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Abstract

Al-generated text detection is commonly
framed as a binary document-level judgment
about whether a text is human-written or
machine-generated. = This framing breaks
down for mixed-origin writing, where con-
tent origin and expression origin may dif-
fer. We cast mixed-origin detection as
dimension-to-composition source attribution,
inferring content origin and expression ori-
gin before composing them into four collab-
oration types. We propose Dimension-to-
Composition Routing (D2C-Routing), which
routes content-side and expression-side evi-
dence to supervised dimension heads before a
learned gated composition layer predicts the fi-
nal label. On MixD2C, a reconstructed split
derived from the HART mixed-origin bench-
mark, our disclosed D2C-Routing-based de-
tector system reaches 0.8603 four-way Avg
TPR@1%FPR, 6.5 points above the same-
split RACE-local rerun. Core ablations sup-
port the routing design, while error analysis
shows that distinguishing Al-content/human-
expression from fully Al-generated text re-
mains the hardest boundary. Code is avail-
able at https://github.com/bystander563/d2c-
routing-artifact.

1 Introduction

Al-generated text detection commonly asks
whether a document is human-written or machine-
generated (Wang et al.,, 2024a; Dugan et al,
2024; Tufts et al., 2025). This binary framing
is increasingly incomplete for collaborative
writing workflows, where authorship can be
distributed across layers of a document (Saha
and Feizi, 2025; Zhang et al., 2024; Cheng
et al., 2025). For example, one document may
preserve human-originated content while using
Al-polished wording, whereas another may
contain Al-originated content rewritten by a
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human. A single scalar Al-likeness score cannot
distinguish which source dimension changed.

We adopt the content-expression label space
introduced by HART (Bao et al., 2025), which
defines four mixed-origin collaboration types as
the Cartesian product of content origin and ex-
pression origin. We use transparent two-letter la-
bels where the first letter denotes content origin
and the second denotes expression origin, yielding
human-content/human-expression (HH), human-
content/Al-expression (HA), Al-content/human-
expression (AH), and Al-content/Al-expression
(AA). Figure 1 summarizes the resulting two-axis
attribution problem. A binary human-versus-Al
detector collapses mixed cases, and a scalar Al-
likeness score does not specify which source di-
mension drives the judgment. We therefore model
mixed-origin detection as two source-attribution
questions followed by a composed four-way de-
cision. Related representation-learning work has
likewise separated semantic and temporal factors
before modeling their interaction (Zhang et al.,
2022b), while multi-aspect alignment provides a
way to combine complementary signals before
generative prediction (Zhang et al., 2026).

To address this challenge, we introduce
Dimension-to-Composition Routing D2C-
Routing), where D2C denotes the path from
supervised source dimensions to their composed
collaboration label. D2C-Routing organizes
document-internal evidence as a dimension-
aligned tree. Hierarchical knowledge fusion can
preserve evidence at different semantic levels
(Zhang et al., 2022a), while multi-level relevance
learning can distinguish coarse from fine rela-
tionships (Zhang et al., 2025). Content-side cues
such as entity continuity and discourse motifs
support the content side, while expression-side
cues such as lexical choice, rhythm/POS patterns,
and surface regularity support the expression
side. The routed evidence then feeds supervised
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Figure 1: Mixed-origin text requires dimension-to-composition detection. We represent attribution through two
source dimensions: content origin and expression origin. Their composition yields four labels: HH, HA, AH, and
AA. Binary detection collapses mixed-origin cases, while D2C-Routing predicts the two source dimensions before

composing the final collaboration type.

content-origin and expression-origin heads before
a learned gate composes HH/HA/AH/AA.

We evaluate on MixD2C, a four-way split recon-
structed from the released HART benchmark files.
The experiments separate single-model method ev-
idence from detector-system performance and test
dimension supervision and learned composition
against feature, capacity, ranking, and fusion con-
trols.

This design yields a direct empirical test: the
intermediate source dimensions should be learn-
able, and their composition should improve low-
FPR four-way detection.

Our contributions are:

1. We organize document-internal evidence into
linguistically motivated content and expres-
sion branches for mixed-origin Al-text detec-
tion.

2. We introduce D2C-Routing, which com-
bines dimension-specific pathways, super-
vised content-origin and expression-origin
heads, and learned gated composition into
HH/HA/AH/AA collaboration labels.

3. Under the MixD2C split, D2C-Routing im-
proves average and AA low-FPR ranking
over same-split single-model controls. A
D2C-Routing-based detector system reaches
0.8603 four-way Avg TPR@1%FPR, 6.5
points above the same-split RACE-local re-
run.

2 Related Work

Al-generated text detection usually evaluates doc-
uments with binary human/Al labels or scalar Al-
likeness scores. Recent work broadens this set-
ting to Al-polished, collaborative, or fine-grained
writing (Saha and Feizi, 2025; Zhang et al., 2024;
Ta et al., 2026), multi-generator and manipulated-
text benchmarks (Guo et al., 2023; Wang et al.,
2024b,a; Dugan et al., 2024; Wang et al., 2025;
Bevendorff et al., 2025), and finer-grained role,
involvement, boundary, or process predictions
(Cheng et al., 2025; Kushnareva et al., 2024; He
et al., 2025). These studies motivate the same
broad concern that a document may not have a sin-
gle source. They provide important context, but
they are not all direct numerical baselines for our
main four-way MixD2C table because they differ
in label space, prediction granularity, reconstruc-
tion protocol, or primary metric.

For the content-expression taxonomy, we use
HART’s HH/HA/AH/AA label space and official
Level-1/2/3 risk tasks (Bao et al., 2025). We do
not claim to introduce this taxonomy. A closely re-
lated HART-family study, RACE, reports a broad
baseline set under a 70/10/20 reconstruction (Li
et al., 2026). We keep its published table as ex-
ternal context and rerun the released RACE imple-
mentation on the identical MixD2C files used by
our models. Because the release does not package
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frozen published sample IDs or checkpoints, the
local run is a same-split RACE rerun, not a repro-
duction of the published RACE numbers.

Training-free scalar detectors include Fast-
DetectGPT, which uses conditional probability
curvature for efficient zero-shot detection; Binoc-
ulars, which contrasts two language models; and
SpecDetect, which analyzes token log-likelihood
sequences in the frequency domain (Bao et al,,
2024; Hans et al., 2024; Luo et al., 2026b). Re-
cent analysis connects spectral energy to variance
in proxy log-probability trajectories and finds that
spectral cues weaken for short, fragmented, mixed,
and edited text (Luo et al., 2026a). Related scalar-
detection work includes GLTR’s token-rank visu-
alization, DetectGPT’s perturbation-based curva-
ture test, and Ghostbuster’s trained feature classi-
fier (Gehrmann et al., 2019; Mitchell et al., 2023;
Verma et al., 2024). Because the three evaluated
training-free methods return scalar scores rather
than native HH/HA/AH/AA predictions, we eval-
uate them directly on official binary collapses and
report four-way results only as calibrated diagnos-
tics.

Beyond Al-text detection, multi-view and
auxiliary-supervision methods provide useful
precedents for preserving heterogeneous evidence
before a final decision. MindScore decomposes
text-to-image preference into matching, faithful-
ness, quality, and realness (Tong et al., 2025).
In NLP, multi-task MRC supervision has been
used to integrate structured prior knowledge (Tong
et al., 2022a), while dynamic caching of inter-
sentence representations has improved consis-
tency across local predictions (Tong et al., 2022b).

Our method differs in its inductive bias. RACE
emphasizes creator/editor traces through rhetoric-
guided graph learning, while D2C-Routing asks
how document-internal evidence should be as-
signed to supervised source dimensions before
the final four-way decision. Entity coherence
and discourse organization are motivated by co-
herence modeling and document-level discourse
analysis (Barzilay and Lapata, 2008; Li and Hovy,
2014; Liu et al., 2023; Mann and Thompson,
1988; Prasad et al., 2008; Liu et al., 2021; Kim
et al., 2024); lexical choice, function-word pat-
terns, rhythm, and surface regularity are motivated
by stylometry and Al-generated text style analy-
sis (Stamatatos, 2009; Uchendu et al., 2020; Soto
et al., 2024; Reinhart et al., 2025). D2C-Routing
assigns these evidence families dimension-specific

Table 1: Label space. HH/HA/AH/AA compose con-
tent origin and expression origin. The two derived bi-
nary targets, content origin and expression origin, su-
pervise D2C-Routing; Level-1/2/3 are official HART
evaluation collapses, not additional training labels.

Panel A: Labels and targets

Label Content Expression Ctgt.  Etgt.
HH human human 0 0
HA human Al 0

AH Al human 1 0
AA Al Al 1 1
Panel B: Official task collapses

Task Positive Negative Question
Level-l HA+AH+AA HH Any AI?
Level-2 AH+ AA HH + HA Al content?
Level-3  AA HH+HA + AH  Fully AI?

roles and tests them against flat-concatenation and
feature-removal controls.

The next section makes this source-dimension
view explicit before describing the detector archi-
tecture.

3 Problem Setup

3.1 Task Definition

We formalize mixed-origin detection as source-
dimension prediction followed by composition.
Let

Yy = {HH,HA,AH,AA},
Yy = (ymye)a Yes Ye € {Oa 1}7

where y. denotes content origin, y. denotes ex-
pression origin, 0 denotes human-originated, and
1 denotes Al-originated. A detector maps an ob-
served document x to (Jc, Je,y), separating the
two source questions from the final collaboration
label.

3.2 Label Space

The HART taxonomy assigns each document a
four-way type based on content origin and expres-
sion origin (Bao et al., 2025). We use human and
Al as the two source values for each dimension,
with two-letter labels defined by content origin fol-
lowed by expression origin.

This factorization provides explicit supervision
for the two source decisions underlying the four-
way label.
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The two source targets are derived as
ye = Iy € {AH, AA}},
Ye = H{y € {HA’AA}}
A flat classifier can learn four-way label corre-
lations without identifying which source dimen-
sion supports a decision. Dimension supervision

instead makes content and expression attribution
explicit training targets.

3.3 Evidence Organization

The content-expression decomposition organizes
evidence into two linguistically motivated path-
ways. The content pathway uses entity-chain co-
herence and RST discourse motifs, while the ex-
pression pathway uses lexical-connective choices,
rhythm/POS patterns, and surface regularity. The
final layer composes the two source dimensions
into HH/HA/AH/AA. Syntax-specific routing re-
mains exploratory.

The content and expression predictions are su-
pervised directly, and the four-way prediction
is also supervised directly. This dimension-to-
composition structure is different from the official
Level-1/2/3 tasks, which are evaluation collapses
of the same four labels.

The distinction is most important for HA and
AH. Under a scalar Al-likeness view, both can
appear intermediate between HH and AA. Under
a dimension-to-composition view, they are struc-
turally different because HA has human content
but Al expression, whereas AH has Al content but
human expression.

4 Method

4.1 Architecture Overview

D2C-Routing instantiates the dimension-aligned
evidence tree in Figure 2. The key design choice is
not simply to add more features to a text encoder,
but to route document-internal evidence through
supervised source-dimension pathways before the
final four-way composition. A RoBERTa en-
coder first produces the observed-document rep-
resentation (Liu et al., 2019); content compo-
nents extract entity-chain and discourse-motif ev-
idence; expression components extract lexical-
connective realization, rhythm/POS, and surface-
regularity evidence; and side-specific fusion mod-
ules form content-origin and expression-origin
pathway states before gated composition.

This routing is an inductive bias over document-
internal evidence, not a claim that evidence fami-

lies are causally isolated. Each pathway therefore
keeps a linguistic rationale for its inputs while al-
lowing the learned composition module to use en-
tangled evidence when it helps prediction.

The same design can be instantiated with a
shared encoder or with separate encoders for the
content and expression pathways. Dual-encoder
variants use the same encoder family but a larger
parameter budget, so they are treated as support-
ive system variants rather than capacity-matched
proof of architecture superiority.

4.2 Document Encoder

The raw document is the only directly observed
object, so both source dimensions must remain
grounded in the same text. Given an input docu-
ment x, the observed-document layer encodes the
original text and produces a contextual representa-
tion. Shared-encoder models use the same repre-
sentation for both sides,

he = he = h.

Dual-encoder models instead use separate en-
coders to produce h. and he; their larger param-
eter budget is evaluated separately in the matched
system controls.

4.3 Content Pathway

The content pathway models document-internal
evidence about how information is maintained
and organized. Rather than verifying factual cor-
rectness, it captures proxies for information plan-
ning. We use entity-chain evidence for referent
recurrence, sentence overlap, chain length, and lo-
cal entity transitions, following coherence model-
ing and coherence-based machine-text detection
(Barzilay and Lapata, 2008; Liu et al., 2023). We
also use RST discourse evidence for relation and
motif features, motivated by Rhetorical Structure
Theory and discourse-motif detection (Mann and
Thompson, 1988; Liu et al., 2021; Kim et al,,
2024). Learned projectors map the entity vector
aent () and discourse vector a,g () into the con-
tent pathway; the entity-as-text variant adds an en-
coded entity-text vector as a third content compo-
nent. The final content-origin state concatenates
the observed-document anchor h. with routed con-
tent evidence and predicts whether the document’s
content is Al-originated.

22538



Level 0 Level 2
Level 1 . . Level 3
Surface . Dimension -
o Two Evidence Towers . .. Gated Composition
Text Supervision
3 ( N\
Content Encoder Entity-chain evidence Content-origin Head HH HA
(Content-Organization | Jf O hity-ehain evidence (Binary) [ ) .) ()
T {62 Who, what, how entities | IR + d + [ g
connect and evolve What is the origin of the ah AR\ dah
CONTENT? Human Human Human Al
RST/ discourse graph Content Expression L Content Exprcssinrb
P T evidence
structure and nucleus A AH
Semantic/organization D -.9.- + .)\
RoBERTa-base transitions [EnRanEn]
Y Topic flow, transitions, Human Al 0616451‘ Al Human
variants Content Content Composition Content Expression
- . (Evidence-Gated
(7 E ‘ain Head Fusion)
Expression Encoder| Lexical & discourse- PIRIIER AT 1AL , AA
(Expression-Realization choice evidence ERnnnRRg| (Binary) 0 o I
Input Tower) Word choice, collocations, N -
D sentence patterns What is the origin of the a'a
ocument EXPRESSION? Al &l
Content Expression
b 1l Rhythm/POS
by ™ poS patterns, length and rhythm ERREEER] ; \
! D2C-Base Fusion (dev-elected detector system) '
i i
f []\;Iodel 1 [I\;lodel 2 I\[/l)odel M [Final Probabilities| }
St gty i| Detector etector | .. | Detector (HE/HA/AH/AA)|!
RoBERTa-| : | EEEEEN| f
ol ‘a-base’ 19 le)\vldence Y Human Al ! [T i
unctuation, repetition, burstiness : . i
\ et Tyt W e R e j

Figure 2: D2C-Routing architecture. The figure shows the single-model architecture: the observed document feeds
content and expression evidence pathways, supervised source heads estimate the two dimensions, and a learned
gate composes them into HH/HA/AH/AA predictions. The separate D2C-base Fusion detector system combines
multiple D2C-Routing outputs and is reported only in result tables.

4.4 Expression Pathway

The expression pathway models how information
is linguistically realized. This branch is needed
because polishing or humanization can preserve
organization while changing vocabulary, connec-
tives, rhythm, grammatical realization, punctua-
tion, repetition, and burstiness. We group these
signals into lexical-connective realization ajex (),
rthythm/POS realization a,py (), and surface reg-
ularity areg(z), drawing on stylometry and Al-
generated text style analysis (Stamatatos, 2009;
Soto et al., 2024; Reinhart et al., 2025). Learned
projectors map each component into the expres-
sion pathway, and the final expression-origin state
concatenates h, with routed expression evidence.
This pathway is supervised to predict whether
wording and surface realization are Al-originated.

4.5 Dimension Heads

Because the four-way label factorizes into content-
origin and expression-origin dimensions, we de-
rive two supervision targets from the same label
space and implement binary heads over the routed
pathway states. The content head s, = Wz, + b,
predicts Al-originated content, with AH/AA as
positive labels and HH/HA as negative labels. The
expression head s, Weze + be predicts Al-
originated expression, with HA/AA as positive la-
bels and HH/AH as negative labels. Both heads

receive direct cross-entropy supervision.

4.6 Gated Composition

The final collaboration type is the composition of
the two source dimensions, but the learned dimen-
sion representations are uncertain and partly en-
tangled. A hard mapping from two binary deci-
sions to four labels would discard this uncertainty,
while a flat classifier need not expose or preserve
these source dimensions. D2C-Routing therefore
projects the pathway representations into a shared
composition space,

Ue = fc(zc>a Ue = fe(ze)'

Let hy denote the text anchor used by the com-
position gate: in shared-encoder models, h, = h;
in dual-encoder models, h, is a projected combina-
tion of h. and h.. The learned vector gate, fused
representation, and four-way classifier are

g = 0(Wylhg; sc; se] + bg),
u=g0Ouc+ (1 —g)Oue,
p(y | ) = softmax(Wy[hg; u; s¢; Se] + by).
This design differs from a hard factorized clas-
sifier that maps two binary predictions directly
to four labels. The gate allows the model to

learn how content-origin and expression-origin ev-
idence interact across HH, HA, AH, and AA.
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4.7 Training Objective

The training objective mirrors the hierarchy: di-
mension losses teach the two source questions,
the composition loss teaches HH/HA/AH/AA, and
low-FPR ranking terms adapt the detector to strict
false-positive operating points,

L = X\CE(S¢, Ye) + AeCE(Se, Ye) + AmLapr/aa
+ ACE(p(y | 2),y) + ArLaa.

The first two terms supervise the content
and expression dimensions. The third sepa-
rates Al-content/human-expression from fully Al-
generated text, the fourth supervises the com-
posed HH/HA/AH/AA label, and the final AA
one-vs-rest ranking term supports low-FPR AA re-
trieval. The ranking terms are evaluation-aligned
optimization choices motivated by low-FPR detec-
tor evaluation (Tufts et al., 2025).

4.8 Detector-System Fusion

D2C-base Fusion is the final detector-system vari-
ant for low-FPR evaluation. It combines member
models that each produce a four-way probability
vector p,(y | ). The candidate pool and develop-
ment metric are fixed before test evaluation; inter-
polation weights are selected on development and
evaluated once on test, with no test-set interpola-
tion tuning.

Prusion (Y | 7) = Zampm(y | ), Zam =1
m m

Official Level-1/2/3 scores are computed by col-
lapsing the fused four-way probabilities into the
corresponding positive sets. Single-model archi-
tecture evidence is evaluated separately through
dimension-head, feature, and composition con-
trols.

S Experimental Setup

5.1 Dataset Split

Because the released benchmark files do not pro-
vide frozen RACE sample identifiers, we con-
struct MixD2C as a transparent four-way evalua-
tion split, not a new dataset or taxonomy. MixD2C
merges the released development and test JSON
files, then stratifies by domain and class into a
70/10/20 train/dev/test split. The split follows
the counts reported in the RACE appendix table
rather than the 70/20/10 ratio stated in the RACE
prose. MixD2C contains 11,200/1,600/3,200
train/dev/test examples, with AH as the minor-

ity class; full class counts are reported in Ap-
pendix A.1.

The four-way comparison has two RACE-
related sources. Published RACE Table 2 values
are external references kept for audit context in
Appendix A.l1. The main same-split comparison
uses our run of the released RACE implementation
on the identical MixD2C train/dev/test files, with
the strict rstdt RST parser setting. This local rerun
is same-split with our models, but it is not a repro-
duction of the published RACE numbers because
the release does not include frozen published sam-
ple IDs or checkpoints.

5.2 Metrics

For official Level-1/2/3 task collapses, we report
AUROC, Fl1-score, and TPR@5%FPR. For fine-
grained HH/HA/AH/AA diagnostics, AUROC and
F1-score are macro-averaged unless stated other-
wise; we also report class-wise TPR@1%FPR and
their average. These low-FPR metrics reflect de-
tector evaluation under strict false-positive con-
straints (Tufts et al., 2025).

5.3 Baselines

We compare against four protocol-separated base-
line groups. First, RACE-local is our rerun of the
released RACE implementation on the identical
MixD2C split. Second, the main four-way table
restores representative published RACE Table 2
references—RoOBERTa, RoBERTa-DANN, CoCo,
LF-Motifs, and RACE—as related-reconstruction
context rather than local reruns (Li et al., 2026);
the complete 13-row reference set remains in Ap-
pendix A.1. Third, same-split internal controls
compare text-only RoBERTa, flat feature concate-
nation, D2C-Routing, and closely cost-matched
ensembles.  Fourth, training-free scalar detec-
tors, including SpecDetect, Fast-DetectGPT, and
Binoculars, are evaluated on official Level-1/2/3
collapses because their scalar outputs are not na-
tive HH/HA/AH/AA predictions. All same-split
rows use the same MixD2C files and evaluator;
original HART-protocol references remain sepa-
rate in Appendix A.2.

Table names follow a fixed convention. RACE-
local denotes the same-split RACE rerun. D2C-
Routing denotes independently evaluated single
models; parenthetical tags such as shared or dual
identify the encoder instantiation. D2C-base Fu-
sion is the development-selected primary detector
system, a probability fusion over ROBERTa-base-
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family member models. Supplementary fusion
variants appear only in robustness and appendix
analyses. The strongest single-model row is a
dual-encoder RoBERTa-base variant without the
entity-as-text input, so it is not a strict parameter-
matched comparison against shared-encoder con-
trols.

5.4 Implementation

All variants use RoOBERTa-base or RoBERTa-large
encoders (Liu et al., 2019). The primary D2C-base
Fusion system uses RoBERTa-base-family mem-
bers; RoBERTa-large variants are analysis con-
trols. Continuous evidence groups are projected
through small MLPs before entering their path-
ways. Fusion weights are selected on develop-
ment, the candidate pool is fixed before test evalu-
ation, and no test-set interpolation tuning is used.
The final fusion has three nonzero-weight mem-
bers. Optimizer settings, fusion weights, scalar-
detector proxy models, RACE rerun settings, and
cost disclosures are provided in Appendix A.9.

6 Main Results

The main fine-grained analysis is four-way
HH/HA/AH/AA low-FPR detection, because it
tests whether a detector can distinguish off-
diagonal mixed-origin cases rather than only de-
tect any Al involvement. We first report the main
four-way comparison, then use a compact con-
trol table to separate single-model method evi-
dence from the development-selected detector sys-
tem. Official Level-1/2/3 task collapses and scalar
baseline details are reported in Appendix A.2.

6.1 Four-Way Low-FPR Results

Among the published references, RACE has the
strongest Avg TPR@1%FPR at 0.8306, but these
values are contextual because exact published sam-
ple IDs are unavailable. On the exact MixD2C
split, RACE-local is strong on ordinary metrics
(0.9849 AUROC and 0.9030 F1-score), while
its AA TPR@1%FPR is 0.5752. D2C-Routing
reaches 0.8440 Avg TPR@1%FPR and 0.7701
on AA, but remains below RACE-local on AH
(0.7435 versus 0.7696). The disclosed D2C-base
Fusion system reaches 0.8603 Avg TPR@ 1%FPR,
with 0.7892 AH and 0.7708 AA. Thus the sup-
ported result is improved average and AA low-
FPR ranking under the exact-split comparison, not
uniform class-wise superiority or an exact repro-
duction of the published table.

I RACE local B D2C dual Hl D2C Fusion

0.95 o +19.6 pts AA

vs. RACE local

N

0.80

TPR@1%FPR

0.65

HH HA AH AA
0.795

0.844

0.860

I T T
075 0.80 0.85 0.90
Avg TPR@1%FPR

Figure 3: Same-split low-FPR behavior on MixD2C.
We compare RACE-local, D2C-Routing dual encoder,
and D2C-base Fusion on the same MixD2C test split.
Our rows mainly improve low-FPR ranking on AA,
while RACE-local remains competitive on AH.

6.2 Ablations and Controls

The controls separate architecture evidence from
detector-system engineering. Shared D2C im-
proves low-FPR ranking over same-family text-
only and flat controls, while the dual encoder is the
strongest single model. At closely matched total
scale, the D2C cost-audit system improves Macro-
F1 and AUROC over both five-member controls
and Avg TPR@1 over text-only. Its Avg TPR ad-
vantage over flat 5x is positive but not significant
at 95%, and flat 5x has higher AA TPR. Remov-
ing dimension supervision or learned composition
weakens four-way low-FPR performance. Full fea-
ture removals, paired intervals, routing controls,
and composition alternatives are provided in Ap-
pendix A.4 and Appendix A.7.

6.3 Diagnostics

Table 4 summarizes mechanism, grouped-split,
transfer, and error diagnostics. = Group-aware
HART evaluates a stricter in-benchmark split;
APT-Eval and PAN evaluate zero-shot expression-
or content-origin scores; FAIDSet and the HART-
style MixSet reconstruction evaluate supervised
external adaptation. Expression-origin transfer is
the clearest external result, whereas PAN content
transfer is small relative to a matched text-only
score and direct four-way transfer to MixSet is
negative. The AH branch diagnosis further lo-
calizes the single-model weakness to expression-
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Table 2: Four-way low-FPR comparison. “Published” rows are representative RACE Table 2 values from a related
HART reconstruction rather than exact-split reruns; “MixD2C” rows use the identical local split and evaluator. The
dagger denotes our rerun of released RACE code. RACE reports Humanized before LLM-Generated; we remap
these to AH and AA. The full published reference set and scalar official-task diagnostics are in Appendix A.1-A.2.

TPR@1
Model Source AUROC Avg TPR@1 F1-score
HH HA AH AA

RoBERTa Published 0.9222 0.9936 0.6806 0.7092 0.6314 0.7537 -
RoBERTa-DANN Published 0.9617 0.9688 0.7503 0.7178 0.4889 0.7314 -
CoCo Published 0.9767 0.9968 0.7577 0.7943 0.6393 0.7970 -
LF-Motifs Published 0.9820 0.9668 0.6961 0.7562 0.6701 0.7723 -
RACE Published 0.9799 0.9904 0.8360 0.7541 0.7418 0.8306 -
RACE-local* MixD2C 0.9849 0.9888 0.8463 0.7696 0.5752 0.7950 0.9030
D2C-Routing (3-seed) MixD2C 0.9858 0.9871 0.8754 0.7435 0.7701 0.8440 0.9054
D2C-base Fusion MixD2C 0.9889 0.9925 0.8888 0.7892 0.7708 0.8603 0.9195

Table 3: Matched controls and core ablations. Single-model rows use the same encoder family; cost rows match
total parameter scale and disclose online forward calls. The D2C cost row reports a separately evaluated AH/AA-
calibrated audit system; Table 2 reports the final detector system.

Group Model Setting AUROC Avg TPR@1 AATPR@1 Fl-score Role
RoBERTa-base 3 seeds 0.9832 0.7666 0.5447 0.8940 Text-only
Sinale Flat concat 3 seeds 0.9851 0.7923 0.6113 0.8987 Flat features
e D2C-Routing shared, 3 seeds 0.9846 0.8110 0.6841 0.8995 Shared encoder
D2C-Routing dual, 3 seeds 0.9858 0.8440 0.7701 0.9054 Best single model
Text-only 5 X uniform 623.24M / 5 calls 0.9859 0.8241 0.7385 0.8932 Cost control
Cost Flat features 5 X uniform 623.87TM / 5 calls 0.9880 0.8443 0.7772 0.9093 Cost control
D2C cost-audit system 625.34M / 3 calls 0.9894 0.8601 0.7686 0.9185 Calibrated system
No dimension loss 3 seeds 0.9834 0.7801 0.6662 0.8994 No dimension
Ablation supervision
No learned
No gate 3 seeds 0.9818 0.7838 0.6870 0.8795 e
composition

Table 4: Supporting diagnostics for transfer, mechanism, and error structure. Main four-way results are reported

in Table 2.

Diagnostic Mode Result

Interpretation

Source heads
Learned vs fixed/concat/hard

Dimension heads
Composition controls

Grouped robustness Matched systems

APT / PAN zero-shot
PAN zero-shot
Branch accuracy

External expression
External content
AH diagnosis

C 0.9937; E 0.9871 AUROC
Avg 0.8110 vs 0.7754/0.7942/0.7868

F10.9100; Avg 0.8507

AUROC 0.8993/0.9392
AUROC 0.8012 vs text 0.7961
Content 0.9477; expression 0.6438

Targets learnable

Learned composition helps
Competitive, not uniformly
significant
Dimension-targeted transfer
Small controlled gain
Expression bottleneck

origin recognition. Full protocols and negative re-
sults are in Appendix A.5-A.8.

7 Conclusion

We presented D2C-Routing for mixed-origin Al-
text detection, with supervised content-origin and
expression-origin prediction followed by learned
composition. On MixD2C, D2C-Routing im-
proves average and AA low-FPR ranking over
same-split single-model controls and RACE-local,
while AH remains the hardest boundary. D2C-
base Fusion provides the strongest disclosed
detector-system result, and cost-matched controls
show that its ordinary-metric gains are not ex-
plained by ensemble scale alone. Across tar-
geted transfer evaluations, expression-origin sig-
nals transfer more reliably than full four-way pre-

dictions. Together, the results support supervised
source dimensions and learned composition while
identifying AH expression recognition as the main
remaining challenge.

Limitations

The main positive result is in-domain on MixD2C.
Direct HART-to-MixSet transfer reaches 0.2262
Macro-F1 and 0.4372 Macro AUROC, so the
external experiments support dimension-specific
transfer and supervised adaptation rather than
broad out-of-domain four-way generalization.

We run released RACE code on the same
MixD2C split, but published RACE values remain
related-reconstruction references because frozen
sample IDs and checkpoints are unavailable. D2C-
base Fusion is a development-selected detector
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system, whereas the single-model D2C-Routing
results provide the architecture-level evidence.
AH remains the main single-model weakness:
content-origin accuracy is 0.9477 but expression-
origin accuracy is 0.6438 on AH.

ModernBERT does not yield a reliable D2C-
over-text advantage, and correct, swapped, and
fixed-random routing are statistically similar on
the principal low-FPR metric. The current ev-
idence therefore supports dimension supervision
and learned composition, but it does not establish
a uniquely optimal or causally interpretable hand-
crafted feature assignment.

Ethical Considerations

This work studies detection of Al-generated and
mixed-origin writing. Such detectors should not
be used as sole evidence for punitive decisions
about authorship, academic integrity, employment,
or access to services. The labels in MixD2C
describe controlled construction protocols rather
than a person’s intent or honesty, and low-FPR
evaluation does not remove the risk of false ac-
cusations. The intended use is therefore decision
support, auditing, and research on mixed-origin
text, with human review and context-specific pol-
icy safeguards. The data are derived from public
research benchmarks, but benchmark distributions
may underrepresent writers, domains, languages,
and editing practices outside the evaluated setting.
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A Additional Results and Baselines

A.1 MixD2C Split

MixD2C merges the released HART development
and test files, then stratifies by domain and RACE-
style class into the following train/dev/test split.
AH is the minority class in this reconstruction.

RACE Table 2 is the closest published four-way
reference for HH/HA/AH/AA comparison. The
rows below are external references under the same
RACE-style HART construction, not local reruns
from frozen sample IDs in this repository. RACE
reports class columns in the order Human-Written,
LLM-Polished, LLM-Generated, Humanized. We
map them to HH, HA, AA, AH, then present them
in HH, HA, AH, AA order; therefore the Human-
ized and LLM-Generated columns are swapped in
our display.

The local rerun below uses the identical
MixD2C split used by our models. It is not a re-
production of the published RACE table because
frozen published sample IDs and checkpoints are
not packaged with the released repository.

A.2 Original HART Protocol References

HART’s original detector tables are not directly
comparable to MixD2C. They use the original
HART protocol and mostly report official binary
risk tasks rather than four-way low-FPR diagnos-
tics. We therefore use them as benchmark con-
text, not as same-split baselines. The full English
table from HART is reproduced below to keep
the source of the original-protocol references au-
ditable.

In the English ALL setting, HART reports C2-
T Fast-Detect as the strongest Level-1 and Level-
2 reference among its listed original-protocol
detectors, with AUROC 0.843 and 0.855 and
TPR@5%FPR 59% for both tasks; for Level-
3, C2-T Binoculars reaches AUROC 0.883 and
TPR@5%FPR 61%. These numbers support
the need to report Level-1/2/3, but they remain
original-protocol context rather than same-split
MixD2C baselines.

The table below reports the local MixD2C
scalar-detector reruns used to contextualize the of-
ficial Level-1/2/3 task collapses. Binoculars is in-
cluded as a proxy implementation because the of-
ficial Falcon-7B/Falcon-7B-Instruct pair was not
used on the 12GB local GPU.

The next table reports same-split official col-
lapses for RACE-local and D2C-base Fusion.

Each cell reports AUROC / F1 / TPR@5%FPR.
These MixD2C values should not be compared
as exact head-to-head results against HART’s
original-protocol detector table above.

A.3 Adjacent Mixed-Origin Work

Several recent datasets and benchmarks study
mixed or collaborative authorship but are not
numeric baselines for Table 2. APT-Eval fo-
cuses on Al-polished writing and detector relia-
bility (Saha and Feizi, 2025); M4, M4GT-Bench,
HC3, and RAID provide broader generated-text
detection benchmarks (Guo et al.,, 2023; Wang
et al., 2024b,a; Dugan et al., 2024); RoFT eval-
uates localized human-machine boundary detec-
tion (Kushnareva et al., 2024); RealBench/DETree
studies manipulated or hierarchical collaborative
processes (Wang et al., 2025; He et al., 2025).
These lines of work motivate the problem and
should be discussed as related settings, while
HART and RACE remain the directly compara-
ble HART-family sources for the present four-way
evaluation.

Truth Mirror and RAID-style files expose bi-
nary, content, or task labels rather than the full
HH/HA/AH/AA content-expression composition
used here. We therefore use them for transfer or
robustness evaluation rather than as main four-way
baselines.

A.4 Additional Architecture Controls

The following controls use MixD2C and the uni-
fied evaluator. The first table contains seed-42
architecture checks; the subsequent three-seed ta-
bles test modern backbones and routing alignment.
Together, they evaluate architecture sensitivity in-
dependently of final detector-system selection.
The frozen-lastl control shows that D2C-
Routing is not merely a frozen encoder probe:
Avg TPR@1%FPR drops from 0.8206 to 0.5444,
and AA TPR@1%FPR drops from 0.6777 to
0.3854. The flat all-features control is competi-
tive on ordinary Macro AUROC and Macro-F1,
but lower on low-FPR ranking, especially AA.
DistilRoBERTa and Longformer-base at 512 to-
kens both underperform the routed RoBERTa-
base control. DeBERTa-base improves the single-
backbone low-FPR result over the RoBERTa-base
seed4?2 routed baseline, especially for AA, but still
remains below the final D2C-base Fusion system.
These controls do not prove that the handcrafted
feature-to-dimension assignment is uniquely opti-
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Table Al: MixD2C split. Released HART development and test files are merged and split by domain and RACE-
style class.

Split HH HA AH AA Total

Train 2,800 2,800 710 4,890 11,200
Dev 400 400 101 699 1,600
Test 800 800 204 1,396 3,200

Table A2: Full RACE Table 2 reference set, displayed in HH/HA/AH/AA order.

Method Macro AUROC HH TPR@]1 HA TPR@1 AHTPR@I AATPR@]I Avg TPR@1
RoBERTa 09222 0.9936 0.6806 0.7092 0.6314 0.7537
RoBERTa-DANN 0.9617 0.9688 0.7503 0.7178 0.4889 0.7314
CoCo 0.9767 0.9968 0.7577 0.7943 0.6393 0.7970
SeqXGPT 0.8987 0.9838 0.1523 03168 0.1432 0.3990
DeTeCtive 0.9574 0.9862 0.0000 0.7723 0.0000 0.4396
LF-Motifs 0.9820 0.9668 0.6961 0.7562 0.6701 0.7723
Binoculars-MLP 0.7915 0.2949 0.0734 0.0550 0.0437 0.1170
Binoculars-C-T 0.5003 0.0000 0.0000 0.0000 0.0000 0.0000
Fast-DetectGPT 0.6170 0.0000 0.0337 0.0009 0.2627 0.0770
Fast-DetectGPT-MLP  0.7369 0.0312 0.0387 0.0396 0.2935 0.1080
Fast-DetectGPT-C-T 0.4993 0.0000 0.0000 0.0000 0.0000 0.0000
TDT-SVC 05716 0.0288 0.0237 0.0050 0.0358 0.0233
RACE 09799 £ 0.0013  0.9904 +0.0040  0.8360 £ 0.0161 07541 £0.0103 07418 +0.0095  0.8306 = 0.0057
Table A3: Local public-code RACE rerun on the exact MixD2C split.
Local run Macro AUROC ~ Macro-FI ~ HHTPR@!  HATPR@!  AHTPR@!  AATPR@!  AvgTPR@I
RACE-local, 20ep strict rstdt ~ 0.9849 0.9030 0.9888 0.8463 0.7696 05752 0.7950

Table A4: Original HART English detector references under the original HART protocol.

Detector L3 Essay L3 ArXiv L3 Writing L3 ALL L2 Essay L2 ArXiv L2 Writing L2 ALL L1 Essay LI ArXiv L1 Writing L1 ALL
RoBERTa(ChatGPT) 0.636 0.796 0.653 0.662 (16%) 0.435 0.687 0.498 0.502 (8%) 0.471 0.955 0.606 0.566 (9%)
RADAR 0.692 0.849 0.647 0.728 (14%) 0.566 0.814 0.630 0.687 (10%) 0.705 0.857 0.700 0.758 (20%)
Log-Perplexity 0.868 0.850 0.811 0.799 (33%) 0.364 0.485 0.438 0.473 (11%) 0.769 0.530 0.625 0.576 (6%)
Log-Rank 0.867 0.874 0.813 0.814 (39%) 0.380 0.460 0.441 0.465 (11%) 0.739 0.542 0.611 0.573 (8%)
LRR 0.835 0.909 0.797 0.840 (50%) 0.560 0.616 0.551 0.573 (25%) 0.616 0.576 0.558 0.568 (19%)
Glimpse 0.929 0.869 0.819 0.849 (58%) 0.754 0.737 0.625 0.676 (30%) 0.878 0.719 0.618 0.688 (22%)
Fast-Detect 0.883 0.877 0.840 0.862 (60%) 0.734 0.718 0.692 0.711 (47%) 0.877 0.769 0.740 0.778 (55%)
C2 (Fast-Detect) 0.734 0.787 0.765 0.738 (18%) 0.778 0.862 0.819 0.798 (42%) 0.712 0.779 0.742 0.730 (33%)
C2-T (Fast-Detect) ~ 0.864 0.896 0.890 0.876 (61%) 0.785 0.915 0.890 0.855 (59%) 0.907 0.849 0.836 0.843 (59%)
Binoculars 0.897 0.882 0.847 0.870 (62%) 0.735 0.715 0.693 0.711 (44%) 0.879 0.769 0.740 0.780 (55%)
C2 (Binoculars) 0.736 0.789 0.770 0.737 (17%) 0.781 0.856 0.822 0.791 (35%) 0.701 0.761 0.743 0.716 (25%)
C2-T (Binoculars)  0.854 0.904 0.905 0.883 (61%) 0.746 0.913 0.895 0.848 (32%) 0.900 0.840 0.828 0.838 (58%)

Table AS: Local MixD2C scalar-detector reruns for official Level-1/2/3 collapses.

Detector Proxy LM / model L1 AUROC/F1/TPR@5 L2 AUROC/F1/TPR@5 L3 AUROC/F1/TPR@5
SpecDetect gpt2 0.6859 /0.8808 / 0.2137 0.5877/0.6862 /0.1744 0.6098 / 0.6259 / 0.2013
SpecDetect gpt2-x1 0.7129 /0.8864 / 0.2892 0.6415/0.6937 / 0.2694 0.6693 /0.6333 /0.2958
Fast-DetectGPT analytic gpt2-x1 scoring/reference 0.7205/0.8582 / 0.3688 0.6581/0.6676 / 0.3419 0.6883/0.6179/0.3725
Binoculars proxy observer=gpt2-xl, performer=gpt2 0.6314/0.8571/0.2687 0.5588/0.6667 / 0.2256 0.5845/0.6075 / 0.2357

Table A6: Same-split official-task collapses on MixD2C. Each cell reports AUROC / F1 / TPR@5%FPR.

Model Source Level-1 Level-2 Level-3

SpecDetect-gpt2-x1 local scalar rerun 0.7129/0.8864 / 0.2892 0.6415/0.6937/0.2694 0.6693 /0.6333/0.2958
Fast-DetectGPT analytic local scalar rerun 0.7205/0.8582 / 0.3688 0.6581/0.6676/0.3419 0.6883/0.6179/0.3725
RACE-local same-split local rerun 0.9985/0.9925 / 0.9967 0.9943 /0.9641/0.9731 0.9841/0.9365/0.9398
D2C-base Fusion ours, probability collapse 0.9988 / 0.9925 / 0.9962 0.9959/0.9702 / 0.9850 0.9906 / 0.9498 / 0.9685

Table A7: Supplemental architecture controls on MixD2C.

Model Macro AUROC Avg TPR@1 Macro-FI HHTPR@1 HA TPR@1 AHTPR@1 AATPR@1 Use in paper

D2C-Routing (base no-syntax + AA rank) 0.9845 0.8206 0.9051 0.9888 0.8613 0.7549 0.6777 Routed baseline

Frozen D2C-Routing (last layer) 0.9581 0.5444 0.8165 0.9363 0.2825 0.5735 0.3854 Frozen-probe control

Flat all-features RoOBERTa-base 0.9873 0.7982 0.9071 0.9875 0.8138 0.7549 0.6368 Feature-stacking control
D2C-Routing (DistilRoBERTa) 0.9776 0.7414 0.8691 0.9788 0.7425 0.6912 0.5530 Small-backbone control
D2C-Routing (Longformer-base, 512 tokens) 0.9802 0.7639 0.8815 0.9825 0.7413 0.7059 0.6261 Backbone/length control
D2C-Routing (DeBERTa-base no-syntax) 0.9867 0.8158 0.9005 0.9875 0.8338 0.7451 0.6970 Alternative backbone control
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Table A8: Three-seed modern-backbone comparisons on MixD2C. Values are mean = standard deviation.

Macro-F1

Avg TPR@1

AHTPR@1

AATPR@1

Model Params Macro AUROC
ModernBERT text-only 149.02M 0.9850 4 0.0022
ModernBERT D2C 149.73M 0.9851 4+ 0.0011

DeBERTa-base D2C - 0.9877 £ 0.0009

0.9089 £ 0.0076
0.9026 £ 0.0025
0.9094 £+ 0.0076

0.8032 £+ 0.0136
0.8073 £ 0.0138
0.8320 £ 0.0157

0.7484 £+ 0.0172
0.7435 £ 0.0113
0.7614 £+ 0.0142

0.6562 £ 0.0389
0.6796 £ 0.0366
0.7051 £ 0.0372

Table A9: Three-seed comparison of correct, swapped, fixed-random, and flat evidence routing on MixD2C.

Routing Macro AUROC Macro-F1

Avg TPR@1

AHTPR@]1

AA TPR@1

0.9846 £+ 0.0010
0.9845 £+ 0.0033
0.9849 £ 0.0005
0.9851 £ 0.0019

Correct role-aligned
Swapped

Fixed random

Flat concat

0.8995 £+ 0.0100
0.8950 £+ 0.0157
0.9058 £ 0.0057
0.8987 £ 0.0079

0.8110 £ 0.0165
0.8076 £ 0.0254
0.8034 £+ 0.0109
0.7923 £ 0.0072

0.7435 £ 0.0242
0.7222 £+ 0.0396
0.7451 £+ 0.0147
0.7516 £ 0.0057

0.6841 £+ 0.0310
0.6991 £ 0.0326
0.6476 £+ 0.0591
0.6113 £ 0.0499

mal. The supported mechanism is the use of su-
pervised source dimensions with learned composi-
tion; the exact routing partition remains an induc-
tive bias.

A.5 Transfer Checks

The following analyses evaluate transfer when the
domain or dataset changes.

Group-aware HART split. To test whether the
model relies heavily on variant or topic overlap,
we evaluate a stricter split in which all variants of
the same base text stay in the same partition. The
split contains 4000 groups with zero cross-split
leaks.

Performance drops under grouped splitting, so
this is a robustness sanity check rather than ev-
idence of domain-invariant detection. The cal-
ibrated D2C system remains competitive with
matched text-only and flat ensembles; its accuracy
advantage over text-only is significant, whereas
Macro-F1 and Avg TPR@1 intervals cross zero.

Leave-one-domain-out HART. Each row
trains on the other three HART domains and tests
on the held-out domain.

RAID binary transfer. RAID provides binary
content or task labels rather than HH/HA/AH/AA
labels, so we use it to evaluate content-origin trans-
fer.

Zero-shot polished-writing transfer. We
also evaluate a 3-seed equal-weight D2C-Routing
(no-external) ensemble on APT-Eval without re-
training and without external-target development
tuning. This setting removes HART-side pre-
extracted RST, entity, and style features because
APT-Eval does not provide the same feature cache.

Because the protocols differ, we interpret these
results separately. APT/PAN evaluate targeted di-
mension transfer, while FAIDSet and MixSet mea-
sure supervised adaptation under different label
spaces and construction protocols. On the con-

trolled PAN content contrast, the D2C content
score has only a small AUROC advantage over
matched text-only and no consistent low-FPR ad-
vantage. Direct MixSet transfer remains weak,
leaving broad four-way zero-shot generalization
unresolved.

A.6 Direct Evidence Probes

Before testing full neural systems, we ask whether
the routed evidence groups contain source-origin
signal on their own. We train simple logis-
tic probes using pre-extracted evidence features.
These probes measure association between evi-
dence groups and source dimensions.

Entity/coh. 0.436

Expr-real. 0.930 0.591 0.8

RST 0.410

Entity+RST 0.479 05
0.4
All 0.860 0615
C E 4w
AUC AUC AUC F1

Figure 4: Heatmap summary of source-dimension and
four-way evidence probes.

Entity/coherence and RST features carry sub-
stantial content-origin signal, and their combi-
nation reaches 0.8842 content-origin AUROC.
The expression feature block reaches 0.8515
expression-origin AUROC, but it is also strongly
predictive of content origin. This cross-dimension
signal motivates explicit dimension supervision
and learned composition while cautioning against
rigid feature-role interpretations.

A.7 Composition Controls

These tables provide the full feature, expression-
subgroup, and composition controls summarized
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Table A10: Group-aware MixD2C results with matched detector systems. Paired intervals for D2C versus text-
only cross zero for Macro-F1 and Avg TPR@ 1; only the accuracy difference is significant.

Model/system Macro-F1 Macro AUROC Avg TPR@1 Interpretation

Text-only dev-selected ensemble 0.9047 0.9883 0.8289 Matched ensemble

Flat-concat dev-selected ensemble 0.8903 0.9863 0.8191 Matched ensemble

Calibrated D2C system 0.9100 0.9877 0.8507 Competitive grouped robustness

Table A11: Leave-one-domain-out HART transfer checks.

Held-out domain Model Macro AUROC Avg TPR@1 Macro-F1 AATPR@1
Essay D2C-Routing 0.9000 0.3663 0.6414 0.1834
Essay Text-only 0.8894 0.3094 0.6198 0.0000
ArXiv D2C-Routing 0.9495 0.6760 0.6935 0.8006
ArXiv Text-only 0.9641 0.7464 0.8051 0.7721
News D2C-Routing 0.9096 0.3847 0.5555 0.3305
News Text-only 0.9124 0.4363 0.5827 0.3675
Writing D2C-Routing 0.8884 0.3062 0.4622 0.4087
Writing Text-only 0.8834 0.3088 0.5315 0.4696
Table A12: RAID binary transfer checks.

Dataset Model AUROC Fl Accuracy TPR@1 TPR@5
RAID test Text-only 0.7312 0.5464 0.6493 0.2650 0.3435
RAID test D2C-Routing (no-external) 0.7210 0.5713 0.6270 0.2010 0.2550
RAID nonnative Text-only 0.9349 0.8639 0.8736 0.5495 0.7363
RAID nonnative D2C-Routing (no-external) 09144 0.8095 0.8242 0.2198 0.6374

Table A13: Zero-shot APT-Eval expression-origin transfer.

Dataset / setting Score or mode

N AUROC F1/Macro-F1 TPR@1 TPR@5

Note

APT-Eval paired original vs polished expression-head Al-expression prob 300 pairs -

APT-Eval HH vs HA

APT-Eval HH vs HA content-head Al-content prob

expression-head Al-expression prob 14,950  0.8993  0.7907
14,950  0.5596 0.3011

0.3658  0.6428
0.0831 0.1843

Polished version ranked higher in 97.7% of pairs
Human original vs Al-polished human text
Dimension-control score

Table A14: Protocol-separated robustness evidence. FAIDSet and the HART-style MixSet reconstruction use target
supervision; APT/PAN use HART-trained scores without target tuning. MixSet four-way labels are reconstructed
from released transformation provenance, not native benchmark labels.

Setting Supervision

Res

ult

Claim role

FAIDSet clean test (Ta et al., Target-supervised adaptation
2026)

APT-Eval HH/HA (Saha and Zero-shot expression score
Feizi, 2025)

PAN LLM-DetectAlve HH/HA Zero-shot expression score
(Bevendortf et al., 2025)

PAN machine-mediated content Zero-shot content score
contrast

MixSet HART-style reconstruc- Target-supervised adaptation
tion (Zhang et al., 2024)

MixSet direct four-way transfer ~ Zero-shot, no adaptation

Accuracy 0.9618; Macro-F1 0.9599

AUROC 0.8993; 293/300 paired ranking

External adaptation, current public split

Expression-origin transfer

AUROC 0.9392; TPR@1 0.6491 (NN = Expression-origin transfer
18,480)

AUROC 0.8012 vs matched text 0.7961 (N = Small content-origin transfer
20,703)

Accuracy 0.8504; Macro-F1 0.7811

Macro-F1 0.2262; AUROC 0.4372

External reconstructed four-process task

Negative broad-OOD result

Table A15: Direct evidence probe results. The table reports dimension-level and four-way probe performance from

pre-extracted evidence features.

Feature group Content-origin AUROC Expression-origin AUROC Four-way Macro AUROC Four-way Macro-F1
Entity/coherence 0.8261 0.7277 0.7460 0.4363
Expression features 0.9300 0.8515 0.8777 0.5907
RST discourse 0.8240 0.7250 0.7242 0.4100
Entity + RST 0.8842 0.7747 0.7843 0.4794
All evidence 0.9408 0.8595 0.8781 0.6150
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Table A16: Feature-removal ablations.

Model AUROC Avg TPR@1 Macro-F1 AA TPR@1
D2C-Routing (full) 0.9846 0.8110  0.8995 0.6841
No RST 0.9814 0.7639  0.8869 0.5447
No entity/coherence 0.9833 0.7868 0.8969 0.6098
No expression features 0.9802 0.7541 0.8831 0.5805
No routed external features  0.9843 0.7988 0.8948 0.6655

Table A17: Expression-side subgroup ablations.

Setting AUROC Avg TPR@1 Macro-F1 AA TPR@1
D2C-Routing (full) 0.9846 0.8110 0.8995 0.6841
Remove lexical-connective realization  0.9773 0.7444 0.8860 0.5989
Remove rhythm/POS 0.9835 0.7922  0.8943 0.6287
Remove surface-regularity 0.9828 0.7878 0.8911 0.6177
Lexical-connective realization only 0.9808 0.7534 0.8809 0.5578
Rhythm/POS only 0.9825 0.7567 0.8830 0.5638
Surface-regularity only 0.9829 0.7854 0.8942 0.6125

Table A18: Composition alternatives.

Composition AUROC Avg TPR@1 Macro-F1I AHTPR@1 AA TPR@I
Learned vector gate 0.9846 0.8110 0.8995 0.7435 0.6841
Fixed average of member models  0.9805 0.7754 0.8880 0.7010 0.6072
Concat without gate 0.9814 0.7942  0.8959 0.7141 0.6846
Hard factorized composition 0.9810 0.7868 0.8971 0.7092 0.6213

in the main text. All rows are 3-seed means under
the RoBERTa-base no-syntax + AA-ranking setup
unless stated otherwise.

Removing both margin and ranking losses re-
mains close to the full objective, with 0.8146 Avg
TPR@1%FPR versus 0.8206 in the correspond-
ing seed-42 setting; class-wise hard-negative OVR
also does not improve AA TPR@1%FPR. We
therefore use ranking losses as evaluation-aligned
optimization.

A.8 Mechanism Diagnostics

The supervised dimension heads are strong on
their intended binary targets. On the MixD2C test
split, the content head reaches AUROC 0.9937,
accuracy 0.9653, and F1 0.9655 for AH/AA ver-
sus HH/HA. The expression head reaches AU-
ROC 0.9871, accuracy 0.9606, and F1 0.9720 for
HA/AA versus HH/AH. These results confirm that
the intermediate source judgments are learnable
under direct supervision.

Gate values themselves provide little explana-
tory signal. Their means are close to 0.5 across
labels, ranging from 0.4975 for AA to 0.5067 for
HH, and differ only slightly between correct and
incorrect predictions. The supervised dimension
heads and class-specific error patterns provide the
more direct diagnostic evidence.

Scalar and vector learned gates are statisti-
cally indistinguishable at the ensemble level: vec-
tor/scalar Macro-F1 is 0.9077/0.9154 and Avg
TPR@1 is 0.8235/0.8290, with paired intervals
crossing zero. Together with the fixed-average,

Table A19: Three-seed branch diagnosis for the two Al-
content classes.

Class Content acc. Expression acc. Correct expr. prob.  Four-way acc.

AH 0.9477
AA 0.9721

0.6438
0.9988

0.6374
0.9958

0.6634
0.9723

ungated-concat, and hard-factorized rows in Ta-
ble A18, this result indicates that learned com-
position is stable across gate parameterizations;
individual gate values should not be interpreted
causally.

The AH gap is concentrated in expression-
origin recognition: the model usually recognizes
Al-originated content but often misses humanized
expression. Two targeted expression-head reme-
dies failed the predeclared development criterion
and were not test-evaluated, leaving AH as the
main single-model limitation; the 0.7892 system-
level AH result is reported separately.

Length-bucket analysis shows a practical failure
mode. Short texts are substantially harder, with
Macro-F1 0.8633 and Avg TPR@ 1%FPR 0.6930
in the shortest quartile, compared with Macro-
F1 0.9303 and Avg TPR@1%FPR 0.8927 in the
longest quartile. This suggests that mixed-origin
detection benefits from enough discourse and en-
tity evidence to support the content-expression de-
composition.

A.9 Implementation

Training uses AdamW, learning rate 1 x 1072,
weight decay 0.01, 6% linear warmup, five epochs,
dropout 0.1, maximum sequence length 512,
mixed precision, max gradient norm 1.0, and class
weights for AH imbalance. Base dual-encoder
runs use batch size 4 with gradient accumulation 8;
shared-base and entity-as-text runs use batch size
8 with gradient accumulation 4, giving effective
batch size 32.

D2C-base Fusion selects interpolation weights
on the development split using an AH/AA/F1-
weighted low-FPR objective, then evaluates once
on test. The selected weights are 0.3733 for dual
encoder seed44 with AH-over-AA margin, 0.4391
for dual encoder seed42 with strengthened ex-
pression supervision, and 0.1875 for entity-as-text
seed42, so online inference uses three nonzero-
weight member forward passes. For the group-
aware robustness check only, the calibrated fusion
system redistributes probability mass within the
AH/AA pair without directly moving HH or HA
probabilities.
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SpecDetect uses GPT-2 and GPT-2 XL proxy
language models; Fast-DetectGPT analytic uses
GPT-2 XL as both scoring and reference model;
the Binoculars proxy uses GPT-2 XL as observer
and GPT-2 as performer, rather than the official
Falcon-7B/Falcon-7B-Instruct pair. RACE-local
uses the released RACE GNN with isanlp_rst_v3
rstdt parsing, 20 epochs, batch size 16, and dev
F1-score checkpoint selection. Experiments run
with PyTorch 2.5.1 and Transformers 4.44.2 on an
NVIDIA RTX 4070 SUPER.

D2C-base Fusion runs three nonzero-weight
members online: entity-as-text seed42 and two
dual-encoder D2C-Routing variants. Their
summed nonzero-member parameter count is
625.34M, with approximate summed latency of
43.52 ms/sample on RTX 4070 SUPER using
dummy 512-token inputs. These values are rel-
ative cost disclosures, not hardware-independent
speed claims.
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