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Abstract

Graph neural network (GNN) detectors of Al-generated text report state-of-the-
art accuracy, and the architectural claim that graph topology captures signals
invisible to sequential classifiers is now common in the literature. We report
the complete lifecycle of one such detector, from construction to falsification.
AEGIS, a graph attention network over k-nearest-neighbour text graphs with
multi-signal edge weights, reaches 98.50% accuracy on scientific abstracts with
only 73K trainable parameters, outperforming five established baselines. We
then subject our own system to the evaluation its headline number deserves:
generation-time length control, format normalization, leakage-free splits, a tuned
frozen-embedding probe as the calibrated null, and a 10 X 10 cross-generator
transfer study over three seeds. Under this protocol the graph’s apparent contri-
bution collapses from +0.240 AUROC over a surface baseline to —0.0004 AUROC
against the tuned probe, inside the measured replication noise floor, and the
two detectors’ transfer geographies are near-identical (p = 0.986). A single
untuned regularization default manufactured a +0.027 phantom advantage. The
structural differences the graph encodes are real, but they are a re-encoding of



information already present in the embeddings. We distil the audit into a practi-
cal checklist for evaluating architectural claims in text detection, and argue that
accuracy numbers and mechanism claims must be validated separately.

Keywords: Al-generated text detection, graph neural networks, evaluation
methodology, baselines, large language models, ablation studies

1 Introduction

Detectors of machine-generated text are multiplying faster than the methodology
needed to evaluate them. Each new architecture arrives with a strong accuracy num-
ber and, usually, a mechanism story: the architecture is said to capture a kind of
signal that simpler models cannot. Graph neural detectors are a prominent example.
A growing line of work represents documents as graphs and reports that relational
structure separates human from machine text [1-3], and a recent framework argues for
the explanatory value of graph motifs in this task [4]. The accuracy numbers in this
literature are often genuine. The mechanism claims are almost never tested against a
properly calibrated alternative.

This paper reports what happened when we tested ours.

We first present AEGIS, a graph attention network [5] over k-nearest-neighbour
text graphs with multi-signal edge weights, developed through a transparent three-
stage process from a GloVe/GCN proof of concept (74.17% accuracy) to a multi-
modal architecture reaching 98.50% accuracy on scientific abstracts with 73K trainable
parameters—1,708 x fewer than a fine-tuned RoBERTa baseline [6], and with perfect
recall on human-written text. On the conventional evaluation diet (a single generator,
no length control, test-set monitoring, untuned baselines), AEGIS beats GLTR [7],
DetectGPT [8], Fast-DetectGPT [9], ZeroGPT [10], and fine-tuned RoBERTa by wide
margins. When we originally wrote that result up, we interpreted it the way the
literature primed us to: the graph was doing the work.

We then did what the field rarely does: we rebuilt the evaluation until the com-
parison was fair, and asked the question again. The fair protocol has five components:
(i) length control at generation time, because every model we tested shortens text
and length alone is a strong classifier; (ii) symmetric format normalization, because
KTEX-to-Unicode conversion is a formatting tell; (iii) source-identifier splits and
validation-based model selection, closing leakage and test-set monitoring; (iv) a tuned
frozen-embedding probe as the null model, because the default regularization setting
of the standard baseline understates what embeddings alone achieve; and (v) a 10-
generator corpus with a paired transfer design and a measured test-retest noise floor,
so that margins can be judged against replication variance rather than against zero.

The result is unambiguous. Against the tuned probe, the graph’s contribution is
—0.0004 AUROC averaged over the full 10 x 10 x 3-seed transfer study—inside the
0.001-0.003 noise floor—and the transfer geography of the GNN is statistically indis-
tinguishable from that of the probe (p = 0.986). The 98.50% accuracy survives; the



mechanism story does not. AEGIS is accurate for the wrong reasons: it is an expensive
reader of the same embedding signal a logistic regression reads for free.
This paper makes four contributions:

1. A transparent system report. We document AEGIS’s architecture and its three-
stage development honestly, including what did not work, providing a reproducible
reference point for graph-based detection (Section 3).

2. A confound-controlled evaluation protocol. We characterize four confounds
present in standard detection corpora (length, format, near-copies, topic leakage),
introduce generation-time length forcing as a remedy, and quantify a replication
noise floor for detection experiments (Section 4).

3. A controlled isolation of the graph contribution. With single-variable abla-
tions against a tuned null, we show the architectural margin collapses to zero,
identify the exact mechanism (an untuned baseline default) that manufactured the
apparent advantage, and replicate the equivalence across ten generators and three
seeds (Section 5).

4. An audit checklist. We distil the lifecycle into concrete practices for separating
accuracy claims from mechanism claims in detector research (Section 6).

We emphasize what this paper does not claim. It does not claim that graph rep-
resentations of text are useless, nor that the accuracy numbers of published graph
detectors are wrong. It claims something narrower and, we believe, more consequential:
on a fair evaluation, the incremental contribution of graph structure over a calibrated
embedding baseline was zero for our detector, and nothing in the published literature
currently rules out the same outcome for others, because the calibrated comparison is
almost never run.

2 Related Work

Graph-based detection of machine-generated text.

Several systems precede or parallel ours in applying graph representations to this task.
IDEATE [1] applies hierarchical graph convolution over internal and external factual
structures, using entity graphs linked to a knowledge base. Gupta and Li [2] build
similarity-guided graphs over masked reconstructions and classify with a GCN, report-
ing robustness to paraphrase. Valdez-Valenzuela et al. [3] report ablation-validated
gains for text-graph neural networks in a shared-task setting. LM?Zotifs [4] pursues
explainable detection through graph motifs. None of these works compares against a
regularization-tuned frozen-embedding probe; ablations, where present, alter several
components at once. Our results suggest this is not a cosmetic omission: it is exactly
the comparison that eliminated our own architectural margin. Outside detection, Galke
and Scherp [11] found that a wide MLP over bag-of-words matches text-graph net-
works across general text classification benchmarks, a precedent for structure-free nulls
matching structural models; Yao et al. [12] is the canonical text-graph architecture
this line builds on.



Supervised and zero-shot detection.

Supervised detectors span fine-tuned transformers [6], classifiers over frozen embed-
dings [13], and feature-based approaches [7]. Zero-shot detectors exploit likelihood
statistics: DetectGPT’s perturbation curvature [8], its faster successor [9], and Binoc-
ulars’ cross-perplexity ratio [14]. Theoretical work bounds detectability in terms
of distributional divergence [15, 16]; watermarking sidesteps post-hoc detection
altogether [17].

FEvaluation practice.

The RAID benchmark [18] documents how sensitive detector rankings are to decoding
and adversarial settings, and Liang et al. [19] show how uncontrolled domain factors
can masquerade as detector bias. Our protocol extends this line to generation-time
confound control: rather than filtering unbalanced data after the fact, we constrain
generation so that the corpus is balanced by construction. To our knowledge, the
test-retest replication ruler we report is the first quantified noise floor for detection
experiments; without one, small architectural margins cannot be distinguished from
seed variance.

Positioning.

We claim no architectural novelty. Every component of AEGIS—contextual embed-
dings, k-NN graph construction, graph attention, hierarchical pooling, multi-task
heads—is established. The contribution of this paper is the audited lifecycle: a state-
of-the-art-looking system, the fair re-evaluation its headline number deserves, and the
methodological lessons of the gap between the two.

3 The AEGIS Detector

3.1 Architecture

AEGIS classifies a document in four stages (Figure 1).

Node construction. Each token is a node carrying a 790-dimensional feature
vector: a 768-dimensional contextual embedding from frozen RoBERTa-base [6], a 19-
dimensional part-of-speech one-hot encoding, a positional scalar, and two linguistic
indicator flags.

Graph construction. Edges connect each node to its k = 8 nearest neighbours in fea-
ture space, weighted w;; = 1/(1+4d;;) with d;; the Euclidean distance; additional edges
come from spaCy dependency parses, so the graph carries both semantic-similarity
and syntactic relations.

Message passing. Three stacked graph-attention layers [5] with eight heads each,
residual connections, layer normalization, and ELU activations propagate information
over the graph.

Readout. Hierarchical pooling aggregates node states into a document representa-
tion, and a classification head predicts human versus machine; auxiliary heads for text
complexity and readability act as regularizers during training.
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The trainable footprint is 73K parameters (0.28 MB), because the transformer
is frozen and serves purely as a feature extractor. We flag a fairness point directly:
comparisons of “trainable parameters” favour frozen-backbone systems, and the
full inference stack includes the 125M-parameter encoder. We report both figures
throughout.

3.2 A transparent development path

AEGIS emerged from three deliberate stages, which we report with their failures intact.

Model 1 (GloVe + GCN). A minimal proof of concept: static embeddings, cosine-
threshold graph construction, a two-layer GCN [20]. It reached 74.17% accuracy—
clearly above chance, clearly below deployed utility. Its role was to establish that graph
classification of text is feasible, not that it is preferable.

Model 2 (AEGIS). The architecture above: contextual embeddings, multi-modal
node features, k-NN plus dependency edges, graph attention, hierarchical pooling,
multi-task regularization. Accuracy jumped to 98.50% (+24.33 points), with perfect
recall on human text (training behaviour in Figure 2). We note—because it matters for
Section 5—that this step changed the embedding family, the graph construction, the
message-passing operator, and the training objective simultaneously. Development-
stage comparisons of this kind cannot attribute the gain to any single component,
a limitation reviewers of the original system report correctly identified and that the
audit in this paper repairs.
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Fig. 2 Training convergence of Model 2 (AEGIS). Validation-based early stopping; the test set is
never consulted during training or model selection.

Model 8 (uncertainty-aware variant). Adding token-level perplexity and entropy
features with learnable edge weights did not improve on Model 2; the added complexity
demanded tuning effort that did not pay for itself. We retain Model 2 as AEGIS
throughout.

3.3 Legacy evaluation

Under the evaluation regime standard in the systems literature—a single gen-
erator (LLaMA-3.1), paired human/machine scientific abstracts, accuracy-based
comparison—AEGIS dominates five baselines: GLTR at 59.42%, DetectGPT at
50.00%, Fast-DetectGPT at 45.92%, ZeroGPT near chance, and fine-tuned RoBERTa
at 82.53% with 124.6M trainable parameters. These numbers are reproducible and, as
far as they go, real. The remainder of this paper is about how far they go.

4 A Confound-Controlled Evaluation Protocol

Before interpreting any detector’s accuracy, the data it is measured on must be char-
acterized. This section describes the corpus, the four confounds our audit surfaced in
it, and the control for each.

4.1 Corpus design

The corpus is built from 2,000 human-written arXiv abstracts (Figure 3). Scientific
abstracts are a deliberately chosen domain: they are the text type most exposed to
automated authorship screening in practice, they carry rich formatting (mathematical
markup) that stresses format confounds, and their length distribution is narrow enough
to make length effects measurable rather than overwhelming.

Each abstract is rewritten by ten generator configurations: nine unique models
spanning four vendor families and both open-weight and API-only deployments—
Llama-3.1-8B, Llama-3.3-70B (two configurations), Qwen-72B, GPT-40, GPT-4o-
mini, Gemini-Flash, Mistral-Large, Claude Sonnet, and DeepSeek-R1—plus one
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Fig. 3 Corpus statistics for the 2,000-abstract human source set and its machine rewrites: length
distributions, vocabulary profiles, and class balance.

deliberate duplicate of Llama-3.3-70B under an independent sampling run, which pro-
vides the replication ruler of Section 4.6. The rewrite (rather than free-generation)
design pairs every machine text with a human text on the same topic, so detectors
cannot succeed by learning topical differences.

The paired design also fixes the evaluation unit: for every generator, human and
machine texts descend from the same 2,000 sources, and splits are made at the source
level (Section 4.4). Table 1 lists the resulting per-generator corpus statistics.

4.2 Length

Every generator we tested shortens text relative to its human source. Under natural
prompting, compliance ranges from 6.8% (DeepSeek-R1) to 96.6% (GPT-4o-mini)
(Table 1): a detector can score well by learning “short means machine.” Our control is
generation-time length forcing: the target length is embedded in the prompt, raising
compliance substantially for every generator (e.g., Claude 70.1% to 99.2%; Llama-
8B 49.8% to 82.7%; Figure 4). Filtering after generation—the occasional practice in



Table 1 Per-generator length compliance: fraction of
rewrites within 20% of the source length, under natural
prompting and under generation-time length forcing.
Llama-70B-r denotes the replicate configuration of
Llama-3.3-70B, generated only under length forcing.

Generator Natural prompting Length forcing
GPT-40-mini 96.6% 97.0%
Claude 70.1% 99.2%
GPT-40 50.9% 88.1%
Llama-8B 49.8% 82.7%
Mistral-Large 47.2% 75.1%
Gemini-Flash 38.4% 74.4%
Llama-70B 38.0% 78.1%
Qwen-72B 26.6% 66.7%
DeepSeek-R1 6.8% 13.2%
Llama-70B-r — 78.7%

prior work—discards data and induces selection effects; constraining generation does
neither.

4.3 Format

Human arXiv abstracts contain KTEX markup that generators convert to Unicode;
per-model retention of source math markup ranges from 42% to 86%, and a classifier
reading only these markers reaches 0.551-0.635 AUROC. Symmetric normalization of
both classes reduces the marker signal to at most 0.528 AUROC, approximately chance.

4.4 Near-copies and leakage

One generator (Llama-3.1-8B) returns near-verbatim copies of the source for 3.5% of
inputs; these are excluded, since a rewrite that is not a rewrite belongs to neither class.
Splits are made by source identifier, so no abstract contributes to both training and
evaluation in any version, and all model selection and early stopping use a validation
split, never the test set.

4.5 The baseline ladder and the tuned null

We evaluate every detector against a ladder of nulls: (i) a surface baseline of five
shallow features; (ii) a frozen RoBERTa mean-pooled embedding followed by logistic
regression with the library-default regularization (C' = 1.0), the baseline as it typically
appears in the literature; and (iii) the same probe with C selected on the validation
set (chosen value 0.01), which we call the tuned probe. The distinction between (ii) and
(iii) is a single hyperparameter, and Section 5 shows it is worth +0.027 AUROC—larger
than most published architectural margins in this space.
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Fig. 4 Length compliance (fraction of rewrites within 20% of source length) under natural prompting
versus generation-time length forcing, per generator.

4.6 The replication ruler

The corpus contains the same generator twice under independent sampling runs.
The AUROC difference between these twins measures pure replication noise: 0.001—
0.003. Any architectural margin smaller than this floor is indistinguishable from seed
variance. We are not aware of a previously published noise floor for this task.

4.7 Zero-shot baselines, properly configured

Fast-DetectGPT and Binoculars are run with their reference configurations, and a
scorer ablation (GPT-2 to GPT-2-medium on three generators) checks that conclusions
are not artifacts of one scoring model.



Table 2 Per-generator AUROC under the confound-controlled
protocol, sorted by probe score. dgrapn = AEGIS — probe.
DeepSeek-R1 has n = 263 (directional only, 1). The replication
noise floor is 0.001-0.003.

Generator Surface  Tuned probe AEGIS Ograph
Llama-8B 0.681 0.922 0.921 —0.001
Qwen-72B 0.820 0.971 0.968 —0.002
GPT-40 0.834 0.972 0.976 +0.003
Llama-70B-r 0.751 0.979 0.986 +0.007
Llama-70B 0.756 0.981 0.985 +0.004
GPT-40-mini 0.821 0.984 0.988 +0.003
Mistral-Large 0.931 0.991 0.995 +0.005
Gemini-Flash 0.919 0.993 0.994 +0.001
DeepSeek 0.980 0.993 0.995 +0.003
Claude 0.987 0.999 0.999 +0.000
5 Results

5.1 Fair-data accuracy: the ladder

Table 2 reports per-generator AUROC for the surface baseline, the tuned probe, and
AEGIS under the full protocol. Two observations. First, AEGIS remains an excellent
detector: 0.921-0.999 AUROC across nine unique generators. Second, the tuned probe
is equally excellent, within —0.002 to +0.007 of AEGIS everywhere. The embedding
stratum accounts for 92-101% of the improvement over surface features; the graph
stratum accounts for the remainder, which the noise floor swallows. Figure 5 shows
the same comparison graphically: in panel (a) the probe and AEGIS bars are visually
inseparable on every generator, and in panel (b) the per-generator graph contribution
dgraph Scatters around zero, with half the generators inside the replication noise band
and the largest single value at +0.007.

5.2 Isolating the graph: the margin collapse

Figure 6 presents the central result as three successively fairer comparisons on the
same data.

Against the surface null, AEGIS leads by +0.240 AUROC. This is the flattering
comparison implicit in most system papers, and it establishes only that deep features
beat shallow ones.

Against the untuned probe (C = 1.0), the margin is +0.027: the number a con-
ventional “embedding baseline” row would print, and it looks like a real architectural
gain.

Against the tuned probe (C' = 0.01), the margin is —0.001 on the primary generator
and —0.0004 averaged across the full transfer study—negative, and inside the 0.001-
0.003 replication floor.

The phantom advantage has an exact mechanism. On the primary generator the
untuned probe scores 0.894, the tuned probe 0.922, and AEGIS 0.921. A single library
default, never questioned in our own original write-up and rarely questioned in the

10
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Fig. 5 (a) The baseline ladder per generator: surface features, tuned probe, and AEGIS. (b) The
graph contribution dgrapn = AEGIS — probe per generator against the £0.003 replication noise band.
Error bars in (a) are standard deviations over three seeds.

literature, suppressed the null by 0.028 and thereby manufactured the entire apparent
contribution of a 73K-parameter graph architecture. Nothing about this mechanism
is specific to AEGIS.

5.3 Transfer geography: the same detector twice

If the graph read a signal the embeddings do not carry, the two detectors should fail
differently somewhere in a 10 x 10 cross-generator transfer matrix: ten specialists, each
trained on one generator and tested on all ten, three seeds, run identically for AEGIS
and the tuned probe.

They do not fail differently anywhere (Figure 7). Across the 90 off-diagonal cells the
two transfer surfaces correlate at p = 0.986 (range 0.984-0.989 across seeds); AEGIS
wins 47 of 90 cells—a coin flip; and the mean margin is —0.0004 AUROC. The transfer
structure itself is scientifically meaningful (some generator families transfer to each
other far better than others), but it is the same structure for both detectors: whatever
map of generator space exists in this corpus, both models read it from the embeddings.

11
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Fig. 6 The margin collapse. The graph detector’s advantage under three successively fairer nulls:
+0.240 over surface features, +0.027 over the untuned embedding probe, and —0.0004 over the
validation-tuned probe (mean over the 10 X 10 x 3-seed transfer study). The shaded band is the
replication noise floor.

5.4 Zero-shot detectors under length control

The protocol also re-scores the zero-shot baselines that the legacy evaluation beat.
Under length control they do not merely lag—they collapse (Figure 8). Fast-
DetectGPT averages 0.500 AUROC (range 0.382-0.544 over ten generators): chance.
Binoculars averages 0.474 and inverts on the strongest generators, reaching 0.213 on
Claude—it rates Claude’s rewrites as more human than the human originals. The
scorer ablation reproduces the pattern with a larger scoring model, so this is not an
artifact of one scorer choice. Table 3 gives the per-generator breakdown, which car-
ries a second observation: both statistics degrade most on the strongest commercial
generators (Claude, GPT-40, DeepSeek-R1) and retain most signal on the small open
model (Llama-8B). Likelihood-based statistics thus fail exactly where detection mat-
ters most. Benign length control, introduced as an evaluation hygiene measure, is more
damaging to these detectors than published adversarial attacks; statistics that ride on
length and verbosity do not survive its removal.

12
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Fig. 7 Cross-generator transfer for AEGIS and the tuned probe: ten specialists X ten test sets X
three seeds. The two geographies are near-identical (p = 0.986 over the 90 off-diagonal cells; AEGIS
wins 47/90).

Table 3 Zero-shot detector AUROC per generator under
generation-time length control. Values below 0.5 are
systematically inverted. The tuned probe column from Table 2 is
repeated for reference.

Generator Fast-DetectGPT  Binoculars  Tuned probe
Claude 0.382 0.213 0.999
GPT-40 0.474 0.429 0.972
DeepSeek-R1 0.476 0.303 0.993
GPT-40-mini 0.501 0.457 0.984
Gemini-Flash 0.502 0.416 0.993
Llama-70B-r 0.517 0.627 0.979
Mistral-Large 0.532 0.472 0.991
Qwen-72B 0.533 0.580 0.971
Llama-70B 0.542 0.636 0.981
Llama-8B 0.544 0.607 0.922
Mean 0.500 0.474 0.979

5.5 The structure is real; the information is not new

Finally, the structural claims of the original system report deserve their own verdict.
The measurements were correct: human text graphs show higher clustering coeffi-
cients (0.4681 vs. 0.4380, p < 0.001) and higher community modularity [21] (0.6159
vs. 0.5826, p < 0.001) than machine text graphs (Figure 9). What the audit overturns
is the interpretation. Because the graphs are built from embedding-space neighbour-
hoods, their topology is a function of the embedding geometry; the structural statistics
are a visible, human-readable re-encoding of class differences the embeddings already
carry. They are useful as description—they show what the separation looks like in
relational terms—but they are not an additional information source, which is precisely

13



Zero-shot collapse

chance

Llama-8B
|
Llama-70B
|
Qwen-72B e
|
Llama-70B-r
Gemini
GPT-40-mini
DeepSeek INVERTED
(0.213)
GPT-40
Claude I Fast-DetectGPT
[ Binoculars
I T T T T
00 0.2 04 0.6 0.8

AUROC (zero-shot, rewrite-If)

Fig. 8 Zero-shot detectors under generation-time length control. Fast-Detect GPT is at chance (mean
0.500); Binoculars inverts on strong generators (0.213 on Claude, i.e., systematically wrong).

why a detector reading them cannot beat a detector reading the embeddings directly.
The point is visible without any graph at all: a two-dimensional t-SNE projection of
the raw document embeddings (Figure 10) already separates the classes cleanly. The
separation the graph statistics describe pre-exists them in the embedding space they
are computed from.

6 Discussion

6.1 How phantom advantages arise

Our lifecycle exhibits, in one system, the three mechanisms by which an archi-
tecture acquires an undeserved mechanism story. First, untuned nulls: the default-
regularization embedding probe is the standard baseline, and its default is not the right
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Fig. 9 Structural differences between human and machine text graphs (clustering, modularity, degree
structure). The differences are statistically real but derive from embedding geometry: they re-encode,
rather than extend, the embedding signal.

value for this task; the gap between default and tuned (+0.027 AUROC) exceeds the
architectural margins typically reported. Second, simultaneous-change development:
our own Model 1-to-Model 2 step changed four components at once, so the +24-point
jump could be—and was—misread as evidence for the graph. Third, missing noise
floors: without a replication ruler, a +0.004 margin reads as a small win rather than as
seed noise. None of these mechanisms requires bad faith; all three are default practice.

6.2 An audit checklist for detector claims

The protocol compresses into five practices, none expensive: (1) control length at gen-
eration time, and normalize format symmetrically, before any training; (2) tune the
null model with exactly the care given to the proposed model, on validation data;
(3) change one component at a time when attributing gains; (4) measure a test-retest
noise floor and refuse to interpret margins inside it; (5) evaluate transfer across gener-
ators, paired between the proposed model and the null, because equivalent aggregate
accuracy can hide divergent failure modes—and, in our case, did not.
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Fig. 10 t-SNE projection of the frozen RoBERTa document embeddings. The human/machine sep-
aration that the graph statistics describe is already present in the embedding space from which the
graphs are constructed.

6.3 Implications for graph-based detection

Our findings do not overturn the accuracy of published graph detectors, and our audit
concerns one system on one domain. But the burden of proof now sits differently.
IDEATE, SGG-ATD, and text-graph systems [1-3] each report gains over baselines
that are either untuned, non-embedding, or altered along several axes at once; the
explainability agenda of Zheng et al. [4] presumes the motifs carry task information
beyond the features they are built from. Every one of these claims is testable with
the checklist above at the cost of one additional baseline column. Until that column
exists, the parsimonious reading of our results—and of Galke and Scherp [11] in general
text classification—is that graphs built from learned representations describe those
representations; they do not exceed them.

6.4 Limitations

Our corpus is English scientific abstracts; other domains, languages and text lengths
may distribute the signal differently. The audit evaluates one graph architecture
family (GAT over k-NN-plus-dependency graphs); graphs built from information gen-
uinely external to the embeddings—citation networks, factual knowledge bases as in
IDEATE——could in principle escape the redundancy argument, and deserve the same
test rather than the same verdict. Our probe null is built on one embedding family; the
direction of our conclusion is robust to this choice in our experiments, but magnitudes
are instrument-relative. Finally, all evaluations are in-distribution with respect to the
human corpus; adversarial and out-of-domain robustness are separate questions.
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7 Conclusion

We built a graph neural detector good enough to believe in, and then built the eval-
uation that showed why we should not have. The detector’s accuracy is real. Its
mechanism story—graph topology capturing what sequential models miss—did not
survive a tuned baseline, a paired transfer study, and a noise floor. A single untuned
default in the standard baseline manufactured the entire apparent architectural
advantage.

The general lesson costs one sentence: accuracy claims and mechanism claims
require different evidence. Accuracy needs fair data; mechanism needs a calibrated
alternative. The field of machine-text detection currently produces the first kind of
evidence in abundance and the second kind almost never. We offer our lifecycle—
system, protocol, collapse, and checklist—as a template for closing that gap, and we
suggest that any detector paper claiming an architectural mechanism include the one
baseline column that would have saved ours: the same features, tuned, without the
architecture.
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