3.7 Sonnet 55% 79% 89% 92%
Claude 4 Sonnet 58% 85% 88% 96%

Tables 5.3 and 5.4 report within-family transfer for the RoBERTa-base baseline detec-
tors. In both families, three consistent patterns emerge.

1. In-distribution performance is high. Along the diagonal, detectors achieve high
TPR on the LLM they were trained on (typically ≥85–98%), confirming that supervised
fine-tuning on a single model yields strong in-distribution detection at this operating point.
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2. Transfer degrades with generational distance. Off-diagonal entries reveal a
clear generational trend: detectors trained on older models transfer progressively worse to
newer ones, and detectors trained on the newest models also lose performance when tested
on the oldest. For example, in the OpenAI family a GPT-3.5-trained detector attains
high TPR on GPT-3.5 but substantially lower TPR on GPT-4o, GPT-4.1, and especially
o4-mini; conversely, an o4-mini-trained detector performs well on o4-mini but retains only
moderate TPR on GPT-3.5. A similar pattern holds for the Anthropic family, where
transfer is strongest between adjacent generations (e.g., Claude-3.5 ↔ 3.7, 3.7 ↔ 4) and
weakest between the earliest and latest models (Claude-3-Opus vs. Claude-4-Sonnet).

3. Large generational gaps are intrinsically hard. Taken together, these results
suggest that the stylistic and statistical differences between early and late generations
within a family are large enough that a detector trained on one end of the spectrum
cannot reliably cover the other at a fixed low FPR. Training on more recent models does
help (backward transfer is generally stronger than forward transfer from the oldest model),
but even the newest detectors do not fully close the gap on the oldest outputs. This
highlights a fundamental challenge: as LLMs evolve, within-family distribution shift alone
can already make supervised detection across generations non-trivial.

5.4 Universal Detectors (RQ3)

We next evaluate universal detectors trained on pooled data from multiple LLMs, com-
paring their performance to specialized single-model detectors. We consider three con-
figurations: (1) trained on all OpenAI models, (2) trained on all Anthropic models, and
(3) trained on both families combined. All results use our two-stage DeBERTa-v3-based
training pipeline with tail-focused calibration.

5.4.1 Performance at Fixed Low FPR (0.1%)

Tables 5.5–5.7 report TPR at a stringent 0.1% FPR threshold, which is more representative
of practical deployment scenarios (e.g., academic integrity screening where false accusations
are costly).

Analysis. At the stringent 0.1% FPR threshold, mean TPR ranges from approximately
30% to 70% depending on the target model and training configuration. Several patterns
are notable:
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Table 5.5: Universal OpenAI detector performance at a fixed human FPR of 0.1%. Entries
are mean ± std across 3 seeds; range shows best–worst seed TPR.

GPT-3.5 GPT-4o GPT-4.1 o4-mini

TPR (%)@0.1% FPR 33.8±30.0 72.9±20.0 42.7±23.0 51.3±16.0
TPR range across seeds (%) [11.4, 68.3] [57.9, 95.4] [26.6, 69.0] [35.6, 67.1]

Calibration satisfied in all runs. Achieved human FPR worst-case across pools: 0.1%.
Seed values used for ranges: GPT-3.5 = {11.4, 21.6, 68.3}%, GPT-4o = {57.9, 65.5, 95.4}%, GPT-4.1 =
{26.6, 32.4, 69.0}%, o4-mini = {35.6, 51.1, 67.1}%.

Table 5.6: Universal Anthropic detector performance at a fixed human FPR of 0.1%.
Entries are mean ± std across 3 seeds; range shows best–worst seed TPR.

Claude 3
Opus

Claude 3.5
Sonnet

Claude 3.7
Sonnet

Claude 4
Sonnet

TPR (%)@0.1% FPR 47.9 ± 8.7 58.6±28.1 50.1±26.6 52.8±25.9
TPR range across seeds (%) [41.9, 57.9] [37.4, 90.5] [21.6, 74.2] [25.3, 76.8]

Calibration satisfied in all runs. Achieved human FPR worst-case across pools: 0.1%.
Seed values used for ranges (TPR, %): Claude 3 Opus = {41.9, 43.9, 57.9}, Claude 3.5 Sonnet = {37.4,
48.0, 90.5}, Claude 3.7 Sonnet = {21.6, 54.6, 74.2}, Claude 4 Sonnet = {25.3, 56.5, 76.8}.

Single-family detectors outperform all-family detectors. Comparing Tables 5.5
and 5.6 to Table 5.7, we observe that pooling data from both families reduces mean TPR
across most models. For example, the OpenAI-only detector achieves 72.9% mean TPR on
GPT-4o, while the all-families detector achieves only 38.0%. This suggests that training
on more diverse data introduces conflicting signals that make low-FPR calibration more
difficult.

GPT-4o is the easiest target. Across all configurations, GPT-4o consistently yields
the highest TPR (57.9–95.4% in the best seed), suggesting its outputs retain more de-
tectable statistical signatures than other models.

Anthropic detectors show lower variance on Claude-3-Opus. The TPR range
for Claude-3-Opus ([41.9, 57.9]) is notably tighter than for other models, possibly because
this older model’s outputs are more consistently distinguishable.
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Table 5.7: Universal detector for both model families performance at a fixed human FPR
of 0.1%. Entries are mean ± std across 3 seeds; range shows best–worst seed TPR.

OpenAI family Anthropic family

GPT-3.5 GPT-4o GPT-4.1 o4-mini Claude 3
Opus

Claude 3.5
Sonnet

Claude 3.7
Sonnet

Claude 4
Sonnet

TPR (%) @0.1% FPR 36.2±45.2 38.0±45.2 33.1±39.3 29.8±32.7 36.0±38.6 34.9±41.1 35.5±29.6 36.8±36.2
TPR range across seeds (%) [4.7, 88.0] [7.7, 90.0] [3.0, 77.6] [3.9, 66.6] [7.4, 79.9] [7.5, 82.2] [18.3, 69.7] [15.0, 78.5]

Calibration satisfied in all runs (target 0.1%).
Seed values used for ranges (TPR, %): GPT-3.5 Turbo = {4.7, 15.9, 88.0}, GPT-4o = {7.7, 16.4, 90.0}, GPT-4.1 = {3.0, 18.6, 77.6}, o4-mini
= {3.9, 19.0, 66.6}, Claude 3 Opus = {7.4, 20.8, 79.9}, Claude 3.5 Sonnet = {7.5, 15.1, 82.2}, Claude 3.7 Sonnet = {18.3, 18.5, 69.7},
Claude 4 Sonnet = {15.0, 16.8, 78.5}.

Table 5.8: OpenAI universal detector: FPR at TPR = 90% (worst-case across human
pools). Entries are mean ± std across 3 seeds; range shows best–worst seed FPR.

GPT-3.5 GPT-4o GPT-4.1 o4-mini

FPR (%) @90% TPR 1.16 ± 0.76 0.23 ± 0.17 0.73 ± 0.56 0.43 ± 0.27
FPR range across seeds (%) [0.60, 2.03] [0.05, 0.38] [0.29, 1.36] [0.27, 0.75]

TPR target fixed at 90%.

5.4.2 Performance at Fixed High TPR (90%)

To characterize the minimum achievable FPR, we also report the FPR required to achieve
90% TPR. This perspective directly addresses whether our pipeline can reduce false posi-
tives relative to the ∼1% baseline common in prior work.

How we compute FPR at a fixed TPR. To characterize the operating point required
to achieve 90% TPR, we perform an offline inverse search over the calibration target α
(equivalently, the decision threshold) and report the smallest α for which the TPR reaches
90%.

Analysis. Our tail-focused training pipeline achieves substantial FPR reductions com-
pared to the ∼1% baseline typical of prior work:

FPR reduction at 90% TPR. For GPT-4o, the OpenAI universal detector achieves
a mean FPR of 0.23% at 90% TPR (Table 5.8), a ∼4× reduction relative to a 1% FPR
operating point. In the best seed, FPR reaches 0.05% (a 20× reduction), highlighting
substantial seed sensitivity.
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Table 5.9: Anthropic universal detector: FPR at TPR = 90% (worst-case across human
pools). Entries are mean ± std across 3 seeds; range shows best–worst seed FPR.

Claude 3
Opus

Claude 3.5
Sonnet

Claude 3.7
Sonnet

Claude 4
Sonnet

FPR (%) @90% TPR 0.53 ± 0.23 0.41 ± 0.30 0.43 ± 0.28 0.36 ± 0.20
FPR range across seeds (%) [0.30, 0.76] [0.07, 0.62] [0.17, 0.73] [0.14, 0.55]

TPR target fixed at 90%.

Table 5.10: Universal detector for both model families: FPR @ TPR = 90% (worst-case
across human pools). Entries are mean ± std across 3 seeds; range shows best–worst seed
FPR.

OpenAI family Anthropic family

GPT-3.5 GPT-4o GPT-4.1 o4-mini Claude 3
Opus

Claude 3.5
Sonnet

Claude 3.7
Sonnet

Claude 4
Sonnet

FPR (%) @90% TPR 0.59 ± 0.51 0.53 ± 0.42 0.55 ± 0.33 0.60 ± 0.30 0.58 ± 0.40 0.61 ± 0.48 0.53 ± 0.32 0.52 ± 0.38
FPR range across seeds (%) [0.10, 1.12] [0.08, 0.92] [0.19, 0.83] [0.27, 0.87] [0.19, 0.99] [0.16, 1.12] [0.20, 0.84] [0.13, 0.89]

TPR target fixed at 90%.

Anthropic models are more consistent. The Anthropic universal detector (Ta-
ble 5.9) achieves FPR in the range 0.36–0.53% across all models, with tighter variance
than the OpenAI detector. This may reflect greater homogeneity in Anthropic model
outputs.

All-families detector maintains low FPR. Despite training on more diverse data,
the all-families detector (Table 5.10) achieves mean FPR of approximately 0.5–0.6% across
all models, demonstrating that a single universal detector can operate at substantially
lower FPR than the 1% baseline without sacrificing 90% TPR.

5.5 Seed Instability and Data Constraints

A consistent pattern across our low-FPR results is high variance across random seeds.
For example, the all-families detector’s TPR at 0.1% FPR ranges from 3.0% to 90.0%
depending on the seed (Table 5.7). We attribute this instability to several factors:

Limited training data. Our datasets contain approximately 4,000 training samples
per domain per model for most OpenAI models, and 800 samples per domain per model for
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Anthropic models and some OpenAI models (GPT-4.1: 667; o4-mini: 800). At extremely
low FPR thresholds, the effective number of human samples in the tail is small, making
threshold estimation sensitive to sampling noise.

Short document lengths. Human samples are truncated to 256 tokens, limiting the
information available per document and potentially increasing overlap between human and
LLM score distributions.

Stage-2 sensitivity. The tail-focused fine-tuning stage involves multiple interacting
components (hard mining, specialized losses, partial unfreezing) whose hyperparameters
were not exhaustively tuned. Small changes in initialization or batch composition can
substantially affect the learned decision boundary.

These constraints suggest that performance at very low FPR could be improved with (1)
larger training corpora, (2) longer documents, and (3) more comprehensive hyperparameter
optimization—directions we leave for future work.
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Chapter 6

Discussion

We now revisit the baseline OpenAI experiments from Section 5.2. There, we compared
zero-shot and supervised detectors primarily in terms of TPR at a fixed FPR. Here we
report the same experiments using two aggregate metrics—AUROC and overall accuracy—
to highlight how these can be misleading in low-FPR regimes.

Table 6.1: Performance of the fine-tuned RoBERTa-base detector on OpenAI models,
reported using AUROC (%). This table uses the same setup and data as Table 5.1, but
replaces TPR with AUROC.

GPT-3.5 GPT-4o GPT-4.1 o4-mini

Academic (arxiv) 99% 100% 100% 100%
News (XSum) 100% 100% 99% 100%
Creative Writing 99% 99% 99% 99%

Table 6.2: Performance of the fine-tuned RoBERTa-base detector on OpenAI models,
reported using accuracy (%). Same detectors and data as Table 6.1.

GPT-3.5 GPT-4o GPT-4.1 o4-mini

Academic (arxiv) 99% 100% 99% 100%
News (XSum) 100% 100% 99% 99%
Creative Writing 99% 99% 97% 99%

Tables 6.1–6.4 are the AUROC and accuracy counterparts of Table 5.1: they report the
very same OpenAI experiments, detectors, and datasets, but replace TPR-at-fixed-FPR
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Table 6.3: Performance of the zero-shot Binoculars detector on OpenAI models, reported
using AUROC (%). This table corresponds to the Binoculars rows in Table 5.1, but replaces
TPR with AUROC.

GPT-3.5 GPT-4o GPT-4.1 o4-mini

Academic (arxiv) 99% 88% 93% 80%
News (XSum) 99% 97% 85% 95%
Creative Writing 99% 98% 91% 97%

Table 6.4: Performance of the zero-shot Binoculars detector on OpenAI models, reported
using accuracy (%). Same detectors and data as Table 6.3.

GPT-3.5 GPT-4o GPT-4.1 o4-mini

Academic (arxiv) 99% 81% 86% 73%
News (XSum) 98% 91% 77% 89%
Creative Writing 99% 92% 83% 92%

with aggregate AUROC and overall accuracy. When viewed through these metrics, both
the supervised RoBERTa baseline and the zero-shot Binoculars detector appear to per-
form extremely well: AUROC values are typically in the 90–100% range and accuracies
cluster around 95–100%. However, Table 5.1 shows that at a realistic low-FPR operating
point (approximately 1% false positives on human text), a very different picture emerges.
The RoBERTa-based detector maintains high TPR on all models (often ≥95%), whereas
Binoculars collapses on newer models and formal domains: for GPT-4o and GPT-4.1 in
academic and news text, TPR falls to well below 1% despite AUROC values of 88–97%
and accuracies above 80–90%. In other words, a detector can rank machine vs. human
text reasonably well in aggregate (high AUROC) and achieve high average classification
accuracy, yet be essentially useless at the low-FPR operating points that matter in set-
tings like academic integrity screening. AUROC reflects average ranking quality across all
thresholds; low-FPR operation depends only on the extreme right tail of the human score
distribution, where even a small overlap can collapse TPR. These results emphasize that
AUROC and accuracy are fundamentally insufficient for evaluating LLM-text detectors
under deployment-relevant constraints; performance must instead be reported at fixed,
application-appropriate FPR levels (e.g., 0.1–1%) to reveal whether a detector is viable in
practice.
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Chapter 7

Limitations

While our study aims to provide a systematic evaluation of LLM-text detectors under model
and domain shift, several limitations constrain the scope and strength of our conclusions.

Model and family coverage. We focus on two proprietary model families (OpenAI
and Anthropic) and three text domains (academic, news, creative writing), all in English.
Our findings may not directly generalize to other families (e.g., Google’s Gemini, Alibaba’s
Qwen) or to multilingual settings.

Short document lengths. All supervised experiments operate on relatively short
passages: after preprocessing and truncation, texts are limited to a maximum of 256 tokens.
This reflects the nature of our human data, which consists of short abstracts, summaries,
and stories. To ensure a fair comparison, LLM-generated completions were matched in
length to their human counterparts, so both the human and machine sides of the training
and test sets are short-form.

Limited training data. Although we use thousands of training samples per model
and domain, dataset sizes remain modest by modern standards, especially for some recent
LLMs. At very low FPR thresholds, only a small fraction of human examples lie in the
relevant tail, making threshold estimation and Stage-2 fine-tuning sensitive to sampling
noise.

Seed instability and hyperparameter sensitivity. Our low-FPR DeBERTa-v3
pipeline exhibits substantial variability across random seeds, particularly at the 0.1% FPR
target. We did not perform an exhaustive search over Stage-2 hyperparameters so some of
this instability may be attributable to suboptimal settings.

Simplified threat model. Our main experiments consider text directly generated by
LLMs in response to prompts, without systematic adversarial paraphrasing or intensive
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human editing. Prior work shows that such transformations can sharply degrade detector
performance. As a result, our results should be interpreted as upper bounds on robustness
in non-adversarial settings.

Detector baselines. On the supervised side we evaluate a RoBERTa/DeBERTa-based
detector, and on the zero-shot side we focus on Binoculars, which recent benchmarks consis-
tently identify as SOTA. We do not re-evaluate older zero-shot methods (e.g., DetectGPT,
DNA-GPT) nor commercial detectors such as GPTZero. Although existing benchmarks
suggest these are weaker than our chosen baselines, a more comprehensive head-to-head
comparison is left for future work.
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Chapter 8

Future Work

Our results suggest several concrete directions for extending and strengthening LLM-text
detection.

Richer detector baselines. An immediate extension is to broaden the set of detectors
evaluated. On the zero-shot side, it would be valuable to compare Binoculars more system-
atically to other perplexity- and embedding-based methods, and to explore variants that
use fine-tuned observer/performer models rather than base LMs. On the supervised side,
incorporating commercial detectors such as GPTZero into the benchmark would provide a
more complete picture of the current landscape.

Leveraging model logits where available. Our study deliberately assumes only
text-level access to proprietary LLMs. In settings where APIs expose token-level prob-
abilities or logits, future work could investigate detectors that combine our tail-focused
pipeline with direct information from the target model, potentially improving both zero-
shot (Binoculars-style) and supervised approaches.

Adversarial and edited text. A natural next step is to evaluate detectors under
stronger threat models that include paraphrasing, style transfer, and human editing. Inte-
grating such transformations into both training (e.g., through adversarial augmentation)
and calibration would stress-test robustness beyond the vanilla generations considered here.

Longer documents and richer calibration. Extending the low-FPR pipeline to
longer documents is an important direction. Longer contexts may provide additional signal
for detection.

Scaling data and stabilizing Stage-2. Increasing the size and diversity of both
human calibration pools and machine-generated training data may reduce variance in the
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tails and improve stability at 0.1% FPR. Complementary to this, a more systematic study
of Stage-2 objectives and hyperparameters (including ablations and automated tuning)
could identify configurations that are less seed-sensitive while retaining strong low-FPR
performance.

Progressive adaptation to new models. In realistic deployment, detectors will
need to adapt as new LLM releases appear. One promising line of work is progressive or
data-efficient fine-tuning of a universal detector on small labeled samples from a new target
model, measuring how quickly TPR can be recovered at a fixed FPR budget. This would
more closely mimic the life-cycle of a deployed detector that is periodically updated.

Broader model and language coverage. Finally, extending our evaluation to ad-
ditional families (such as Gemini, Qwen, and other emerging models), as well as to non-
English and multilingual settings, would help clarify how general our conclusions are and
where family- or language-specific effects dominate.
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Chapter 9

Conclusion

This thesis set out to evaluate the generalizability of state-of-the-art LLM-text detectors
across evolving model families and domains, guided by three research questions (RQ1–
RQ3). We compared a supervised RoBERTa baseline and the zero-shot Binoculars de-
tector on text from two major LLM families (OpenAI and Anthropic) and three domains
(academic, news, creative writing), analyzed within-family transfer across multiple genera-
tions of models, and introduced a DeBERTa-v3-based supervised pipeline with tail-focused
training and document-level calibration for operation at FPRs as low as 0.1%.

Our experiments lead to three main conclusions. First, zero-shot methods such as
Binoculars, while attractive for their lack of supervision, are not reliable for frontier mod-
els: they can achieve high AUROC and accuracy, yet collapse to near-zero TPR at realistic
low-FPR operating points, particularly on formal text. Second, supervised detectors re-
main practically viable, but only in a model-aware regime: detectors trained on one LLM
generation transfer poorly to distant generations within the same family, and universal
detectors operating at 0.1% FPR require careful calibration and still exhibit substantial
variability across seeds. Robust deployment is therefore unlikely to look like a single, static
“AI detector” and more like a continually recalibrated, family-aware detection pipeline.
Third, our comparison of AUROC and accuracy against TPR-at-fixed-FPR shows that
commonly reported aggregate metrics can be misleading in exactly the low-FPR regimes
that matter for high-stakes applications such as academic integrity or content moderation.
Evaluation practices for LLM detection should therefore standardize on reporting TPR
and realized FPR at application-appropriate thresholds, along with variability across seeds
and models, rather than relying solely on headline AUROC or accuracy figures.

The real-world incidents documented in our Introduction reinforce the urgency of re-
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liable detection. Our results suggest that addressing these challenges will require not a
single ’AI detector’ but a continually updated, model-aware detection infrastructure with
appropriate human oversight.
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Appendix A

Additional info

Data generation. Concretely, we reuse the same prompt that originally elicited the
human text (e.g., the article title for academic writing, the original WritingPrompts prompt
for creative writing, or the reference summary for news) as the user message, and prepend a
task-specific system instruction that explicitly describes the generation task (for example:
“You will be given a writing prompt, and you will provide a detailed creative story of at
least 300 words based on the prompt. Generate the text directly without preceding it with
anything.”). We use default model settings and a temperature of T = 1.0.

Preprocessing. All texts (human and LLM-generated) undergo a unified normalization
and cleaning step. We first apply Unicode normalization using Python’s ftfy package to
correct encoding artifacts and non-standard characters. We then remove common boil-
erplate prefixes such as “Title:”, “Abstract:” and “Article:” (case-insensitively), as well
as wrapper quote blocks (e.g., """...""") that some APIs prepend or append to model
outputs. Next, we collapse all sequences of whitespace into a single space and strip lead-
ing and trailing whitespace, discarding empty or extremely short documents. Finally, we
tokenize with the detector tokenizer and restrict sequence length to at most 256 tokens,
truncating longer documents. Crucially, we adopt this relatively aggressive normalization
to remove non-linguistic “shortcut” features (e.g., systematic prefixes, quoting conventions,
or unusual Unicode artifacts) that could allow the supervised DeBERTa-based detector to
separate human and LLM-generated texts by exploiting formatting cues rather than gen-
uine linguistic differences.
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Binoculars evaluation. Given a CSV with columns text and label (“human” or “ma-
chine”), we load the data with datasets, map labels to {0, 1} (human→ 0, machine→ 1),
and perform a stratified dev/test split. On the dev split, we run a single Binoculars in-
stance in batch mode to obtain scores BM1,M2(si). For each experimental condition we
report test-set accuracy, precision, recall, F1 for the machine class, AUROC, and TPR at
a fixed low FPR.

Binoculars extending to modern LLMs Tokenization and sequence-length align-
ment. We always tokenize with the M1 tokenizer, truncate to a maximum of L tokens,
and pad as needed. The same tokenized batch is then fed to both M1 and M2. For large
sharded models loaded with device_map="auto", we observed that the returned logits
can have a sequence length slightly larger than the input (due to internal padding). Be-
fore computing log-perplexity and cross-perplexity, we truncate all logits and tokenization
tensors (input_ids, attention_mask) to the minimum common sequence length across
models and inputs, ensuring that both log PPL and log X-PPL are evaluated on aligned
token positions.

Threshold interface. The reference implementation exposes two pre-computed op-
erating points, “accuracy” and “low-fpr”. We wrap these, and any user-specified numeric
threshold, in a unified set_threshold interface. This allows us to either use the original
global thresholds of Hans et al. or plug in dataset-specific thresholds calibrated as described
next.

Threshold calibration and evaluation. For each dataset and model pair (M1, M2),
we calibrate the decision threshold on a held-out development split and then evaluate on
a disjoint test split. We perform a stratified split into development and test sets, calibrate
the threshold on the development set, and evaluate on the test set.
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