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Abstract

As Al writing assistants become increasingly integrated into real-world drafting
and revision workflows, many documents are no longer purely human-written or
Al-generated, but instead result from progressive human—AlI co-editing. How-
ever, existing Al-text detection benchmarks largely focus on final outputs and
provide limited understanding of how Al authorship signals emerge, accumulate,
or disappear throughout the revision process. We introduce OpAI-Bench, an
operation-guided benchmark for studying progressive human-to-Al text transfor-
mation across document, sentence, token, and span granularities. Starting from
human-written documents, OpAI-Bench constructs nine sequentially revised ver-
sions for each sample under predefined Al coverage levels and five representative
Al edit operations, covering four domains while preserving complete authorship
provenance at multiple granularities. The benchmark supports comprehensive
evaluation with 8 document-level detectors, 7 sentence-level detectors, and 2 fine-
grained token/span-level detectors. Experiments reveal that Al-text detectability
is governed not only by the proportion of Al-edited content, but also by edit op-
eration, domain, and cumulative revision history. Interestingly, we notice that
mixed-authorship intermediate versions are often harder to detect than both fully
human and heavily Al-edited endpoints, exposing non-monotonic detection pat-
terns missed by existing benchmarks. OpAI-Bench provides a controlled testbed
for analyzing whether, when, and how Al-assisted writing becomes detectable
under realistic progressive editing scenarios. Our code and benchmark are available
athttps://github.com/VILA-Lab/0OpAI-Bench.

1 Introduction

Al-assisted writing and editing workflows [[17, 123} 2516} [7] [14]] are increasingly embedded in practical
writing workflows, where they are used not only to generate complete passages, but also to revise,
polish, expand, compress, and restructure human-written drafts. As a result, many real-world
documents are better characterized as products of progressive human—AlI co-editing rather than as
purely human-written or fully Al-generated text. This emerging writing paradigm challenges the
conventional binary framing of Al-text detection, where a document is assumed to belong to one of
two endpoint categories. In practice, Al involvement may appear locally, accumulate gradually, and
interact with prior human content across multiple rounds of revision.

Existing Al-text detection benchmarks [} 29, 28] provide valuable resources for evaluating whether a
completed text is human- or Al-written, but they offer limited support for analyzing how detectability
evolves during the transformation from human writing to Al-edited text. Most benchmarks are
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constructed from static final outputs and do not preserve the intermediate revision states that lead
to those outputs. Consequently, they cannot answer several important questions: at what stage does
Al involvement become reliably detectable, which types of edits introduce the strongest detection
signals, and whether mixed-authorship texts are easier or harder to detect than endpoint cases. These
questions are increasingly important as Al-assisted writing becomes more incremental, interactive,
and operation-specific.

Evaluation should capture not only how much text is Al-edited, but also how it is edited and where the
edits occur. Edit operations can leave different signals: polishing may preserve lexical choices while
improving fluency, paraphrasing changes form while retaining meaning, expansion adds explanatory
detail, and compression removes details or simplifies structure. Collapsing these operations into a
single Al-written label obscures their different effects on detection. Similarly, document-level labels
support global screening but cannot localize Al involvement, while sentence-level labels may miss
mixed human—Al fragments within a sentence. Token- and span-level provenance is therefore needed
to evaluate fine-grained localization.

To address these limitations, we introduce OpAI-Bench, a novel operation-guided benchmark
for progressive human-to-Al text transformation and multi-granularity Al-text detection. Starting
from human-written source documents, OpAl-Bench constructs a sequence of progressively revised
versions under predefined Al coverage levels and representative edit operations. Each revision
trajectory records how human text is transformed by Al edits over time, while preserving authorship
provenance at the document, sentence, token, and span levels. This design enables controlled
evaluation of detection performance as a function of Al coverage, edit operation, domain, and
cumulative revision history, rather than only on isolated final texts.

Using OpAl-Bench, we conduct a comprehensive evaluation of document-level, sentence-level,
and fine-grained Al-text detectors. Our results show that Al-text detectability is not determined
solely by the proportion of Al-edited content. Instead, detector performance varies substantially
across edit operations, domains, and revision stages. In particular, intermediate mixed-authorship
versions can be more challenging than both purely human and heavily Al-edited endpoints, revealing
non-monotonic detection behavior that is overlooked by existing static benchmarks. These findings
suggest that reliable Al-text detection requires moving beyond binary endpoint classification toward
trajectory-aware and operation-aware evaluation.

Our contributions are summarized as follows:

* We introduce OpAI-Bench, an operation-guided benchmark for progressive human-to-Al
text transformation that preserves intermediate revision states rather than only final outputs.

* We construct cumulative revision trajectories with predefined Al coverage levels and five edit
operations: polish, paraphrase, style rewrite, compress, and expand, and provide provenance
across document, sentence, token, and span levels.

* We benchmark diverse detector families across granularities and use OpAl-Bench to assess
detector stability across coverage, edit operations, domains, generators, and revision history.
Our results reveal non-monotonic detectability, with a critical mixed-authorship region
around vy where intermediate Al coverage and compression coincide.

2 Related Work

Al-text detection benchmarks. Prior work on Al-text detection has introduced increasingly diverse
benchmarks spanning human-written, machine-generated, and Al-edited text. Benchmarks such as
TuringBench [25], HC3 [6], MGTBench [7], MULTITuDE [14], RAID [3], M4 [29], and M4GT-
Bench [28] broaden evaluation across generators, domains, languages, and robustness conditions.
More recent benchmarks also expand the problem formulation to include robustness under attacks,
generator attribution, and mixed-authorship boundary detection. DetectRL [30] evaluates detectors
under prompt attacks, paraphrasing, perturbations, and data-mixing settings, while M4GT-Bench [28]]
further incorporates generator attribution and mixed human—machine change-point detection. How-
ever, these benchmarks still mainly evaluate the final text obtained after generation or editing, or
at most a single authorship transition within it, rather than a full revision process with explicit
intermediate stages.
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Figure 1: OpAl-Bench construction pipeline. Top: a naive setup creates each version independently
from the original human document, so versions do not form a true revision history and provenance
is not tracked across stages. Bottom: OpAI-Bench builds a cumulative trajectory by progressively
editing a larger prefix of that order. Each version is generated from the previous one.

Mixed-authorship and fine-grained attribution. A related line of work moves beyond pure human-
versus-Al classification to study hybrid and coauthored text. MixSet [32] highlights the difficulty
of detecting mixed human—Al writing in settings such as Al-revised human drafts and human-
revised machine outputs. Localization methods such as AdaLoc [33] identify machine-generated
sentences within otherwise human-written documents, while SenDetEX [11], HACo-Det [20], and
DAMASHA [22]] move toward finer attribution at the sentence, word, or token levels. Beemo [2] and
RealBench [8]] further show that human post-editing and diverse collaboration patterns substantially
complicate detection. These works demonstrate the importance of mixed-authorship and fine-grained
detection, but typically focus on a completed hybrid sample or local attribution within it, rather than
the revision trajectory through which mixed authorship is formed.

Varying degrees of Al involvement. Recent work has begun to move beyond binary Al-text detection
by considering text with varying degrees of Al involvement. APT-Eval [17]] varies the degree of Al
polishing and shows that lightly edited text can be difficult to distinguish from fully human writing.
PaLlLD [[13]] estimates the proportion and localization of LLM-written content, while EditLens [23]
models Al involvement as a continuous edit-magnitude signal relative to an original human draft.
HACo-Det [20] similarly motivates numeric notions of Al ratio through fine-grained attribution.
Together, these works move beyond binary labels, but they typically focus on final edited samples or
single editing outcomes. In contrast, OpAl-Bench studies explicit cumulative revision trajectories
with preserved intermediate versions, controlled Al coverage, and diverse edit operations.

3 OpAI-Bench
3.1 Overview and Design Principles

Most prior Al-text detection benchmarks evaluate a completed text and assign it a final authorship
label, such as human, Al-generated, or mixed. This formulation has been valuable for static detection,
but it is less informative for studying how detectability evolves as Al involvement is introduced
through revision. Prior benchmarks generally do not preserve explicit intermediate versions, do
not model cumulative version-to-version editing, and do not jointly control Al coverage, edit type,
and multi-granularity provenance within a unified setup. Consequently, they provide only limited
support for analyzing when detection becomes reliable, whether matched Al coverage yields different
difficulty across edit types, and whether detector behavior depends on revision history as well as on
the final edited text.



Benchmark Authorship |  Trajectory | Diversity | Annotation
Mixed AI_Cov | Interm Cumul | Edit_Types Domain LLM | Gran.

DetectRL [30]
MixSet [32]
RAID [5]
M4GT-Bench [28]]
RealBench [8]
Beemo [2]
HACo-Det [20]
SenDetEX [[11]
APT-Eval [17]
DAMASHA [22]]
EditLens [23]]

SSSNSNSNNSNSIxSNS
X X N X X X XX XXX
X X X XN\ X XX XXX

O > % % % 3 3% X% X X X X
AN R NP NN
SNTESSSSNNNANANANANSN
SNISSSSNNNNNNANSN
4 ivi-"RviZEKdvivEdvidv)

OpAI-Bench (Ours)

<
AN
AN

Table 1: Comparison with prior Al-involved text detection benchmarks. Mixed: mixed human—
Al authorship; AI_Cov: controlled Al coverage; Interm: intermediate revision stages; Cumul:
cumulative version-to-version revision; Edit_Types: diverse Al edit operations; Gran.: supported
annotation/evaluation granularity (D: document, S: sentence, B: boundary, M: multi-granularity).
OpAl-Bench is the only benchmark listed that combines all properties.

OpAlI-Bench is designed to study this setting by representing mixed authorship as a controlled revision
trajectory. Given a source document D, we construct 7 (D) = (D(O), DM D(S)), where D(®)
is the original human-written document and D(Y) denotes version V' € {0, ...,8}. Rather than
generating each version independently from the original source, we construct each D(V) by editing
the previous version D( =1 This yields a cumulative sequence in which the target AI coverage

increases monotonically from fully human (vO0) to fully Al-edited (v8) under predefined coverage
ratios and edit operations.

Each version is paired with provenance annotations at the token, sentence, and document levels. This
structure enables analyses that are difficult to carry out on static benchmarks, including coverage-
controlled comparisons, edit-type-controlled comparisons, and trajectory-controlled comparisons. In
particular, it allows us to study whether detectability depends only on the final amount of Al-edited
content, or also on the path through which mixed authorship is formed. Table [I]situates OpAI-Bench
relative to prior resources, and Figure |l|illustrates the construction pipeline.

OpAlI-Bench is guided by five design principles: versioned trajectories, expanding each source
document into nine ordered versions (vO—v8) from fully human to fully Al-edited text; controlled
Al coverage, introducing edits at predefined sentence-level ratios from 0% to 100%; edit-type
diversity, covering polish, paraphrase, style rewrite, compress, and expand; camulative construc-
tion, generating each version from the previous one rather than independently from the source; and
multi-granularity provenance, preserving Al-revision authorship labels at word-level token/span,
sentence, and document levels.

3.2 Benchmark Construction

Source Domains, Representation, and Filtering. OpAI-Bench is constructed from human-written
documents across four domains: student essays [[12], news articles [[15]], government reports [10],
and scientific abstracts [[16]. These domains vary in writing style, discourse structure, and sentence
length, enabling evaluation across diverse text types.

We use document as the unit of editing. Depending on the source corpus, a document may be a
multi-paragraph text or a single paragraph treated as a document. Each document is normalized and
segmented into paragraphs and sentences, represented as D = (p1, ..., pm ), where each paragraph
pi = (sgz)7 ceey sgf 2 ). Stable paragraph and sentence identifiers are assigned and preserved across all
derived versions for sentence selection, reconstruction, and authorship tracking.

To support intermediate revision trajectories, we retain only documents with at least 10 sentences,
ie., N(D)=>"", n; > 10. Each retained document is then expanded into a nine-version trajectory
while preserving its paragraph and sentence structure. Summary statistics are reported in Table 2}



Domain # Source Docs # Traj. # Versioned Samples Avg. sents Avg. tokens

Student essays 3,969 7,906 71,154 21.0 398.8
News articles 3,998 7,892 71,028 24.0 491.3
Government reports 3,993 8,000 72,000 20.6 563.7
Scientific abstracts 3,762 7,291 65,612 11.0 234.3
Total 15,722 31,089 279,794 19.3 426.1

Table 2: Statistics of the OpAl-Bench main split. Source documents are distinct human-written
vO0 texts, while trajectories are generator-specific revision sequences initialized from v0. Versioned
samples count all released versions from vO to v8 across the train, development, and test splits.
Statistics are reported for the three primary generators and exclude ablation splits.

Version V0 V1 Vg v3 V4 V5 Vg vy vg
Operation none polish para. style compress expand style para. polish
Coverage 0% 15% 25% 40% 50% 60% 75% 90% 100%

Table 3: OpAl-Bench version schedule. Each version is defined by an edit operation and target
sentence-level Al coverage. “para.” denotes paraphrase.

Versioned Trajectories and Cumulative Editing. For each source document D, OpAl-Bench
constructs an ordered trajectory 7 (D) = (D© DM ... D®) where D is the original human-
written document and later versions follow the fixed operation—coverage schedule in Table 3] The
trajectory spans the transition from fully human text at vO to fully Al-edited text at v8, with in-
termediate versions increasing the amount of edited content while varying the edit operation. To
select edited sentences, we define a fixed document-specific ordering (D) = (71,...,TN(D))
using a deterministic shuffle seeded by the document identifier. This ordering is computed once
and reused across all versions, ensuring reproducibility and removing positional bias. Given target

sentence-level coverage cﬁéﬂn at version ¢, we select k(Y) = [cgir)n - N(D)] sentences and define the

edited set as S(H) = {m1,...,mm }. Because coverage increases monotonically, the edited sets
satisfy S 0 c g c...c S®) This yields a cumulative editing process: once selected, a sentence
remains editable in later versions, so subsequent versions both add newly selected sentences and
re-edit previously modified ones under the current operation. This preserves not only where Al edits
occur, but also the revision history through which they accumulate.

Editing Operations and Coverage Control. OpAlI-Bench uses five sentence-level rewrite operations
to model different forms of Al-assisted revision: polish, paraphrase, style rewrite, compress, and
expand. These operations vary the form of intervention: polish makes fluency edits, paraphrase
changes wording while preserving meaning, style rewrite modifies tone, compress removes non-
essential phrasing, and expand adds limited clarifying detail. All prompts require the model to rewrite
only the target sentence, preserve names, numbers, entities, and factual content, avoid unsupported
additions, and return a single sentence. We further enforce sentence-level consistency through
automatic validation and manual verification: outputs are discarded if they split the target into
multiple sentences, merge across sentence boundaries, or violate the expected format. Full prompts
are provided in Appendix [J|

For each version D(*), the target sentence-level Al coverage cgﬁr)n determines the fraction of sentences
selected for rewriting according to Table[3] A sentence is labeled Al-edited if selected for rewriting.
Token- and span-level annotations are projected from Al-edited sentence regions using whitespace
tokenization: words whose character offsets overlap an Al-marked region are labeled Al, and
consecutive Al-labeled words are merged into spans. These labels are tokenizer-agnostic and can
be aligned to any subword vocabulary via character offsets. This convention is consistent with
segment-level mixed-authorship settings that label Al-revised regions as machine-involved [32].

4 Experiments
4.1 Tasks

OpAI-Bench evaluates Al-text detection at three granularities over the same versioned trajectory
T(D) = (DO, ..., D®). Document-level detection predicts whether a document version contains
any Al-edited content. The source version D(?) is labeled human, while later versions are labeled



Detector Ver. Essays Reports News Abstracts
Acc F1-Al Acc F1-Al Acc F1-Al Acc F1-Al
Sentence Level
v0 91.2 0.0 96.4 0.0 91.9 0.0 532 0.0
vl 772139 22.0+220 79.9-165 7.0 +7.0 78.0-139 1124112 50.6-26 259 +259
v2 74725 4554235 69.4-105 114444 70575 203 49,1 48916  37.6 +11.7
v3 75.0 +03  65.5+200 56.2-.132 17.1+6 61986 31.3+110 514425 51.2+137
Claude-Haiku vd 62.9 121 52.7-129 47.8 84 13436 51.2-107 23.0-83 49816 522410
v5 69.8+70 69.7+171 48.7+0.9 3424208 529+17 403+173 60.0+102 67.4+152
v6 752 +54 8l.5+117 41.176 378436 46267 452449 66.8+69 T7.5+101
7 66.0-92 77540 34467 42345 334-.27 41735  69.1+23  80.5430
v8 64317  78.0+05 30.736 43.0+07 27361 404 13 71.7+25  83.1 26
v0 85.1 0.0 94.7 0.0 86.6 0.0 96.7 0.0
vl 723128 20.5+205 79.0-157 79479 739-127 158 +158 79.6-17.1 6.1 +6.1
v2 66.2 61 237433  70.585 7.9 00 67.4 65 18.6 +28  70.3 .93 5.7 05
v3 57.1 9.1 30.1 +63  56.9-136 8.8+09 563-11.1 20.8+22 57.2-13.1 5.2 04
AdalLoc [33] vd 50962 30.9-+08 48.1-87 6.5 23 494 69  21.1+03 48.4 838 5.1-01
05 43.080 27534  38.6-95 7.2 +07 42.0.74  225+14  38.3.102 4.9 .02
v6 34783 309434 25433 74403 30.7-113 23.0+04 22.3-160 5.1 +02
v7 28.6 -6.1 37869 11.6-138 8.2 +08 21295 263434 12.1-102 7.1 220
v8 29.8 412 44.7 +69 5.0 -6.6 9.5 +13 16.9 43 28.8 124 5.6 -65 10.6 +35
Document Level
v0 71.2 0.0 99.9 0.0 99.9 0.0 99.3 0.0
vl 337375 50.4 4504 0.1 -999 0.1 +0.1 0.1 999 0.1 +0.1 0.9 -98.4 1.7 +17
v2 36.2+25 53.1+28 0.2 +02 0.4 +03 0.3 +03 0.7 +0.6 1.0 +02 2.1 +04
v3 452 90 62.2 490 0.3 +0.1 0.5 +0.1 0.6 +0.2 1.2 +05 1.3 +02 2.6 +05
RADAR [9] vd 42.8 24 59.9 23 0.2 -0.1 0.3 -02 0.2 -04 0.3-08 0.7 -06 1.5-11
5 494 167  66.1 463 0.3 +0.1 0.5 +02 0.8 +0.6 1.5 +12 1.4 +07 2.8 +13
v6 53.1437 689427 0.3 +0.1 0.7 +0.1 1.0 +02 2.0 +05 1.2 02 2.3 04
v7 52.5-06  68.7 02 0.3 0.1 0.5 0.1 1.4 +04 2.7 +0.7 0.9 03 1.8 05
v8 55.8433 715427 0.4 +02 0.9 +03 2.0 +0.6 3.8 +12 0.2 -07 0.5-13
v0 83.7 0.0 58.3 0.0 52.3 0.0 82.5 0.0
vl 19.7 640 32.8 4328 442-141 613613 48538 650650 159666 27.3:273
v2 11.1-86 199-129 284.158 43.9.173 324-161 48.0-170 7.8 8.0 14.4 -130
v3 10.1 -09 18416 325+41 484445 29925 442338 9.8 +20 17.6 +32
Fast-DetectGPT [3] wv4 7.9 23 14538 19.1-134 31.8-166 22.2.77 35.1-90 5.8 4.1 10.9 6.8
v5 8.5 +07 157 +11 20.1+10 32.6+08 224402 34.9-02 5.8 +0.0 10.8 -0.0
v6 10.1+16 183 +26 192-10 31.0-15 20.8-1.6 32.9-20 6.1 +03 11.3 +04
7 7.0 3.1 12.9 54 10.5-87 185-126 18226 29.4 35 447 8.3 29
v8 12.1 451 20.8+79 189484 29.1+107 239456 352458 122 78 20.4 +12.1
Token and Span Level
v0 89.5 0.0 79.4 0.0 98.6 0.0 83.1 0.0
vl 75.8-137 1924192 68.5-109 19.4 +194 82.0-166 2.4 24 70.2 -129  20.6 +20.6
v2 68.7-7.1 250458 62560 225431 724 96 4.8 23 63.6 -6.5 26.1 +55
v3 59.0-97 3834133 52996 31.7+92 575-149 9.4 446 57.2 .65 35.3 192
DAMASHA [22] vd 56.229 30974 51415 26.3.55  53.0 45 5.2 42 53.8 33 31.9 34
v5 50.4 58 48.7+178 45.0-64 39.2+130 39.0-140 133482 46.1-77 41.2493
v6 51.2+08 59.8+11.1 41.635 46.8+76 279-111 17.2439 41942 479 466
7 42389 55939 32887 43533 14.1-139 12.8.43 35.1-67 46.6 -13
v8 43209 599440 32503 48.2 447 7.6 64 13.5 +0.7 34903 51.5 +49
v0 98.7 - 0.0 - 98.5 - 0.0 - 99.5 - 0.0 - 97.5 - 0.0 -
vl 82.6 -16.1 7.6+76 81.8-168 2.6+26 82.9-166 1.5 +15 79.6 -179 6.8 +6.8
v2 742 84 19.0+114  71.9 99 33406 72.6-104 3.0+15 69.4 101 12.1 453
v3 66.1 81 39.0+200 56.6-153 5.7+25 572-153 82452 58.5-110 22.4+103
GigaCheck [24] vd 58972 26.6-124 52.6 40 8.7 +3.0 51.9 53 6.8-14 53.3 52 21410
vh 54.6 43 4481183 38.6-141 11.5+27 38.7-133 12.1+53 45974 299485
v6 56.7 421 6231174 28997 183468 30.1 86 20.7+87 43920 46.5 +166
v7 41.6-151 53884 17.0-119 17.7-06 19.0-11.1  20.0-07 32.8-11.1  40.5 59
v8 51.1+94 66.7+128 11.2-58 18.1+04 15733 239438 309-19 452447

Table 4: Aggregate main results across revision versions and domains, averaged over generators. We
report accuracy and F1-Al for zero-shot detectors and LLM-as-detectors at their native evaluation
granularity: document, sentence, or fine-grained token/span level. Colored deltas show the change
from the previous version.

Al-involved. Sentence-level attribution predicts a binary authorship label for each sentence, marking
whether the sentence has entered the cumulative Al-edited set by the corresponding version. Token-
and span-level localization evaluates fine-grained provenance by identifying the Al-edited portions

of a document at the benchmark token or character-span level.

All tasks are evaluated at each version ¢ € {0, ..., 8} rather than only at the final edited document.

This allows us to measure detector behavior throughout the human-to-Al revision trajectory.



4.2 Evaluation Protocol

Evaluation regimes. We organize detectors into three categories corresponding to distinct levels of
task-specific adaptation. (i) Zero-shot methods: detectors are evaluated in their original settings,
using either released checkpoints or models reproduced from the original training scripts, with
no exposure to OpAl-Bench data. This measures how well existing detection methods transfer to
trajectory-style mixed authorship without adaptation. Document-level methods include Desklib [4]],
DetectLLM [19]], ES-Small [26], Fast-DetectGPT [3], OOD-LLM Detect [31]], RADAR [9], RoBERTa
OpenAl [18], and GigaCheck [24]; sentence-level methods include AdalLoc [33], GenAl Sen-
tence [21], GL-CLiC [[1], and SeqXGPT [27]]; token- and span-level methods include DAMASHA [22]
and GigaCheck [24].

(ii) LLM-as-detector: three frontier language models: GPT-5.4, Gemini 3 Flash, and
Claude Haiku 4.5 are queried as zero-shot classifiers via sentence-level confidence prompting,
without any gradient-based adaptation; they serve as prompt-based reference points.

(iii) Trained on OpAI-Bench: detectors are fine-tuned on the OpAl-Bench training split using
sentence-level provenance labels drawn from three in-distribution generators (GPT-5.4, GPT-5.4-
nano, Gemini 2.5 Flash). Qwen3-8B is withheld from training and evaluated as a held-out generator,
isolating cross-generator transfer while holding the training protocol fixed. Document-level methods
include Fast-DetectGPT and GigaCheck; sentence-level methods include AdalLoc, GenAl-Sentence,
GL-CLIiC, and SeqXGPT; token-level and span-level methods include DAMASHA and GigaCheck.
Full implementation details and training hyperparameters are provided in the appendix.

Domain and generator splits. We report results by domain and generator to evaluate robustness
across writing settings and generation backends. For fine-tuned methods, Qwen3-8B is used only as
a held-out generator for cross-generator evaluation.

Metrics. For each task and version, we report accuracy and Al-class F; (F*T). Main tables also
show changes relative to the previous reported version, and the ablation studies examine coverage
control, edit operations, and cumulative construction.

5 Main Results

Detection performance does not increase smoothly as Al coverage grows, but instead varies across re-
vision stages, domains, and detector types. Table {f] summarizes aggregate results across granularities,
averaged over generators. Figures[2]and [3]show document- and sentence-level accuracy by domain
and generator, with full breakdowns in Appendices and[G|

Document-level detectors show domain-specific failure patterns. While aggregate results in
Table [ suggest overall trends, Figure [2] shows that zero-shot document-level detectors exhibit
substantial variation across domains and revision stages, rather than following a consistent trend
with increasing Al coverage. RADAR is effective mainly on essays: its F1-Al remains near zero on
reports, news, and abstracts across the trajectory, but increases on essays from 50.4 at v; to 71.5 at vs.
Fast-DetectGPT shows a different pattern. It detects early edits in reports and news, reaching 61.3
and 65.0 F1-Al at v;, but declines as revision progresses, falling to 29.1 and 35.2 at vg. These results
suggest that document-level detectors rely on domain- and operation-sensitive cues, so increasing Al
coverage alone does not guarantee easier detection.

Sentence-level supervision improves stability, but does not remove revision effects. Sentence-
level results show a clear gap between detector families. LLM-as-detectors often improve through
early revisions, drop near the compression step, and only partially recover afterward. For example,
Gemini-Flash on essays rises from 9.5 F1-Al at v; to 71.5 at v3, drops to 53.6 at v, and reaches
57.9 at vg. Zero-shot sentence-level detectors are less consistent: Adal.oc and GL-CLiC recover
in some settings, while SeqXGPT remains near-zero in F1-Al across versions despite high early
accuracy. Fine-tuned sentence-level models are generally more stable, with GenAl-Sentence and
AdaLoc often recovering at higher AI coverage. However, Figure 3] shows that performance still
varies across domains and generators, indicating that sentence-level supervision improves robustness
but does not eliminate sensitivity to revision stage or edit operation.

Fine-grained localization follows a different trade-off. DAMASHA operates at the token level
and GigaCheck at the span level, so we treat them as localization methods rather than directly



Essays Reports Abstracts News

1001‘\ gt ¥ ,\ M Q
751.) / 1\ \ E
5017 74#/"' ‘ I\

\ \ ik

» A \\_f‘// = 3
| & = ) @

0 =

100 ¢ L 1 W ]

. C:;: \ \ g

ol 7W 7

o ® / \ M ~
é 0 n—-—f—o—o/’-/ __ﬁ b Q
2 100 8 M a %
8 \ e o B
=] H g
Q /—.—-—W o5
S 5017 o

25 \ g

0 —e—— *./. —a—a ©

10042 =t M ]
\ 1

7511 \ : \ \ (23

g — :

50 o/ < /,/ﬁ: 3

” / \ \ . \ /\/// \_h/// 2

v0 vl v2 v3 v4 v5 v6 v7 v8 v0 vl v2 v3 v4 v5 v6 v7 v8 vO vl v2 v3 v4 v5 v6 v7 v8 vO vl v2 v3 v4 v5 v6 v7 v8
Version
DeskLib —+— Eb5-Small —+— OOD-LLM-Detect —=— RoBERTa
—+— DetectLLM Fast-DetGPT RADAR GigaCheck

Figure 2: Document-level accuracy across revision versions, domains, and generators. Each curve
represents a document-level detector, illustrating how performance changes along the progressive
human-to-Al revision trajectory.

comparable document classifiers. Unlike document- and sentence-level detectors, fine-grained
methods generally show decreasing accuracy but increasing F1-Al as Al-revision-labeled regions
become denser. This reflects class imbalance in early versions: predicting mostly human yields high
accuracy when few word-level tokens or spans are labeled Al, while F1-Al becomes more informative
at higher Al coverage. Nevertheless, localization remains domain- and generator-dependent, with
news consistently harder than essays or abstracts.

Overall, the main trajectory shows that Al-text detection depends on more than the amount of
Al-edited content. The ablations in Section [5.1] further disentangle this effect, showing that the
degradation around v, is linked to compression as well as intermediate human—Al coverage.

5.1 Controlled Analysis of Coverage, Operation, and Revision History

The main trajectory varies three factors jointly: Al coverage, edit operation, and cumulative revision
history. We therefore run controlled analyses to clarify the non-monotonic patterns in the main results,
especially around v4, where intermediate human—AI coverage coincides with compression. Unless
otherwise stated, we use Gemini-2.5-Flash, since it gives the clearest separation from human-written
text in the main experiments.

Varying coverage within each operation. We first fix the edit operation and vary target Al coverage.
Figures[T2]and[I3]show that sentence-level performance does not uniformly collapse at 50% coverage.
Instead, trends differ by operation, with compression generally harder to detect than paraphrase
or expansion at comparable coverage. Document-level results show a similar but more detector-
dependent pattern (Figures [T4] and [T3). Thus, the degradation around v, is not explained by the
human—AI ratio alone.

Comparing operations at fixed coverage. We next fix one coverage level at a time (25%, 50%,
or 75%) and compare compress, paraphrase, and expand. Figures [16]and [T7]show that, for LLM-
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Figure 3: Sentence-level accuracy across revision versions, broken down by domain and generator.
The figure compares LLM-as-detectors with fine-tuned sentence-level detectors (FT), showing how
detector behavior changes across the progressive human-to-Al revision trajectory.

as-detectors, detectability generally increases from compression to expansion, especially at higher
coverage levels. Some zero-shot detectors remain weak or nearly flat across operations. Document-
level results show a similar but less uniform trend; full results are provided in Appendix These
results show that edit operation affects detectability even when Al coverage is fixed.

Cumulative versus independent editing. Finally, we compare the main cumulative trajectory with
an independent-editing setting, where each version is edited directly from the original human source.
This preserves the same version schedule while removing accumulated re-editing. As shown in
Appendix both sentence- and document-level results remain non-monotonic, including a visible
drop around the compression step. The independent trajectories are generally smoother and the drop
is less pronounced, indicating that cumulative revision can amplify, but does not fully account for,
the observed instability.

6 Conclusion

We introduced OpAI-Bench, an operation-guided benchmark for evaluating Al-text detection un-
der progressive human—AlI revision. Unlike endpoint-based benchmarks, OpAI-Bench preserves
intermediate revision states and multi-granularity provenance, enabling detection to be studied as
a trajectory rather than a single binary decision. Our results show that Al-text detectability is not
governed by Al coverage alone. Across document, sentence, token, and span granularities, detector
behavior depends strongly on edit operation, domain, generator, and detector family. In particular,
mixed-authorship intermediate versions can be harder to detect than both human-written and heavily
Al-edited endpoints, revealing non-monotonic failure modes that static evaluations miss. Controlled
ablations further show that compression is often harder to detect than expansion at matched coverage.
These findings suggest that reliable Al-text detection requires moving beyond endpoint human-versus-
Al classification toward trajectory-aware and operation-aware evaluation. OpAI-Bench provides a
controlled testbed for this setting and highlights the need for detectors that can localize and reason
about partial, incremental, and operation-specific Al involvement.
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Appendix

A Limitations

OpAlI-Bench provides a controlled benchmark for studying progressive human-to-Al text transforma-
tion, but it still has several limitations. First, the revision trajectories are constructed under predefined
Al coverage levels and edit operations, which may not fully capture the diversity and unpredictability
of real-world human—AI writing workflows. Second, the benchmark focuses on a fixed set of domains,
detectors, and Al editing models, so conclusions may not directly generalize to unseen domains,
emerging writing assistants, or future detector architectures. Third, preserving fine-grained authorship
provenance requires controlled generation and alignment procedures, which may introduce artifacts
that differ from naturally occurring collaborative writing.

B Societal Impacts

This work can have positive societal impacts by improving the transparency and accountability of
Al-assisted writing. By analyzing how Al authorship signals evolve under progressive editing, OpAl-
Bench can support the development of more reliable detection and provenance tools for education,
publishing, journalism, and research integrity. Its multi-granularity annotations may also help move
Al-text detection beyond coarse document-level judgments toward more interpretable evidence,
reducing the risk of unsupported accusations when only small portions of a text are Al-edited.

The study may also have negative societal impacts. More capable detection benchmarks could be
misused to train stronger evasion strategies, enabling users to deliberately rewrite Al-generated
content to bypass detectors. Detection tools developed from such benchmarks may also be over-
relied upon in high-stakes settings, despite known risks of false positives, domain bias, and uneven
performance across writing styles, languages, and user populations. Therefore, OpAI-Bench should
be used as an evaluation resource rather than as a definitive authority for authorship judgment, and
any deployment of Al-text detection should include human review and clear limitations.

C Ethics statement.

This work follows the NeurIPS Code of Ethics. OpAl-Bench is constructed from cited source datasets
and model-generated revisions, and does not involve new human-subject experiments or the collection
of private user data. The released benchmark and code are intended to support reproducible research
on Al-text detection under progressive editing scenarios.

D Detector descriptions

We evaluate the following Al-text detectors.

1. AdaLoc [33] is a sentence-level classifier over RoOBERTa-large with a sliding window of
three adjacent sentences: every window position emits an Al/human label, and overlapping
scores are averaged into one prediction per sentence.

2. RADAR [9] is a Vicuna-7B classifier trained adversarially against a paraphraser: the para-
phraser produces hard negatives during training, pushing the classifier to learn signals that
survive paraphrasing.

3. Fast-DetectGPT [3|] is zero-shot and scores a candidate by its conditional probability
curvature: the likelihood of the observed tokens under a scoring LM is compared to the
average likelihood of perturbed alternatives drawn from a sampling LM. Al text has higher
curvature than human text and the whole score is computed in a single forward pass.

4. DAMASHA [22] is a token-level CRF tagger over a dual encoder. RoBERTa-base and
ModernBERT-base read the same input; their hidden states are fused by an Info-Mask
layer driven by simple stylistic features, and the CRF decodes the per-token Al/human tag
sequence.
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5. GigaCheck [24] is a DETR-style span detector on top of Mistral-7B: the LM encodes tokens
and a DETR decoder predicts a fixed-size set of character intervals, each labelled Al or
human, alongside a coarse document-level head.

6. Desklib [4] is a single-transformer document-level classifier; we use the public Hugging
Face release out of the box, with no further training.

7. E5-small [26]] is an E5-small encoder with a LoRA adapter trained for Al-text classification
by the original authors. We use the public weights directly as a document-level binary
classifier.

8. OOD-LLM-Detect [31] treats Al-text detection as one-class classification: a Deep SVDD
model is fitted to language-model embeddings of human text only, and a candidate is scored
by its distance from the learnt human-text region.

9. RoBERTa-OpenAl 18] is RoBERTa-base fine-tuned by OpenAl on GPT-2 outputs; we use
the released document-level binary classifier as is.

10. DetectLLM [19] is zero-shot and combines two ranking statistics under a single reference
causal LM: the log-rank ratio (LRR) and the normalised perturbation rank (NPR). Both
capture how unusually high-ranked the observed tokens are under the reference distribution.

11. GL-CLiC [1] is a sentence-level classifier whose feature vector concatenates a DeBERTa
contextual embedding, per-sentence global-local coherence scores, and per-sentence lexical
complexity statistics; the resulting features are passed through a small classification head.

12. SeqXGPT [27] represents each token by its log-probability under four reference LMs
(gpt2-x1, gpt-neo-2.7B, gpt-j-6B, 1lama-7B), yielding a (7, 4) feature matrix. A
small CNN + Transformer + CRF stack reads this matrix and emits per-word labels, which
are aggregated to sentence level.

13. GPT-5.4 (reasoning level: none) is an API-based judge prompted with the candidate docu-
ment and asked to return a per-sentence Al/human label list directly.

14. Gemini 3 Flash (thinking level: minimal) is an API-based judge prompted with the candidate
document and asked to return a per-sentence Al/human label list directly.

15. Claude Haiku 4.5 (reasoning level: minimal) is an API-based judge prompted with the
candidate document and asked to return a per-sentence Al/human label list directly.

16. GenAl-Sentence [21] is a token-level CRF tagger: a DeBERTa backbone feeds a BIGRU
encoder, a linear classifier, and a CRF decoder that emits per-token Al/human labels;
sentence labels are obtained by aggregation.

E Implementation Details

E.1 Text Normalization and Segmentation

All source documents are normalized prior to processing: line endings are standardized, consecutive
blank lines are collapsed to a single paragraph boundary, and leading and trailing whitespace is
removed. Documents are segmented into paragraphs by splitting on blank lines, and each paragraph is
assigned a stable identifier preserved across all derived versions. Sentence segmentation is performed
using NLTK’s sent_tokenize, applied independently to each paragraph. Sentences receive stable
identifiers assigned sequentially across paragraphs, used for sentence selection, provenance tracking,
and document reconstruction across all nine versions.

E.2 Deterministic Sentence Selection

For each source document D with N sentences, a single fixed ordering (D) = (71,...,7n) is
computed once and reused across all versions. The shuffle seed is derived deterministically from the
document identifier, ensuring reproducibility and content-agnostic ordering. Given target coverage

cgf;)]t € [0, 1] at version ¢, the number of sentences selected is:

k(0 — [cggt : N} . (1
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The edited set is constructed cumulatively: previously selected sentences are always retained, and
new sentences are drawn from (D) to reach k), guaranteeing S € SM) C ... € §®),

E.3 Token- and Span-Level Provenance

Token- and span-level provenance labels are derived deterministically from the editing process, not
from post-hoc alignment or model-provided markers, ensuring annotations are exact and reproducible.

Span derivation. During construction, each sentence selected for Al rewriting is wrapped in XML-
style delimiters before being passed to the LLLM, and the returned rewrite is stored with those

delimiters intact. After each version is constructed, the tagged document Dt(;g)ged
®)

character-level Al spans Ay} = {(as, be)}_;, where a; and by are character offsets in the clean text
D® . Span boundaries reflect precisely which characters were produced by the LLM rewriting step.

is parsed to extract

Word-level projection. Word-level labels are projected from character spans via whitespace tok-
enization. For word w; with character span [s;, e;]:

yj(,t) =1|3(ae,be) € AD st max(sj,ag) < min(ej,bg)} . )

char

Consecutive Al-labeled words are merged into contiguous spans. Because the editing unit is the
sentence, each Al span corresponds to one rewritten sentence; boundaries therefore reflect sentence
boundaries rather than intra-sentence partial rewrites.

F Benchmark Statistics

Domain Generator # Traj. # Versioned Samples Avg. sents Avg. tokens
GPT-5.4 1,969 17,721 20.9 383.6
Student essays GPT-5.4-nano 1,968 17,712 209 397.1
Gemini-2.5-flash 3,969 35,721 21.0 407.2
GPT-5.4 1,904 17,136 24.0 477.0
News articles GPT-5.4-nano 1,998 17,982 24.0 479.4
Gemini-2.5-flash 3,990 35,910 239 504.1
GPT-5.4 2,000 18,000 20.5 539.4
Government reports  GPT-5.4-nano 2,000 18,000 20.6 552.5
Gemini-2.5-flash 4,000 36,000 20.6 581.4
GPT-5.4 1,764 15,876 11.0 224.1
Scientific abstracts GPT-5.4-nano 1,764 15,876 11.0 227.7
Gemini-2.5-flash 3,763 33,860 11.0 242.2
Total 31,089 279,794 19.3 426.1

Table 5: Main split statistics by domain and generator. Trajectories are generator-specific revision
sequences initialized from human-written vO texts, and versioned samples count all versions from vO
to v8.

Domain Train Development Test Total
Student essays 49,149 11,205 10,800 71,154
News articles 50,688 10,566 9,774 71,028
Government reports 50,049 10,881 11,070 72,000
Scientific abstracts 46,145 9,711 9,756 65,612
Total 196,031 42,363 41,400 279,794

Table 6: Train, development, and test row counts for the primary-generator benchmark subset, broken
down by domain. Counts are reported over GPT-5.4, GPT-5.4-nano, and Gemini-2.5-Flash.

15



F.1 Detailed Results by Domain and Generator

This appendix provides the full per-domain and per-generator results that complement the aggregate
analyses in the main text. For each evaluation granularity, we report both accuracy and F1-Al.
Accuracy captures overall classification behavior, while F1-Al focuses on the detector’s ability to
identify Al-edited content, which is especially important under mixed-authorship settings where the
class distribution changes across versions.

F.1.1 Document-Level Results

Figures 4] and [5|report document-level accuracy and F1-Al, respectively, broken down by domain
and generator. These figures show how zero-shot document-level detectors behave across the full
revision trajectory. They also expose detector-specific and domain-specific variation that is hidden in
the aggregate table, including cases where recovery at high Al coverage occurs only for particular
generator—domain combinations.

F.1.2 Sentence-Level Results

Figures|[6|and [7]report sentence-level accuracy and F1-AlI for zero-shot and LLM-as-detector methods.
Figures 8| and [9] additionally include fine-tuned sentence-level detectors. These breakdowns allow us
to compare how detector families respond to progressive rewriting across domains and generators,
and to assess whether sentence-level supervision improves stability under mixed-authorship revisions.

F.1.3 Token- and Span-Level Results

Figures [I0] and [IT] report fine-grained token/span-level performance by domain and generator.
DAMASHA operates at the token level, while GigaCheck produces span-level predictions. These
results complement the coarser document- and sentence-level analyses by showing how localization
performance changes as Al-marked regions become denser across the revision trajectory.

G Aggregated Results

This appendix provides extended aggregate tables averaged over generators. Unlike Appendix [F.1]
which shows full domain—generator breakdowns, the tables below aggregate over generators and
report results by domain and revision version. These tables provide a compact view of detector
behavior across the full trajectory and include additional metrics beyond those shown in the main
text.

G.1 Sentence Level

Table [§] reports sentence-level accuracy and F1-Al for all sentence-level detectors, averaged over
generators. The table includes zero-shot detectors, LLM-as-detectors, and fine-tuned sentence-level
models, enabling direct comparison across detector families. Table [0] provides the corresponding
extended sentence-level metrics, including Macro-F1 and false negative rate. These additional metrics
help characterize whether detectors fail by missing Al-edited content or by over-predicting the Al
class.

G.2 Token and Span Level

Table[T0|reports fine-grained token/span-level accuracy and F1-Al, averaged over generators. Table[TT]
provides the corresponding extended metrics. DAMASHA is evaluated at the token level, while
GigaCheck is evaluated at the span level. These results complement the document- and sentence-level
tables by evaluating whether detectors can localize Al-edited regions rather than only assign a global
label. Because early revision versions contain relatively few Al-marked words or spans, accuracy
can remain high even when the detector misses Al-edited regions. F1-Al is therefore particularly
important for interpreting fine-grained performance, as it directly measures recovery of the Al-labeled
class. The extended metrics further help distinguish between detectors that remain conservative and
miss Al edits, and detectors that recover more Al-marked regions as coverage increases.
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H Ablations

We provide three controlled ablations to isolate the factors that vary jointly in the main trajectory.
Ablation 1 fixes the edit operation and varies Al coverage, testing whether detector behavior is
driven by coverage alone. Ablation 2 fixes Al coverage and varies the edit operation, testing whether
different operations remain distinguishable at matched coverage. Ablation 3 compares cumulative
editing with independent editing from the original source, testing the effect of accumulated revision
history.

H.1 Ablation 1: Coverage-controlled Edit Operations

This ablation fixes the edit operation and varies the target Al coverage. Sentence-level accuracy and
F1-Al are shown in Figures[T2]and[T3] respectively. Document-level accuracy and F1-Al are shown

in Figures[T4]and[T3] respectively.

H.2 Ablation 2: Fixed-coverage Edit Operations

This ablation isolates the effect of edit operation at a fixed amount of Al editing. For each target Al
coverage level separately (25%, 50%, and 75%), we hold coverage constant and vary only the edit
operation among compress, paraphrase, and expand. Sentence-level accuracy and F1-Al are shown in
Figures[I6and [I7] respectively. Document-level accuracy and F1-Al are shown in Figures [I8]and [T9]
respectively.

H.3 Ablation 3: Independent versus Cumulative Editing

This ablation compares the main cumulative trajectory with an alternative setting in which each
version is edited independently from the original human source. Sentence-level results are shown in

Figure [20]
I Experimental Details

For clarity, we summarize the label notation used across the experimental settings. For a document
trajectory 7(D) = (D© ..., D®), document-level labels are y((itgc = 1[t > 0]. For sentence-level
attribution, the label of sentence 7 at version ¢ is yi(t) =1ie S (t)], where S(®) is the cumulative
set of sentences edited by version ¢. For token-level localization, tokens refer to word-level units:
Ytglz = (ygt), e ,yg\?) with ygt) € {0, 1} indicating whether word j belongs to an Al-edited span.

The realized token coverage isJ
M
1
Clok = i > 3)
j=1

(®)

Span-level annotations are represented as character spans A/, .

are character offsets in D),

= {(a¢,be)},, where a, and by

I.1 Zero-Shot Detectors

For zero-shot detectors, we use either released checkpoints or models reproduced from the original
training scripts, following the inference settings provided by the original papers or released imple-
mentations. These methods are evaluated directly on OpAl-Bench without task-specific training or
threshold tuning on the benchmark. Depending on the detector output, we evaluate document-level
predictions, sentence-level predictions, or fine-grained token and span predictions under the protocol
described in the main text.

1.2 Language Models as Detectors

We evaluate frontier language models as prompted sentence-level detectors. For each document
version, the text is split into numbered sentences and passed to the model with a shared prompt

17



Detector Backbone LoRA targets LR Batch Epochs Setting

AdaLoc RoBERTa-large (openai-detector) q,Vv 107° 32 2 Adam

GenAl-Sentence DeBERTa-v3-base query_proj, value_proj ~ 107° 32 2 AdamW, bf16

SeqXGPT CNN+Transformer+CRF over 4-LM feats. — 5x107° 32 20 weight decay 0.1

DAMASHA RoBERTa-base + ModernBERT-base q, v/ Wqgkv 2x1074 16 5 AdamW, wd 0.01, ext. CRF NLL
GigaCheck Mistral-7B-v0.3 q_proj, v_proj 3x107° 4xga4 5 bf16, DeepSpeed ZeRO-2

Table 7: Training hyperparameters for the OpAl-Bench-trained detector variants. The LoRA targets
column lists the modules to which the LoRA adapter is attached; entries marked “— indicate full
fine-tuning of the listed module set, with no LoRA. Rank r=8, a=16, dropout 0.1 throughout.

template. The model returns a binary label and a confidence score for each sentence. We use the
returned binary labels for sentence-level evaluation.

Sentence-Level LLM-as-Detector Prompt

User prompt

You are an expert linguist and writing analyst specializing in distinguishing
human-written text from AI-generated text.

The following text has been split into numbered sentences. For EACH sentence,
classify it as human-written (0) or AI-generated (1), and estimate the
probability that it is AI-generated.

Text:

[numbered_sentences]
nnn

Respond in JSON format:
{"labels": [0, 1, ...], "confidences": [0.1, 0.9, ...]1}

- labels: array of integers (0 = human-written, 1 = AIl-generated), one per
sentence.

- confidences: array of floats (0.0 to 1.0), one per sentence.

- Both arrays must contain exactly [num_sentences] elements, in sentence
order.

- Do not include any other keys or text outside the JSON object.

LI.3 Training of OpAI-Bench detector variants

For the trained setting we re-train (or LoRA-fine-tune) the architecture of each method on the
OpAlI-Bench training split from the three in-distribution generators (GPT-5.4, GPT-5.4-nano, Gemini-
2.5-Flash). Qwen3-8B is excluded from training and used only for cross-generator evaluation.
For GPT-5.4-nano, Gemini-2.5-Flash we sample a subset for data-balance. Sentence-level models
consume sentence provenance labels, document-level labels are derived from whether a version
contains Al-edited content, and fine-grained models consume the token or span annotations available
in the benchmark. Models are selected on the development split and evaluated on the test split.

We follow the architecture, optimiser, and trainable-parameter choices of each method’s original
implementation; deviations are listed in the Setting column of Table[7} All LoRA-tuned variants share
a single adapter configuration: rank r=8, a=16, dropout 0.1 — so the table reports only the target
modules. Backbone weights are kept frozen, while the task-specific heads (classifier, BiIGRU, CRF,
fusion module, etc.) are trained in full. A linear schedule with 10% warmup is used everywhere.

GLCLIC. GLCLIC is trained with the official upstream pipeline at its released default configuration;
we do not override any of its hyperparameters.

Compute resources. All local detector training, inference, and aggregation experiments were run on
an internal Linux server equipped with NVIDIA GeForce RTX 4090 GPUs (24GB memory each).
Lightweight preprocessing, metric aggregation, and table generation were run on CPU on the same
server. API-based dataset generation and LLM-as-detector experiments used external model APIs,
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Polish Prompt

System instruction

You are a precise text rewriting assistant. You must output ONLY the
rewritten target sentence. Return ONLY the rewritten text -- nothing else.

STRICT OUTPUT RULES:

- Do NOT start with phrases like ’Here is’, ’Here’s’, ’Sure’, ’Certainly’,
’0f course’, ’Rewritten:’, ’Revised:’, ’Result:’.

- Do NOT explain what you did.

- Do NOT add quotes around your output.

- Do NOT add any prefix or suffix.

- Your entire response = the rewritten text omnly.

- Preserve meaning. Do NOT add new facts.

- Preserve all names, numbers, dates, locations, and other entities exactly.
- Do NOT introduce any new named entities, numbers, or specific claims.

- Your task is proofreading -- fix errors and improve fluency only.

User prompt

Operation: polish

Constraints:

- Rewrite ONLY the target sentence.

- Do NOT add new facts.

- Preserve names, numbers, and entities.

- Keep the same language as the target.

- Return ONLY the rewritten text. No explanations, no quotes, no prefixes.
- Length constraint: 85%-100% of original word count.

- No line breaks.

- Output EXACTLY ONE sentence.

Guidance: Make light edits to improve grammar, punctuation, fluency, and
clarity while preserving meaning. Keep the sentence structure mostly
unchanged. The output must not be identical to the input. Keep it as
exactly one sentence. Do not add new facts.

Paragraph context (for coherence only; do not rewrite it):
[context]

Target sentence:
[sentencel

with local compute used for request orchestration, parsing, and metric computation. Preliminary
checks used the same compute environment and are not separately reported.

J Editing Prompts

The following prompts are used to generate the five editing operations in OpAI-Bench. In all cases,
the model is instructed to rewrite only the target sentence, preserve factual content and named entities,
and return exactly one sentence.
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Paraphrase Prompt

System instruction

You are a precise text rewriting assistant. You must output ONLY the
rewritten target sentence.
Return ONLY the rewritten text -- nothing else.

STRICT OUTPUT RULES:

- Do NOT start with phrases like ’Here is’, ’Here’s’, ’Sure’, ’Certainly’,
’0f course’, ’Rewritten:’, ’Revised:’, ’Result:’.

- Do NOT explain what you did.

- Do NOT add quotes around your output.

- Do NOT add any prefix or suffix.

- Your entire response = the rewritten text only.

- Preserve meaning. Do NOT add new facts.

- Preserve all names, numbers, dates, locations, and other entities exactly.
- Do NOT introduce any new named entities, numbers, or specific claims.

- Your task is paraphrasing -- same meaning, different wording.

User prompt

Operation: paraphrase

Constraints:

- Rewrite ONLY the target sentence.

- Do NOT add new facts.

- Preserve names, numbers, and entities.

- Keep the same language as the target.

- Return ONLY the rewritten text. No explanations, no quotes, no prefixes.
- Length constraint: 85%-115% of original word count.

- No line breaks.

- Output EXACTLY ONE sentence.

Guidance: Rewrite the sentence with clearly different wording while
preserving meaning. You may restructure the phrasing, but keep the same core
content. The output must not be identical to the input. Keep it as exactly
one sentence. Do not add new facts.

Paragraph context (for coherence only; do not rewrite it):
[context]

Target sentence:
[sentencel
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Style Rewrite Prompt

System instruction

You are a precise text rewriting assistant. You must output ONLY the
rewritten target sentence.
Return ONLY the rewritten text -- nothing else.

STRICT OUTPUT RULES:

- Do NOT start with phrases like ’Here is’, ’Here’s’, ’Sure’, ’Certainly’,
’0f course’, ’Rewritten:’, ’Revised:’, ’Result:’.

- Do NOT explain what you did.

- Do NOT add quotes around your output.

- Do NOT add any prefix or suffix.

- Your entire response = the rewritten text only.

- Preserve meaning. Do NOT add new facts.

- Preserve all names, numbers, dates, locations, and other entities exactly.
- Do NOT introduce any new named entities, numbers, or specific claims.

- Your task is style transfer -- same meaning, different tone/voice.

User prompt

Operation: style

Constraints:

- Rewrite ONLY the target sentence.

- Do NOT add new facts.

- Preserve names, numbers, and entities.

- Keep the same language as the target.

- Return ONLY the rewritten text. No explanations, no quotes, no prefixes.
- Length constraint: 85%-115% of original word count.

- No line breaks.

- Output EXACTLY ONE sentence.

Guidance: Rewrite the sentence in a formal, natural, human-written style
by changing tone, register, and phrasing while preserving meaning. Do not
change the underlying facts or add new content. The output must not be
identical to the input. Keep it as exactly one sentence.

Paragraph context (for coherence only; do not rewrite it):
[context]

Target sentence:
[sentencel
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Compress Prompt

System instruction

You are a precise text rewriting assistant. You must output ONLY the
rewritten target sentence.
Return ONLY the rewritten text -- nothing else.

STRICT OUTPUT RULES:

- Do NOT start with phrases like ’Here is’, ’Here’s’, ’Sure’, ’Certainly’,
’0f course’, ’Rewritten:’, ’Revised:’, ’Result:’.

- Do NOT explain what you did.

- Do NOT add quotes around your output.

- Do NOT add any prefix or suffix.

- Your entire response = the rewritten text only.

- Preserve meaning. Do NOT add new facts.

- Preserve all names, numbers, dates, locations, and other entities exactly.
- Do NOT introduce any new named entities, numbers, or specific claims.

- Your task is compression -- shorter text, same meaning, no facts lost.

User prompt

Operation: compress
Style target (if applicable): formal, natural, human-written

Constraints:

- Rewrite ONLY the target sentence.

- Do NOT add new facts.

- Preserve names, numbers, and entities.

- Keep the same language as the target.

- Return ONLY the rewritten text. No explanations, no quotes, no prefixes.
- Length constraint: 60%-80% of original word count.

- No line breaks.

- Output EXACTLY ONE sentence.

Guidance: Rewrite the sentence to be shorter and more concise while
preserving all essential meaning. Remove redundancy and non-essential
phrasing, but do not omit important information. The output must not be
identical to the input. Keep it as exactly one sentence. Do not add new
facts.

Paragraph context (for coherence only; do not rewrite it):
[context]

Target sentence:
[sentence]
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Expand Prompt

System instruction

You are a precise text rewriting assistant. You must output ONLY the
rewritten target sentence.
Return ONLY the rewritten text -- nothing else.

STRICT OUTPUT RULES:

- Do NOT start with phrases like ’Here is’, ’Here’s’, ’Sure’, ’Certainly’,
’0f course’, ’Rewritten:’, ’Revised:’, ’Result:’.

- Do NOT explain what you did.

- Do NOT add quotes around your output.

- Do NOT add any prefix or suffix.

- Your entire response = the rewritten text only.

- Preserve meaning. Do NOT add new facts.

- Preserve all names, numbers, dates, locations, and other entities exactly.
- Do NOT introduce any new named entities, numbers, or specific claims.

- Your task is expansion -- extend current text.

User prompt

Operation: expand
Style target (if applicable): formal, natural, human-written

Constraints:

- Rewrite ONLY the target sentence.

- Do NOT add new facts.

- Preserve names, numbers, and entities.

- Keep the same language as the target.

- Return ONLY the rewritten text. No explanations, no quotes, no prefixes.
- Length constraint: 120%-1507% of original word count.

- No line breaks.

- Output EXACTLY ONE sentence.

Guidance: Rewrite the sentence to be slightly more detailed using only
information already stated or directly implied. You may add brief clarifying
or descriptive phrasing, but do not introduce new facts, examples, names,
dates, numbers, or claims. The output must not be identical to the input.
Keep it as exactly one sentence.

Paragraph context (for coherence only; do not rewrite it):
[context]

Target sentence:
[sentence]
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Figure 4: Document-level accuracy broken down by domain and generator.
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Figure 5: Document-level F1-Al across revision versions, domains, and generators. Each curve
represents a document-level detector, showing how Al-targeted detection performance changes along
the progressive human-to-Al revision trajectory.
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LLM-as-detectors sentence-level models.
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Detector Ver. Essays Reports News Abstracts

Acc F1-Al Acc F1-Al Acc F1-Al Acc F1-Al
LLM-as-detector
v0 91.2 0.0 96.4 0.0 91.9 0.0 53.2 0.0

vl 772-139 22.0+422.0 79.9-165 7.0+7.0 78.0-139 112+11.2 50.6-2.6 259 +25.9
v2 747-25 4554235 69.4-105 114+44 705-75 203+49.1 489-1.6 37.6+11.7
v3 750+0.3 65.5+20.0 56.2-132 17.1+56 619-8.6 31.3+11.0 51.4+25 51.2+13.7
Claude-Haiku vd 629-12.1 52.7-129 478-84 134-36 51.2-10.7 23.0-83 49.8-1.6 52.2+1.0
v5 69.8+7.0 69.7+17.1 48.7+09 34.2+20.8 52.9+1.7 40.3+17.3 60.0 +10.2 67.4 +15.2
v6 752454 81.5+11.7 41.1-7.6 378+3.6 462-6.7 452+49 668+69 77.5+10.1
v7  660-92 775-40 344-67 423+45 334-127 41.7-35 69.1+23 80.5+3.0
v8 643-1.7 78.0+05 30.7-3.6 43.0+0.7 273-6.1 404-13 7T1.7+25 83.1+2.6

v0 99.1 0.0 99.8 0.0 99.8 0.0 86.1 0.0
vl 82.6-165 95+49.5 831-167 05+0.5 83.1-16.6 13+1.3 73.7-12.5 17.9+17.9
v2 80.8-1.8 463+36.8 739-92 88+83 764-6.8 202+189 674-63 33.1+152
v3 81.0+0.2 71.5+4252 63.4-104 19.6+10.8 68.4-8.0 304 +10.2 62.7-48 42.4+92
Gemini-Flash v4d 673-13.7 53.6-179 51.0-12.4 7.1-124 538-14.6 18.1-12.3 523-104 355-6.9
vh 735463 709+172 572+62 37.7+30.5 58.7+4.8 43.4+253 588 +6.5 53.0+17.5
v6  769+3.4 82.0+11.1 423-149 30.8-69 49.0-9.7 454420 551-37 61.9+89
v7 52.7-242 633-18.6 30.8-11.5 333425 33.6-154 39.6-58 473-78 59.1-2.9
v8 43.1-96 579-54 229-79 305-27 258-7.8 37.1-25 451-22 609 +1.8

v0 99.7 0.0 97.6 0.0 99.9 0.0 98.6 0.0
vl 826-17.1 4.1+4.1 80.7-169 0.0+0.0 83.1-16.8 0.2+02 80.6-18.0 24+2.4
v2 77.8-48 2944254 71.7-90 23+23 747-84 125+124 709-9.6 8.6+6.2
v3  753-25 5524258 583-134 74451 656-9.1 239+114 59.1-11.8 138+5.2
GPT-5.4 v4d 59.8-154 34.0-212 47.8-105 05-69 509-147 8.1-158 488-103 7.8-6.0
v 66.1 +6.3 5824242 523445 33.0+324 54.8+39 34.0+26.0 52.1+32 3224244
v6  673+12 71.9+13.7 37.6-148 279-50 435-11.3 36.0+1.9 39.0-13.0 333 +1.1
v7 45.1-222 56.1-158 245-13.1 27.5-05 27.3-163 304-56 29.0-10.0 33.0-0.3
v8 384-67 540-2.1 153-92 235-40 195-7.8 28.7-1.7 225-65 33.0+0.0

Zero-shot
v0 85.1 0.0 94.7 0.0 86.6 0.0 96.7 0.0
vl 723-12.8 20.5+20.5 79.0-15.7 79479 739-12.7 158 +158 79.6-17.1 6.1 +6.1
v2  66.2-6.1 237433 705-85 79-00 674-65 186+28 703-93 57-05
v3 57.1-9.1 30.1+63 569-13.6 88+09 56.3-11.1 20.8+22 57.2-13.1 52-04
AdaLoc [33] v4  509-62 309+08 48.1-8.7 65-23 494-69 21.1+03 484-88 5.1-0.1
v5 43.0-80 275-34 38.6-95 72+0.7 42.0-74 225+14 383-102 49-02
v6 34.7-83 309+3.4 254-133 74+03 30.7-11.3 23.0+04 223-16.0 5.1+0.2
v7 28.6-6.1 37.8+69 11.6-13.8 82+0.8 21.2-9.5 263+34 12.1-102 7.1+2.

v8 298+12 447+69 50-66 95+13 169-43 288+24 5.6-65 10.6+3.5

00 51.7 0.0 20.6 0.0 31.4 0.0 25.0 0.0
vl 50.5-1.2 28.6+28.6 31.0+10.4 29.0+29.0 383 +6.9 28.0+28.0 34.0+9.0 31.3+313
v2 512+0.8 40.4+11.8 369+58 40.6+11.5 41.7+3.4 38.6+10.6 39.0+5.0 43.2+11.9
v3 542+3.0 555+15.1 46.0+9.1 559 +153 46.8+5.1 51.7+13.1 47.7+8.7 582 +14.9
GenAlI-Sentence vd 547405 57.8+23 502+42 629+7.0 494426 582+6.5 52.1+44 633+5.1
v5 59.5+4.8 68.0+102 57.1+69 69.2+63 54.1+4.7 642+6.0 62.0+9.9 743 +11.1
v6  658+63 769+89 66.0+89 781+89 59.6+55 71.9+7.7 749+13.0 85.1+10.8
v7 697439 81.4+46 743+83 849+6.8 645+49 77.7+58 83.0+8.0 90.5+54
v8 76.4+6.7 86.6+5.1 80.1+58 889+4.0 68.8+42 81.5+3.8 92.0+9.0 958+53

00 67.6 0.0 49.9 0.0 423 0.0 74.2 0.0
vl 625-5.1 28.6+28.6 50.4+0.5 27.1+27.1 454+3.0 28.0+28.0 66.1-8.1 26.6+26.6
v2 584-41 302+1.7 489-1.5 322451 46.1+0.7 355+7.5 60.4-57 27.7+1.1
v3 531-54 377+74 50.8+19 465 +144 48.7+42.6 47.7+122 539-6.5 33.7+6.0
GL-CLiC [1]] v4d 48.6-45 374-02 422-86 367-99 478-09 495+1.8 469-7.1 293-44
v5 44.1-44 394+2.0 48.0+58 522+155 483+0.5 544+49 432-37 351+58
v6 375-6.6 40.1+0.7 485+0.6 587+6.6 484402 595+51 347-84 373+2.1
v7  323-52 440439 46.0-25 609+2.1 50.7+22 655+6.0 309-3.8 409 +3.7
v8 335+12 50.0+6.0 49.1+3.1 658+4.9 546+39 704+49 293-1.6 452+43

v0 98.8 0.0 100.0 0.0 99.5 0.0 100.0 0.0
vl 819-169 21+2.1 832-16.8 0.0+0.0 829-16.6 1.6+1.6 81.2-18.7 0.1+0.1
v2 732-88 06-15 738-94 00+0.0 733-96 0.6-1.0 71.6-9.7 0.2+0.1
v3 581-150 02-05 59.1-147 0.1+0.1 58.4-149 0.7+0.1 57.7-13.8 0.3+0.1
SeqXGPT v4d 489-92 03+0.1 501-90 00-0.1 489-95 05-03 485-93 0.2-0.1
v5 38.1-10.7 03-0.1 39.7-103 0.1+0.0 38.4-10.5 04-0.0 37.8-10.7 0.3+0.1
v6 233-149 0.1-0.1 252-146 0.0-0.1 234-150 03-02 20.8-17.0 0.1-0.2
v7 82-151 04+03 103-148 0.0+00 83-151 02-0.1 9.1-11.6 0.1-0.0
v8 04-77 09+04 26-7.7 00+0.0 02-82 0.3+0.1 02-89 04+0.3

Table 8: Sentence-level Main split results for LLM-as-detectors and zero-shot sentence-level detectors
across revision versions and domains, aggregated over the three primary generators. We report
accuracy and F1-Al. Colored deltas indicate changes relative to the previous version; no delta is
shown for vg.
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Detector Ver. Essays Reports News Abstracts
Macro-F1 FNR Macro-F1 FNR Macro-F1 FNR Macro-F1 FNR
LLM-as-detector

v0 471 - 49.1 - 47.9 - 34.7 -
vl 543 +6.6 81.2 479-1.2 95.5 493 +1.4 91.8 444 +9.7 53.8
v2 645+102 57.8-234 464-14 923-32 S51.1+1.8 851-6.6 472+28 458-8.0
v3 729+84 40.0-17.8 435-29 87.7-46 523+12 755-9.6 512+4.1 39.0-6.8
Claude-Haiku v4 609-12.0 57.5+17.5 38.0-55 91.6+39 43.6-87 853+98 49.6-1.7 46.5+7.5
v5  69.6+8.7 389-18.6 44.7+6.8 70.7-20.9 50.0+6.5 68.6-16.7 57.4+7.8 31.6-15.0
v6  T71.8+2.1 267-122 383-64 693-1.5 446-54 656-30 563-1.0 263-53
v7 51.9-199 344+76 289-94 683-1.0 29.6-150 709+54 49.0-7.4 273+1.0
v8 39.0-12.8 357+13 215-74 68.6+03 202-94 727+1.7 415-74 283+1.1

v0 49.8 - 49.9 - 49.9 - 46.3 -
vl 499 +0.2 94.6 45.6-4.3 99.8 46.0-3.9 99.3 51.1+4.8 84.6
v2 672+173 619-32.7 46.7+1.1 944-54 53.1+7.1 845-148 55.8+4.7 70.7-14.0
v3 78.6+11.3 38.1-23.8 47.7+1.0 843-10.0 548+1.7 73.4-11.1 572+1.5 642-6.5
Gemini-Flash vd  64.0-14.6 59.0+209 36.9-10.8 958 +11.5 42.8-12.0 88.1+14.7 48.8-8.4 74.2+10.1
v5  73.0+9.0 39.4-196 51.9+150 69.1-26.7 549 +12.1 64.7-23.4 577489 558-18.4
v6  748+1.7 282-112 39.0-129 758+6.8 474-75 649402 525-52 499-59
v7 449-299 50.6+22.4 275-11.4 763+04 298-17.6 71.8+69 40.0-12.6 55.1+52
v8 289-159 569+62 17.8-9.7 79.0+2.8 185-11.2 742425 304-95 549-02

v0 49.9 - 49.4 - 50.0 - 49.7 -
vl 473-27 97.9 44.6 -4.7 100.0 45.5-4.5 99.9 45.8-3.8 98.7
v2 581+10.8 783-19.5 429-1.8 988-12 489+34 92.1-79 456-02 949-38
v3 69.0+109 55.8-22.6 402-2.6 957-3.1 50.7+1.8 80.4-11.7 434-22 913-3.6
GPT-5.4 vd  524-16.6 76.5+20.7 32.6-7.7 99.7+4.0 372-134 954+150 362-73 958+4.5
v5 64.6+12.2 52.9-23.6 474 +148 74.0-257 492+11.9 72.1-232 469 +10.7 73.6-22.1
v6  659+13 414-115 353-12.1 79.6+5.6 413-79 729+0.7 36.8-10.0 74.6+0.9
v7 39.1-26.8 588 +174 224-129 813+1.6 24.6-16.7 79.0+6.1 26.0-10.8 76.9+2.3
v8 27.0-12.1 61.6+2.8 11.8-10.5 84.5+32 143-102 805+1.6 165-9.5 77.5+0.6

Zero-shot

v0 46.0 - 48.6 - 46.4 -

vl 519459 79.3 48.0-0.6 94.7 50.2+3.8 85.7 473-1.8

v2 51.0-08 803+1.0 451-29 953+05 49.1-1.1 86.0+0.3 44.0-3.3

v3 495-15 77.8-2.6 403-49 950-03 453-3.8 862+0.2 388-52 97.2+03
AdaLoc [33] v4 464-3.1 785+0.7 353-50 96.5+15 419-33 86.7+0.5 349-39 97.3+0.1
v5 40.1-63 820+3.6 30.7-46 962-03 38.1-39 86.2-05 29.6-53 97.4+0.1
1
2

96.4
96.9 +0.4

v6 340-6.1 799-21 225-82 96.1-0.1 299- 86.4+02 19.7-99 97.3-0.1
v7 264-77 758-42 115-11.0 95.7-04 20.8-9. 845-19 119-7.8 96.3-1.0
v8 224-40 702-55 47-67 950-0.7 144-64 83.1-14 53-66 944-19

v0 34.1 - 17.1 - 23.9 - -
vl 454 +113 424 31.0 +13.9 18.3 37.0 +13.1 28.8 33.9+139 19.2
v2 49.6+42 38.1-43 36.7+57 198+1.6 41.6+4.6 31.0+22 38.6+47 182-1.0
v3 542+4.6 31.8-62 43.1+65 18.6-13 462+4.7 31.6+0.6 44.1+55 14.0-43
GenAl-Sentence v4 544403 393+74 435+04 17.6-10 47.1+0.8 31.1-05 472+3.1 19.9+6.0
v5 563+1.8 30.1-9.1 49.1+55 22.0+44 500+29 33.1+2.0 503+3.1 11.4-85
v6 554-0.8 258-43 50.6+1.5 208-12 49.8-0. 325-0.6 525+22 94-20
v7  494-60 277+19 485-20 212+04 455-43 326402 51.8-0.6 102+0.7
v8 433-6.1 236-41 445-41 199-13 407-48 312-14 479-39 8.0-2.1

v0 40.3 - 333 - 29.7 - 42.6 -

vl 51.6+11.2 56.5 44.8 +11.5 46.8 42.0+12.2 37.7 52.349.7 67.1
v2 503-12 663+9.8 45.6+0.8 54.8+8.1 44.6+2.6 442+6.5 502-2.1 73.3+6.2
v3 500-04 657-0.5 505+49 49.0-58 486+4.0 434-08 492-1.0 722-1.1

GL-CLiC v4d 46.8-3.1 69.8+4.1 41.7-87 673+183 47.7-09 49.6+6.2 434-58 78.6+6.4
v5  438-31 70.6+09 475+57 539-134 472-04 49.6-00 423-1.1 752-33
v6 372-66 723+1.6 451-23 523-1.6 439-34 50.1+04 346-7.7 755+03
v7 29.1-81 71.0-1.3 367-84 542420 39.0-48 48.6-15 287-58 73.6-19
v8 250-41 665-44 329-38 509-33 352-38 454-32 226-6.1 70.7-29
v0 49.7 - 50.0 - 49.9 - 50.0 -

vl  46.1-3.6 98.9 454 -4.6 100.0 46.1-3.8 99.2 449-5.1 100.0
v2  426-35 99.7+0.8 425-3.0 100.0+0.0 42.6-3.5 99.7+0.5 41.8-3.0 99.9-0.1
v3 36.8-57 999+02 372-53 999-0.1 372-54 99.6-0.1 36.8-5.0 99.8-0.1

SeqXGPT v4 330-39 99.8-0.1 334-38 100.0+0.1 33.1-4.1 99.8+0.1 32.7-40 99.9+0.1
v5  27.7-53 999+0.0 284-49 1000-0.0 279-51 99.8+0.0 275-52 99.9-0.0
v6  18.9-88 999+0.1 20.1-84 100.0+0.0 19.1-89 99.9+0.1 17.2-10.3 100.0+0.1

3

v7 76-113 998-02 93-10.8 100.0+0.0 7.7-11.3 99.9+0.0 84-88 100.0+0.0
v8 04-72 996-02 24-68 100.0-0.0 0.1-76 99.8-0.1 02-82 99.8-0.2

Table 9: Extended sentence-level Main split results for LLM-as-detectors and zero-shot sentence-level
detectors across revision versions and domains, aggregated over the three primary generators. We
report Macro-F1 and FNR. Colored deltas indicate changes relative to the previous version; no delta
is shown for vy.

29



Detector Ver. Essays Reports News Abstracts
Ace F1-Al Acc F1-Al Ace F1-Al Ace F1-Al

Fine-grained Zero-shot (Token + Span)

v0 98.7 0.0 98.5 0.0 99.5 0.0 97.5 0.0
vl 826-16.1 7.6+7.6 818-168 26+2.6 829-16.6 1.5+1.5 79.6-17.9 6.8+6.8
v2 742-84 19.0+114 71999 33+0.6 72.6-104 3.0+1.5 69.4-10.1 12.1+53
v3  66.1-8.1 39.0+20.0 56.6-153 57+25 572-153 82+52 585-11.0 22.4+10.3
GigaCheck v4d 589-72 26.6-124 526-40 87+30 519-53 68-14 533-52 214-1.0
v5  54.6-43 44.8+183 38.6-14.1 11.5+2.7 387-133 12.1+53 459-74 29.9+85
v6  56.7+2.1 623+17.4 289-9.7 183 +6.8 30.1-8.6 20.7+8.7 43.9-2.0 46.5+16.6
v7 41.6-15.1 53.8-84 17.0-119 17.7-0.6 19.0-11.1 20.0-0.7 32.8-11.1 40.5-5.9
v8 51.1494 66.7+12.8 11.2-58 18.1+0.4 15.7-33 239+3.8 309-19 452+4.7

v0 89.1 0.0 82.9 0.0 98.5 0.0 80.6 0.0
vl 76.6-12.5 223 +223 71.5-11.4 19.0+19.0 82.2-16.3 4.2+42 69.4-11.2 234 +23.4
v2  71.7-49 318495 658-58 23.1+4.1 733-90 7.6+34 64.6-47 309+75
v3  655-62 46.7+149 565-93 31.7+8.6 59.5-13.7 12.6+5.0 603 -43 40.8+9.9
DAMASHA [22] v4 60.5-5.0 37.9-8.8 53.0-34 273-44 53.6-59 67-59 56.0-43 36.7-4.1
v5  549-5.6 51.7+13.8 449-8.1 35.0+7.7 40.0-13.6 133 +6.5 51.1-49 46.4+9.7
v6  539-09 61.1+94 384-65 40.0+50 28.1-12.0 159+2.7 46.2-49 51.7+54
v7 419-12.1 55.1-6.1 268-11.6 355-45 134-147 114-46 38.1-8.1 494-23
v8 413-06 581+3.0 24.6-22 392+37 63-7.1 115402 372-10 53.6+4.2

Table 10: Fine-grained Main split results across revision versions and domains, aggregated over the
three primary generators. DAMASHA is evaluated at the token level and GigaCheck at the span level.
We report accuracy and F1-Al Colored deltas indicate changes relative to the previous version; no
delta is shown for vg.

Detector Ver. Essays Reports News Abstracts
Macro-F1 FNR Macro-F1 FNR Macro-F1 FNR  Macro-F1  FNR

Fine-grained Zero-shot (Token + Span)

v0 49.7 - 49.6 - 49.9 - 49.4 -
vl  49.0-0.7 95.7 46.3-3.4 98.6 46.1-3.8 99.2 47.7-1.7 96.0
v2 51.8+28 879-78 434-29 983-03 435-26 984-0.8 468-09 925-3.5
v3 575457 713-167 388-46 969-13 40.1-34 952-32 46.8+0.1 84.7-7.7
GigaCheck [24] v4 489-8.6 828+11.5 384-04 952-1.8 372-29 962+1.0 44.0-2.8 86.1+1.4
v5 51.6+42.7 65.6-17.2 32.0-64 934-1.7 321-50 929-33 41.6-24 78.7-74
v6 53.6+2.0 50.5-15.1 26.8-5.1 88.5-49 281-41 86.7-63 40.6-1.0 64.7-14.0
v7 352-184 61.3+10.8 16.3-10.6 89.5+1.0 17.7-104 87.5+0.8 29.1-11.6 72.1+7.4
v8 343-09 489-124 9.6-6.7 892-03 12.7-50 84.8-27 232-59 694-2.7

v0 47.1 - 453 - 49.6 - 44.6 -
vl 543 +7.1 79.4 50.9 +5.6 80.4 472-24 97.7 52.1+7.5 73.5
v2 57.042.7 734-59 50.6-03 809+0.4 46.0-12 957-19 535+14 70.8-2.7
v3 605+43.6 61.3-12.1 49.8-0.7 76.1-48 43.1-28 92.7-3.1 553+1.8 654-54
DAMASHA v4d 545-6.1 72.1+109 463-35 81.0+49 379-52 964+3.7 51.4-39 71.4+6.0
v5 543-02 605-11.7 434-29 764-46 335-44 924-40 50.1-13 64.9-6.5
v6 51.8-25 523-82 381-53 733-3.1 263-72 90.8-1.6 445-56 62.0-2.9
v7 36.0-158 61.0+8.8 25.0-13.1 77.7+4.4 132-13.1 93.8+3.0 33.7-10.8 65.7+3.7
v8 29.1-69 587-23 19.6-54 754-23 58-74 93.7-0.1 268-69 62.8-2.8

Table 11: Extended fine-grained Main split results across revision versions and domains, aggregated
over the three primary generators. DAMASHA is evaluated at the token level and GigaCheck at the
span level. We report Macro-F1 and FNR. Colored deltas indicate changes relative to the previous
version; no delta is shown for vy.
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Figure 12: Sentence-level accuracy under coverage-controlled edit operations.
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Figure 13: Sentence-level F1-Al under coverage-controlled edit operations.
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Figure 21: Document-level performance under independent edits from the source document. Top:
accuracy; bottom: F1-Al. Each point corresponds to a version (vo—vg). Compared to the cumulative
trajectory, trends are smoother and the drop around v, is less pronounced, suggesting that the non-
monotonic behavior is more strongly associated with edit type than with accumulated edits.
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