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Abstract
Large language models (LLMs) pose challenges to academic
integrity and peer review. Yet generative plagiarism detec-
tion remains an underexplored and largely unresolved chal-
lenge. Prior work on LLM-generated-text detection targets AI
involvement, which may be permissible, rather than source
reuse, while similarity-based methods struggle after exten-
sive rewriting and multi-source synthesis. Motivated by the
description-length view of probabilistic prediction, in which
relevant side information can reduce a target sequence’s code
length, we introduce Source-Conditioned Description-Length
Gain (SCDG), a directional, training-free framework that con-
trasts a frozen language model’s description length of a suspi-
cious documentP with and without a candidate sourceS. This
contrast yields token-level log-likelihood gains that measure
the incremental predictive evidence supplied by S. We evalu-
ate SCDG on the PAN at CLEF benchmarks for generative pla-
giarism. On a PAN 2025-derived pairwise benchmark, SCDG
achieves 0.92 Precision, 0.97 Recall, and 0.94 F1, outperform-
ing all baselines; on PAN 2026’s multi-source retrieval task,
it reaches 0.83 nDCG@10 and 0.96 Recall@100, surpass-
ing all baselines. On a same-topic, same-event Multi-News
test, the calibrated gain-distribution SCDG classifier predicts
source reuse for only 0.125% of pairs, supporting robustness
to topical overlap under this evaluation protocol. These results
establish SCDG as a unified and token-decomposable signal
for source-specific content reuse under extensive transforma-
tion.

Introduction
As LLMs evolve from writing assistants into research agents,
they are becoming embedded in scholarly knowledge produc-
tion. They can retrieve sources, synthesize evidence, orga-
nize arguments, and draft reports with limited human inter-
vention. These capabilities enable deeper forms of rewrit-
ing, in which the central ideas, evidence, reasoning patterns,
and organizational logic of source materials are recombined
into fluent new prose with little recognizable lexical overlap.
A document may therefore depend heavily on a particular
source while bearing limited surface resemblance to it. De-
tecting this form of generative plagiarism requires identify-
ing source reuse under extensive transformation.

LLM-generated-text detection does not address the same
question. Existing classifiers and likelihood-based detectors
estimate whether an LLM contributed to a text (Yang et al.
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Figure 1: SCDG distinguishes source-conditioned predictive
evidence from surface similarity under topical overlap and
extensive rewriting.

2024; Mitchell et al. 2023; Bao et al. 2024), whereas genera-
tive plagiarism detection asks whether the text reuses content
from a particular source. AI involvement neither implies nor
is required for such reuse: machine-generated text may be
independently produced, while source-derived content may
remain after substantial human revision.

Classical external plagiarism detection typically combines
source retrieval with passage alignment (Potthast et al. 2010;
Foltýnek, Meuschke, and Gipp 2019). Lexical matching and
BM25 work well when reused passages retain recogniz-
able wording, while embedding-based methods extend the
comparison to semantic similarity. Both signals, however,
weaken under extensive paraphrasing, reorganization, and
multi-source synthesis (Wahle et al. 2021, 2022; Greiner-
Petter et al. 2025). Prompted LLMs can also judge document
pairs directly (Lee et al. 2025), but their decisions may de-
pend on prompting and do not yield a stable measure of the
contribution made by each candidate source.

The remaining difficulty is that resemblance does not reli-
ably indicate source dependence. Independently written doc-
uments about the same topic may be highly similar, whereas
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a deeply rewritten document may be only weakly similar to
the source on which it relies. We therefore seek a directional,
source-specific signal that measures how much a candidate
source S contributes to a suspicious document P , while con-
trolling for the baseline predictability of P . This motivates
a different view of source evidence based on description
length. Under a fixed probabilistic model, the negative log-
probability of a sequence corresponds to its model-relative
codelength (Shannon 1948; Rissanen 1978; MacKay 2003).
We compare the codelength assigned to the same suspicious
document with and without a candidate source in the model
context. When the document reuses information from that
source, conditioning on it should make the reused content
easier to predict and thereby shorten the document’s code-
length. The resulting reduction measures the incremental
predictive contribution of the candidate source.

Building on this idea, we introduce Source-Conditioned
Description-Length Gain (SCDG), a training-free frame-
work that measures the predictive contribution of a candi-
date source, as illustrated in Figure 2. SCDG compares the
description length assigned by a frozen language model to
the same suspicious document with and without the source in
context. A larger reduction indicates that the source provides
information that helps the model predict the observed text.
Because this reduction decomposes over individual target
tokens, SCDG also reveals where source conditioning pro-
vides predictive evidence and allows sparse source-derived
content to be aggregated without being diluted by the rest of
the document. Unlike lexical or embedding similarity, SCDG
measures an asymmetric relation from a candidate source to
a suspicious document while controlling for the document’s
baseline predictability. The resulting score can be used both
to classify suspicious–source pairs and to rerank candidate
sources retrieved from a large corpus, without task-specific
parameter updates. SCDG should be interpreted as model-
relative evidence of source dependence rather than direct
proof of provenance or authorial intent.

We evaluate SCDG on both pairwise detection and full-
corpus source retrieval using the PAN generative-plagiarism
benchmarks. On the PAN 2025-derived pairwise benchmark,
SCDG performs consistently across three frozen language
models and reaches an F1 score of 0.9433, outperforming
lexical, embedding-based, and prompted-LLM baselines. On
PAN 2026, SCDG substantially improves two matched candi-
date rankings, raising nDCG@10 by more than 0.13 without
changing their candidate sets. These results show that source-
conditioned predictability provides a robust signal for detect-
ing transformed source reuse and complements conventional
retrieval methods in large-scale source attribution. We further
conduct two targeted analyses of the SCDG signal. A con-
trolled source-retention study shows that SCDG increases as
more genuine evidence is retained for reused content, while
remaining comparatively stable on newly written content. On
a complementary Multi-News test set, SCDG-based classifier
produces positive decisions for only 0.125% of same-topic,
same-event article pairs, indicating limited susceptibility to
topical confounding under this evaluation protocol. Together,
these analyses examine both SCDG’s sensitivity to genuine
source evidence and its ability to distinguish source depen-

dence from topical overlap.
Our main contributions are as follows:

• We approach generative plagiarism detection through the
lens of source-conditioned predictability and introduce
Source-Conditioned Description-Length Gain (SCDG),
a training-free, token-level framework that measures the
predictive contribution of a candidate source to a suspi-
cious document.

• We develop DAAC, an uncertainty-aware retrieval-fusion
method that combines lexical, sentence-level dense, and
abstract-level evidence using retrieval ranks alone. DAAC
constructs compact candidate sets without additional neu-
ral inference and, together with SCDG, enables scalable
retrieval and attribution of potential source documents
from large corpora.

• We provide a comprehensive empirical evaluation of
SCDG. Our method outperforms all evaluated baselines
on both the PAN 2025-derived and PAN 2026 bench-
marks, while source-retention and Multi-News experi-
ments further support its sensitivity to genuine source
evidence and robustness to topical confounding.

Related Work
External plagiarism detection. Classical external plagia-
rism detection treats the task as source retrieval followed
by passage alignment. PAN established standardized cor-
pora and evaluation measures for this setting (Potthast et al.
2010); subsequent editions separated retrieval from detailed
comparison and evaluated increasingly realistic paraphrase,
translation, and summarization cases (Potthast et al. 2011,
2012, 2013, 2014). These benchmarks showed strong perfor-
mance on verbatim reuse but persistent difficulty with heav-
ily obfuscated reuse. Most such systems nevertheless decide
reuse through explicit surface or representational similarity.
This signal weakens when rewriting removes local corre-
spondence or when evidence is distributed across multiple
sources. Our method instead asks whether a candidate source
makes the observed suspicious text more predictable under a
fixed autoregressive model.

Generative plagiarism detection. Neural paraphrasers
can maintain high semantic similarity to source texts while
making paraphrase detection substantially more difficult
(Wahle et al. 2021); with larger autoregressive language
models, GPT-3 paraphrases were nearly indistinguishable
from original texts to human judges (53% accuracy), while
the best tested model achieved only about 66% macro-F1
in detecting them (Wahle et al. 2022). A study extending
language-model memorization analysis further identifies ver-
batim, paraphrase, and idea-level reuse from training data,
but its high-precision retrieval-and-alignment pipeline yields
conservative lower-bound estimates because of limited recall
(Lee et al. 2023). PlagBench expands benchmark coverage
with 46.5K synthetic text pairs spanning verbatim copying,
paraphrasing, and summarization, and demonstrates strong
plagiarism-detection performance for GPT-4 Turbo, although
its advantage varies across tasks and baselines (Lee et al.
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Figure 2: Overview of Source-Conditioned Description-Length Gain (SCDG). Given a suspicious document P and a candidate
source S, both documents are tokenized, and a frozen autoregressive language model scores the identical target-token sequence
P under two contexts: the target prefix alone and the source-conditioned context [S;P ]. The resulting baseline and source-
conditioned codelengths define the total description-length gain Dθ(P ← S) = L0

θ(P ) − LS
θ (P ), which decomposes exactly

into token-level gains gt(P ← S). Positive gains identify source-responsive positions at which conditioning on S makes the
observed target tokens more predictable, thereby revealing localized source reuse. Finally, SCDG averages the gains over all
target tokens or the top-k tokens to obtain the length-normalized score Dθ(P ← S) for pairwise plagiarism detection and
candidate-source reranking.

2025). However, such prompted LLM judgments are sen-
sitive to prompting and do not directly quantify the incre-
mental contribution of a candidate source to the observed
target. PAN 2025 reported promising paragraph-level per-
formance for embedding-based systems, reaching about 0.8
recall at roughly 0.5 precision, but also revealed weak gen-
eralization to earlier PAN data (Greiner-Petter et al. 2025).
PAN 2026 moves to a more realistic one- or multi-source
generation setting, placing greater emphasis on robustness
to deep rewriting, multi-source synthesis, and distribution
shift (Bevendorff et al. 2026).

LLM-generated-text detection. A separate literature de-
tects AI authorship using supervised classifiers, zero-shot
likelihood statistics, or watermarking (Yang et al. 2024).
DetectGPT obtains strong zero-shot discrimination from
probability curvature (Mitchell et al. 2023), Fast-DetectGPT
substantially improves its efficiency and accuracy through
conditional curvature (Bao et al. 2024), and ImBD targets
machine-revised text by aligning to machine stylistic prefer-
ences (Chen et al. 2025). These methods detect LLM involve-
ment rather than source-specific reuse, even though LLM
assistance does not necessarily imply plagiarism. SCDG in-
stead measures the model-relative predictive evidence sup-
plied by a candidate source.

Methodology
Theoretical Foundation: Conditional Description
Length
According to Shannon’s source coding theory and its MDL
interpretation, the negative log-probability of a sequence un-
der a fixed probabilistic model corresponds to its ideal model-
relative codelength; a lossless code can realize this length
up to an additive coding constant (Shannon 1948; Rissanen
1978; MacKay 2003). Near-optimal compression of natural
language requires more than modeling surface statistics or
merely representing semantic content; it requires capturing
the deeper generative regularities underlying linguistic struc-
ture and meaning (Shannon 1951; Mahoney 1999; Delétang
et al. 2024; Li et al. 2025). From an algorithmic-information-
theoretic perspective, the conditional codelength induced by
a fixed computable model provides a computable, model-
relative upper bound on conditional Kolmogorov complexity,
up to an additive model-dependent constant (Li and Vitányi
2008). Consequently, a substantial reduction in conditional
codelength indicates that, conditioning on the candidate
source yields a model-relative incremental information gain
for predicting the target. This signal allows our framework to
remain informative despite surface-form changes introduced
by LLM paraphrasing and capture source-derived informa-
tion that survives rewriting. Using natural logarithms, we



define the unconditional codelength L0
θ(P ) and the source-

conditioned codelength LS
θ (P ) of document P , measured in

nats, as:

L0
θ(P ) = −

T∑
t=1

log pθ(pt | p<t), (1)

LS
θ (P ) = −

T∑
t=1

log pθ(pt | S, p<t). (2)

The total description-length gain yielded by the candidate
source S is quantified by their reduction:

Dθ(P ← S) = L0
θ(P )− LS

θ (P ) = log
pθ(P | S)
pθ(P )

. (3)

Mathematically, Dθ(P ← S) is a model-relative condi-
tional log-likelihood ratio and can be viewed as a PMI-like
information-density quantity under pθ. Our contribution lies
not in this algebraic identity alone, but in its operationaliza-
tion as a directional source-reuse signal, its exact tokenwise
decomposition and sparse evidence aggregation, its unified
use for pairwise detection and candidate-source reranking,
and its empirical validation under extensive rewriting and
multi-source retrieval.

In autoregressive language modeling, negative log-
likelihood quantifies how surprising, and hence how difficult
to predict, an observed sequence is under the model. There-
fore, Dθ intuitively quantifies how much easier it is for the
model to predict the observed document P when guided by
source S. When S is provided in the prompt context, it can
act as a probabilistic generative blueprint. If P reuses the
ideas, organization, or reasoning patterns of S, the model
can exploit this source-provided generative logic rather than
predict P solely from its own prefix, potentially causing the
codelength of P to drop substantially.

Validating the Theoretical Intuition through
Controlled Source-Evidence Retention
The preceding analysis connects conditional codelength re-
duction to source-guided predictability, but does not es-
tablish whether the observed gain is driven by genuinely
reused source evidence. We therefore conduct a controlled
source-evidence intervention on 300 aligned suspicious–
source pairs from the PAN 2025 validation corpus. For each
pair, we construct a source context S(r) retaining a pro-
portion r ∈ 0, 0.25, 0.50, 0.75, 1 of the annotated source
evidence, replacing removed chunks with length-matched
distractor passages randomly sampled from an external news
corpus. Each retention level is evaluated over five random
seeds under otherwise fixed scoring conditions, with length-
normalized gains averaged separately for plagiarism-labeled
and new content.

As shown in Figure 3, plagiarism-labeled content ex-
hibits a strong and monotonic response to retained source
evidence across Qwen3-8B-Base(Yang et al. 2025), Llama-
3.1-8B(Grattafiori et al. 2024), and Ministral-3-8B-Base-
2512(Liu et al. 2026). In contrast, the gain of new content
remains close to zero across all retention levels and shows

Figure 3: Mean length-normalized description-length gain
over plagiarism-labeled and new content as a function of the
retained source-evidence ratio. Error bars denote 95% con-
fidence intervals. Across all three frozen language models,
plagiarism-labeled content exhibits a strong monotonic re-
sponse to genuine source evidence, whereas gains for new
content remain close to zero.

little response to increasing retention of genuine source
evidence. This consistent separation supports our design
premise: description-length gain is selectively sensitive to
genuinely reused source evidence and can therefore serve as
an effective signal for generative plagiarism detection.

Source-Conditioned Description-Length Gain
(SCDG)
The pairwise codelength contrast is model-relative and does
not assume that pθ induces a universal or optimal code. Both
likelihood terms are evaluated by the same frozen model over
the same observed target-token sequence, differing only in
whether the candidate source S is absent or available as side
information.

Because autoregressive codelength is additive over target
positions, the document-level gain decomposes exactly into
tokenwise contributions. We define the token-level SCDG as

gt(P ← S) = log
pθ(pt | S, p<t)

pθ(pt | p<t)
, (4)

Dθ(P ← S) =

T∑
t=1

gt(P ← S). (5)

For a selected set of target positions A ⊆ {1, . . . , T}, the
corresponding length-normalized gain is measured in nats
per token.

Dθ(P ← S) =
1

|A|
∑
t∈A

gt(P ← S). (6)

This formulation supports exploratory inspection of token-
level contributions as well as document-level aggregation;
the selection of A used for detection is specified in the exper-
imental setup. Specifically, A contains either all target-token



positions for document-wide averaging or the positions of
the top-k gains for sparse-evidence aggregation.

A positive gt(P ← S) means that conditioning on S in-
creases the probability assigned by the model to the observed
token pt, thereby shortening its codelength. The resulting se-
quence of tokenwise gains provides a directional evidence
profile indicating where the candidate source improves pre-
diction of the suspicious document.

Pairwise Detection and Candidate-Source
Reranking
We useDθ(P ← S) to denote the resulting scalar score. This
unified score supports both pairwise detection and candidate-
source reranking without task-specific fine-tuning or param-
eter updates.

For pairwise plagiarism detection, we predict whether
P reuses content from S by thresholding their directional
description-length gain:

ŷ(P, S) = I
[
Dθ(P ← S) > τ

]
. (7)

where τ is calibrated on validation data.
For multi-source retrieval and attribution, a first-stage lex-

ical or dense retriever returns a candidate set C(P ) of size
K. We then rank the candidate sources in descending order
of their description-length gains:

πP = argsort↓S∈C(P ) Dθ(P ← S). (8)

where πP denotes the resulting ranked list. Candidates that
yield larger source-conditioned reductions in the codelength
of P receive higher ranks. In this way, the same directional
and token-decomposable signal supports both binary source-
reuse detection and training-free candidate-source reranking
under extensive generative rewriting.

Dense-Anchored Abstract Calibration (DAAC) indicator.
For a fixed query q, let rj(x) denote the rank of candi-
date x under route j ∈ {B,D,A}, corresponding to BM25,
sentence-level dense, and abstract-level retrieval. We convert
each rank into reciprocal-rank evidence:

ej(x) =
I[rj(x) <∞]

k + rj(x)
, j ∈ {B,D,A}, (9)

where k = 60 and missing candidates receive zero ev-
idence. For readability, we write b(x) = eB(x), d(x) =
eD(x), and a(x) = eA(x). The dense-route uncertainty and
abstract-route confidence are

UD(x) = 1−min{1, (k + 1)d(x)},

CA(x) =
I[rA(x) <∞]

log2(rA(x) + 1)
.

(10)

The DAAC relevance indicator is

sDAAC(q, x) = d(x)
(
1 + UD(x)CA(x)

)
+ b(x)2 + a(x)2.

(11)

The gated interaction allows abstract confidence to rein-
force uncertain dense evidence, while the squared BM25

and abstract terms provide weak complementary corrections
without dominating the dense route.

Because DAAC depends only on retrieval ranks, it requires
no additional neural inference. From the union of the three
retrieval lists, Uq , we retain

Cq = TopKx∈Uq
sDAAC(q, x), K = 1000, (12)

and apply the more expensive SCDG scoring only to Cq . After
query-wise min–max normalization Nq(·), the final score is

sfinal(q, x) = (1− λ)Nq

(
sDAAC(q, x)

)
+ λNq

(
sours(q, x)

)
, x ∈ Cq,

(13)

where λ ∈ [0, 1] is selected on the development folds. Can-
didates are ranked in descending order of sfinal.

Experimental Setup
We evaluate SCDG through three questions: Q1 whether
it provides a consistent pair-level signal across frozen
language-model backends; Q2 whether sparse aggregation
improves full-corpus candidate-source ranking; and Q3
whether the signal is confounded by same-topic relatedness.

Datasets. We evaluate SCDG in three settings: pairwise
source-reuse detection, full-corpus source retrieval, and
same-topic confounding. The PAN25-derived benchmark
contains 6,791 scientific source–suspicious document pairs,
including 4,777 positives and 2,014 negatives. We split the
data by document-linked groups to prevent document over-
lap across partitions. PAN26 evaluates open-corpus multi-
source retrieval with 200 suspicious queries, 86,822 candi-
date sources, and 614 graded query–source relevance judg-
ments. To evaluate susceptibility to topical confounding, we
construct 8,000 same-cluster article pairs from Multi-News
and test whether a method assigns source-reuse decisions
merely because two documents cover the same topic or event.
We use a cluster-disjoint 6,400/1,600 train–test split.

Baselines. We compare SCDG with lexical, embedding,
prompted-LLM, and retrieval-fusion baselines.
Pairwise generative plagiarism detection. For Q1, we eval-
uate (1) PAN12-style character-n-gram matching for nor-
malized lexical overlap (Potthast et al. 2012); (2) BM25
pair scoring for term-weighted lexical relevance (Robert-
son and Zaragoza 2009); (3) Linq-Embed-Mistral co-
sine similarity, adapted to document-pair scoring from the
strongest post-hoc embedding baseline in the official PAN
2025 overview (Choi et al. 2024; Greiner-Petter et al. 2025);
and (4) PlagBench-style LLM judging with Meta-Llama-
3-8B-Instruct under zero- and few-shot prompting, with and
without chain-of-thought (Lee et al. 2025).
Full-corpus candidate-source retrieval. For Q2, the six base-
lines comprise BM25-full and BM25-sentence, which use
full-document and sentence-window query units over the
same document-level index; BGE-M3 Dense-full and BGE-
M3 Dense-sentence at the corresponding query granularities
(Chen et al. 2024); Four-way CombSUM, which combines
normalized scores from these four routes (Fox and Shaw
1994); and Linq-Embed-Mistral sentence-to-chunk re-
trieval. We further evaluate SCDG reranking on the top 1,000



Threshold-based Threshold-free

Method Prec. Rec. F1 FPR↓ BAcc. MCC AUROC AP

Baselines
PAN12-style n-gram overlap 0.8545 0.9602 0.9041 0.3861 0.7874 0.6416 0.8482 0.8842
BM25 pair score 0.7483 0.9539 0.8369 0.7587 0.5977 0.2826 0.7093 0.8237
Linq-Embed-Mistral cosine 0.7729 0.9497 0.8515 0.6597 0.6449 0.3874 0.7904 0.8813
PlagBench zero-shot (vanilla) 0.7032 1.0000 0.8258 0.9975 0.5012 0.0417 0.5476 0.7250
PlagBench zero-shot (CoT) 0.7032 1.0000 0.8258 0.9975 0.5012 0.0417 0.5012 0.7032
PlagBench few-shot (vanilla) 0.7027 1.0000 0.8254 1.0000 0.5000 0.0000 0.5576 0.7280
PlagBench few-shot (CoT) 0.7027 1.0000 0.8254 1.0000 0.5000 0.0000 0.5197 0.7111

SCDG (Ours)

SCDG & Qwen3-8B Average 0.8914 0.9602 0.9233 0.2748 0.8419 0.7269 0.9161 0.9389
Top-q 0.9095 0.9696 0.9386 0.2277 0.8708 0.7831 0.9222 0.9379

SCDG & Ministral-3-8B Average 0.9117 0.9686 0.9392 0.2203 0.8737 0.7863 0.9334 0.9488
Top-q 0.9124 0.9712 0.9411 0.2215 0.8767 0.7914 0.9236 0.9351

SCDG & Llama-3.1-8B Average 0.9183 0.9696 0.9433 0.2042 0.8835 0.8008 0.9387 0.9518
Top-q 0.9171 0.9707 0.9449 0.2067 0.8816 0.8046 0.9330 0.9449

Table 1: Pair-level binary classification on PAN25. Entries are per-metric medians over the same 20 hash-locked test partitions.
For each backbone, Average aggregates all eligible token-level gains, whereas Top-q aggregates the largest q proportion of gains.

candidates from three fixed first-stage configurations: equal-
weight three-route RRF (Cormack, Clarke, and Büttcher
2009), and DAAC-Full, reporting each before and after
reranking.

Evaluation Metrics. For pairwise detection, F1 is pri-
mary; we additionally report precision, recall, FPR, bal-
anced accuracy, MCC, AUROC, and AP. For retrieval,
nDCG@10 is primary, supplemented by nDCG@100, Re-
call@10/100/1000, MRR, and MAP. nDCG preserves the
original relevance grades, whereas the remaining retrieval
metrics treat relevance > 0 as relevant. For same-topic con-
founding, we report a proxy false-positive rate by opera-
tionally treating same-cluster article pairs as non-reuse cases.
Lower values indicate a greater ability to distinguish source
reuse from shared topic or event information.

Implementation Details. We instantiate SCDG with three
frozen autoregressive backends: Qwen3-8B-Base, Meta-
Llama-3.1-8B, and Ministral-3-8B-Base-2512. The uncon-
ditional and source-conditioned passes score identical target-
token IDs, differing only in whether the candidate source is
included in the context. For pairwise detection, aggregation
hyperparameters and decision thresholds are selected on the
training portion of each split and fixed for test evaluation.
For PAN26, SCDG reranks the fixed Top-1,000 candidates
from each first-stage system, with all aggregation and fu-
sion hyperparameters selected on development queries only.
Full implementation and computing-environment details are
reported in the supplement.

Results and Analyses
Pair-Level Binary Classification
Overall performance. Table 1 shows that SCDG provides
substantially stronger pairwise discrimination than the lex-
ical, embedding, and prompted-LLM baselines across all

three backends. The perfect recall of several PlagBench vari-
ants results from predicting nearly every pair as positive, as
reflected by their near-unit FPR and near-zero MCC. SCDG
instead combines high recall with substantially stronger re-
jection of non-source pairs. Performance is broadly consis-
tent across Qwen, Ministral, and Llama, with Llama provid-
ing the strongest overall point estimates, indicating that the
source-conditioned signal is not specific to a single model
family.

Effect of sparse aggregation. Top-q aggregation yields
slightly higher point-estimate F1 across all three backends,
consistent with source evidence being localized within only
part of a suspicious document. When source-derived content
occupies only a limited portion of a suspicious document,
averaging over all target tokens mixes strong positive gains
on reused passages with weak, zero, or negative gains on
unrelated content, thereby diluting the document-level de-
pendency signal. Top-q mitigates this effect by emphasizing
the upper tail of the token-level gain distribution, where lo-
calized source evidence is more likely to concentrate. This
interpretation is also consistent with the controlled source-
retention results, which show stronger gain responses on
plagiarism-labeled content than on newly written content.
However, the improvement is metric-dependent: Top-q favors
F1 and MCC, whereas average aggregation retains stronger
precision, FPR, AUROC, and AP for the Llama backend.
Sparse aggregation therefore changes the operating charac-
teristics of SCDG rather than uniformly improving its dis-
crimination, making the preferred aggregation dependent on
the application objective.

Full-Corpus Source Retrieval
Retrieval granularity and fusion. Table 2 shows that
retrieval granularity strongly affects candidate quality.
Sentence-level dense retrieval substantially outperforms full-



Method nDCG@10 nDCG@100 R@10 R@100 R@1000 MRR MAP

Baselines
BM25-full 0.4962 0.5479 0.5188 0.7425 0.9221 0.7388 0.4175
BM25-sentence 0.5049 0.5629 0.6038 0.8596 0.9821 0.7260 0.4328
BGE-M3 Dense-full 0.4483 0.5022 0.5200 0.7563 0.9221 0.7586 0.4185
BGE-M3 Dense-sentence 0.6240 0.6678 0.7321 0.9096 0.9708 0.8436 0.6071
Four-way CombSUM 0.6764 0.7233 0.7458 0.9342 0.9838 0.9359 0.6578
Linq sentence-to-chunk dense 0.7430 0.7679 0.8442 0.9500 0.9854 0.9468 0.7543

SCDG (our method based on Top-1000)†
Three-Route RRF Coarse Ranking 0.6864 0.7321 0.7688 0.9600 0.9900 0.9454 0.6570

+ fixed SCDG reranking 0.8139 0.8322 0.8742 0.9550 0.9900 0.9925 0.8332
DAAC coarse ranking 0.7678 0.7892 0.8579 0.9517 0.9854 0.9642 0.7737

+ fixed SCDG reranking 0.8315 0.8433 0.9042 0.9625 0.9854 0.9925 0.8532

Table 2: PAN26 full-corpus source retrieval over all 200 queries against 86,822 candidate sources. Every row is recomputed
with the same qrels and evaluator; nDCG uses the original three relevance grades, while recall, MRR, and MAP use relevance
> 0. Each indented row applies the same development-selected Qwen3-8B SCDG configuration (Top-2%, N = 1000, α = .75)
to exactly the Top-1000 candidates in the preceding row, so Recall@1000 cannot change within a pair. Boldface and underlining
denote the best and second-best distinct values, respectively, in each column; all tied values receive identical formatting.

Method Proxy FPR (%) ↓
Lexical and retrieval baselines

BM25 pair score 71.1250%
Max 4-gram containment 31.5625%
4-gram logistic 29.9375%

SCDG statistics and auxiliary calibrators
Average SCDG 62.8760%
Positive-gain rate SCDG 8.6875%
Gain-distribution logistic 0.1250%

Table 3: Proxy false-positive rates on the cluster-disjoint
Multi-News same-topic stress set.

document dense retrieval at both the head and deeper cut-
offs, whereas sentence segmentation primarily improves the
deeper recall of BM25. Linq sentence-to-chunk retrieval is
the strongest single-route baseline, and conventional Comb-
SUM does not surpass it at the head of the ranking. This
indicates that additional retrieval routes are useful only when
their relative reliability is properly controlled.

Effect of SCDG reranking. Across both matched candi-
date sets, SCDG improves nDCG@10 and MAP without
changing Recall@1000, showing that its gains arise from
reordering rather than additional retrieval. The larger im-
provement over RRF suggests that SCDG complements a
strong first-stage retriever, with most gains concentrated near
the ranking head. This promotion of stronger contributing
sources can move weaker relevant candidates across deeper
cutoffs, explaining the slight Recall@100 decrease for RRF.
As MRR is nearly saturated, nDCG and MAP are more in-
formative for evaluating multi-source ordering. DAAC with
SCDG yields the strongest displayed endpoint, whereas the
matched RRF comparison more clearly isolates the contri-
bution of reranking.

Robustness to Same-Topic Confounding
Table 3 reports proxy false-positive rates on the Multi-News
same-topic stress set, where lower values indicate stronger
resistance to topical confounding. BM25, lexical baselines,
and Average SCDG remain highly sensitive to shared topic
or event information, with false-positive rates of 29.9375–
71.1250%. In contrast, Positive-gain-rate SCDG reduces the
rate to 8.6875%, while the gain-distribution logistic variant
reaches 0.1250%. These results show that topical robustness
depends on how the token-level gain distribution is summa-
rized and calibrated, rather than on the mean gain alone. The
corresponding PAN25 results in the supplementary materi-
als characterize the trade-off between detection utility and
same-topic robustness.

Conclusions
In this work, we introduced SCDG, a directional and training-
free framework that measures the incremental predictive ev-
idence supplied by a candidate source through description-
length contrast. Controlled interventions support its sensitiv-
ity to retained source evidence, while experiments demon-
strate strong performance on PAN25 pairwise detection and
PAN26 candidate-source ranking across frozen language-
model backends. The Multi-News test further indicates ro-
bustness to same-topic and same-event confounding. Nev-
ertheless, SCDG is more computationally expensive than
conventional similarity measures and has been evaluated
mainly on English scientific documents and a constructed
news-domain stress set. Future work should improve scoring
efficiency, broaden multilingual and cross-domain evalua-
tion, localize passage-level evidence, and study more com-
plex source reuse, while leveraging its token-level decom-
position for interpretable evidence tracing. Combined with
high-recall retrieval, SCDG enables scalable source attribu-
tion without task-specific model updates, supporting more
transparent academic-integrity screening and source verifi-
cation in scholarly writing.
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