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Abstract

Out-of-distribution (OOD) generalisation is es-
sential for authorship attribution (AA), espe-
cially when involving new authors, yet this
aspect remains insufficiently supported by ex-
isting AA datasets. In this paper, we intro-
duce GHOSTWRITEBENCH, a dataset for LLM
AA task, designed to test generalisation across
multiple OOD dimensions, including unseen
domains and authors. GHOSTWRITEBENCH
comprises long-form texts (avg. 49K words
per book) generated by ten frontier LLMs. We
find that existing methods degrade substantially
in unseen author scenarios — dropping by as
much as 70% even under high-resource set-
tings. We propose TRACE, a novel lightweight
and interpretable fingerprinting method that
captures token-level transition patterns (i.e.,
word rank and entropy) using a lightweight lan-
guage model. Experiments show robustness of
TRACE in OOD settings and establish it as a
strong baseline on GHOSTWRITEBENCH.!

1 Introduction

Recently, a large number of Al detection datasets
have been proposed (see Table 1). However, sev-
eral limitations remain. First, most datasets frame
detection as binary human vs. Al classification
(He et al., 2024; Dugan et al., 2024), with only a
few (La Cava and Tagarelli, 2025; Uchendu et al.,
2021) supporting the more challenging authorship
attribution (AA) task (i.e., multi-class model clas-
sification). Second, they rarely evaluate generali-
sation (e.g., by including text generated by unseen
generators or text from other domains).2 Finally,
existing datasets focus on short texts, even though
we are beginning to see the emergence of LLM-

'The dataset and code can be found at https://github.
com/anudeex/TRACE.

?In this paper, we target specifically non-adversarial OOD
generalisation (e.g., unseen authors and domains) rather
than adversarial robustness (e.g., against obfuscation attacks
(Dugan et al., 2024)).

ghostwritten3 books (The Authors Guild, 2024;
Australian Society of Authors, 2025). In addition to
these dataset limitations, existing attribution meth-
ods (La Cava and Tagarelli, 2025; Guo et al., 2024;
Tyo et al., 2023; Fabien et al., 2020) typically rely
on supervised training with known authors and ex-
hibit limited generalisation across domains and un-
seen models.

We approach these challenges by (i) construct-
ing a new dataset, GHOSTWRITEBENCH, for AA
with multiple OOD dimensions and (ii) proposing
a novel fingerprinting approach, TRACE, that is
lightweight and has better generalisation capabili-
ties. GHOSTWRITEBENCH supports two OOD di-
mensions: OOD-Domain and OOD-Author, which
cover genre shift and unseen LLM author evalua-
tion, respectively. GHOSTWRITEBENCH primarily
focuses on long-form texts (i.e., books) generated
by current frontier LLMs (on average over 49K
words per document) to reflect an emerging form
of Al content generation: Al ghostwriting (The Au-
thors Guild, 2024; Australian Society of Authors,
2025). Our experiments show that existing attri-
bution methods struggle under the OOD-Author
setting, with strong methods suffering drops of up
to 90% in low-resource and 70% in high-resource
training scenarios, highlighting limited generalisa-
tion in prior work.

Next, we introduce a novel detection technique,
Transition-based Representation for Authorship
Classification and Evaluation (TRACE), for LLM
attribution. TRACE first uses a (small) set of train-
ing texts generated by an LLM to create its finger-
print. At test time, to determine whether the test
instance is generated by the LLM, we first create
the test fingerprint and assess its similarity to the

3Ghostwriting occurs when a writer (a.k.a ghostwriter)
produces content on someone’s behalf without authorship
credit. LLM-ghostwritten books are typically low-quality
sham books designed to deceive customers and take sales
away from legitimate books.
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Dataset Task LLM Generators (010))] Long Avg. Num.

Type Num. Frontier' Domain Author Form Length Docs
TURINGBENCH (2021) Multi 20 X X X X <200 160K
MGTBENCH (2024) Binary 6 X X X X <500 21K
M4GT—BENCH(2024) Mllltl 6 X \/ X X <500 87K
OPENTURING 2025) Multi 7 X v X X <500 497K
GHOSTWRITEBENCH(Ousy  Multi 10 v v v v 49K 325

TErontier LLMs refer to recent state-of-the-art models (e.g., gpt-5.1, gpt-4.1, etc.).

Table 1: Overview of existing datasets for LLM-generated text attribution. Most prior work focuses on binary
classification rather than multi-class authorship attribution (AA) tasks. LLMs included in these benchmarks are
largely outdated (i.e., they are small-scale, 7B—10B parameters, models and/or not the latest frontier models), as
indicated by the ‘Frontier’ column. While some studies include out-of-distribution (OOD) evaluation, this is rarely
considered for AA tasks. ‘Author’ OOD denotes open-set evaluation where authors unseen during training are
evaluated. ‘Long Form’ refers to documents longer than 10K words. We report only Al-generated texts for ‘Avg.

Length’ (in words) and ‘Num. Docs’.

LLM’s fingerprint. To produce the fingerprint for a
text (during training or inference), we examine the
transitions of token-level patterns (e.g., rank of a
word) estimated by another lightweight language
model in the word sequence to create a compressed
two-dimensional signature (see Figure 1). Our tech-
nique does not require white-box access and op-
erates post hoc (and so works for both open- and
closed-source LLMs). It requires minimal train-
ing data (i.e., only a small set of LLM-generated
texts), and is effective for detecting text from new
domains or generated by unseen authors (LLM or
human).
To summarise, our contributions are:

* We introduce GHOSTWRITEBENCH, a new
dataset for LLM authorship attribution that sup-
ports long-form book detection and explicitly
tests generalisation across two OOD dimensions.

* We propose TRACE, a lightweight and inter-
pretable fingerprinting technique for LLM au-
thorship attribution. It achieves strong perfor-
mance in-domain, OOD, and in low-resource
training scenarios, establishing a strong baseline
on GHOSTWRITEBENCH.

2 Related Work

2.1 Authorship Attribution

Authorship attribution (AA) is a long-standing field
(Mendenhall, 1887; Mosteller and Wallace, 1963)
that has grown with the rise of digital texts and
advances in machine learning (Tyo et al., 2023;
Stamatatos, 2009; Neal et al., 2017). It is usually
formulated as a multi-class classification problem,

with each class representing an author. Current
SOTA methods rely on neural networks, often us-
ing Transformer-based backbones fine-tuned on
domain-specific corpora (Tyo et al., 2023; Fabien
et al., 2020). Despite their effectiveness, these
approaches are resource-intensive, require careful
dataset curation, generalise poorly to new domains,
and struggle with long documents due to standard
Transformer (Vaswani et al., 2017) context limits
(e.g., 512 tokens).

2.2 LLM-Generated Text

As LLMs are increasingly used to generate misin-
formation, provenance and veracity have become
pressing (Kumarage et al., 2024; Huang et al.,
2025). Detecting LLM-generated text is non-trivial:
humans often perform only slightly above chance
(Dou et al., 2022; Uchendu et al., 2021). Most
prior work (Mitchell et al., 2023; Yang et al., 2024;
Wau et al., 2025) focuses on binary (human vs. ma-
chine) classification, even though attribution to a
specific model is important for accountability. Ex-
isting SOTA methods (La Cava and Tagarelli, 2025;
Guo et al., 2024) largely mirror traditional AA ap-
proaches, inheriting limitations such as poor gener-
alisation and lack of interpretability. Some works
have explored cross-domain evaluation (Dugan
et al., 2024; He et al., 2024; Wang et al., 2024).
However, they consider only a limited set of au-
thors and exclude long-form LLM-generated text.
Most assume a closed set of authors, whereas prac-
tical attribution often occurs in open-set scenarios
(Stolerman et al., 2014; Huang et al., 2025), which
is the setting that GHOSTWRITEBENCH assumes.
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Model Total Avg. # Text Quality and Diversity

Books Words PPL(]) S-B({) S-R{) NGD() CR{)
deepseek-chat 42 33.4K 21.62 0.001 8.22 2.29 2.96
glm-4.6 32 28.4K  33.06 0.002 7.69 2.46 2.90
kimi-k2 37 37.1K  27.87 0.002 8.76 2.24 2.81
gwen3-235b 38 67.1K  21.30 0.004 10.04 2.18 2.72
gwen3-max 34 41.2K  24.96 0.003 9.01 2.29 2.73
claude-sonnet 24 47.1K  18.89 0.005 8.38 2.37 2.88
gemini-flash 30 20.5K  24.18 0.003 7.68 2.37 2.88
gemini-pro 27 88.1K  22.10 0.004 9.89 2.06 2.71
gpt-4.1 35 66.1K  40.59 0.002 8.53 2.44 2.58
gpt-5.1 26 69.3K  31.67 0.005 9.04 2.33 2.64
Human 100 88.0K  31.36 0.001 10.25 2.14 2.65

Table 2: GHOSTWRITEBENCH statistics: total books (genre splits in Appendix Table 10), average number of words
in book, and text quality and diversity metrics for each LLM (and 100 random human books). Metrics include
perplexity (PPL), self-BLEU (S-B), repetition (S-R), n-gram diversity (NGD), and compression ratio (CR) (more
details in Appendix A.2). Arrows (T; ) indicate whether higher or lower values are better.

LLMs have also fostered ghostwriting, produc-
ing content on someone’s behalf without authorship
credit, contributing to low-quality or sham books
impacting authors (The Authors Guild, 2024; Aus-
tralian Society of Authors, 2025). Motivated by
these developments and methodological limitations,
our work focuses on improving the generalisation
of attribution techniques for LLM-generated long-
form documents such as books.*

3 GHOSTWRITEBENCH Dataset

In this paper, we focus on the task of LLM AA, i.e.,
determining which LLM generated a given docu-
ment. As shown in Table 1, most existing datasets
of LLM-generated text focus on constrained set-
tings, i.e., (i) framing the task as binary detection,
(i1) comprising outdated models, (iii) without eval-
uating OOD generalisation, and (iv) focusing on
short texts. Motivated by these limitations, we
construct a new dataset, GHOSTWRITEBENCH,
covering ten recent frontier LLMs (model details
in Appendix Table 9) and comprising books (both
fiction and non-fiction) as long-form documents?
supporting multiple OOD dimensions.

4Although ghostwriting can occur in short texts, it mainly
affects long-form documents, making books a practical focus.

5Our definition of long-form is document with more than
10K words.

3.1 Book Generation Pipeline

Humans typically write a book through a hierarchi-
cal process involving planning, drafting, and revi-
sion (Sun et al., 2022; Lee et al., 2025; Hayes and
Flower, 2016). We mimic this process by designing
a book generation pipeline with incremental steps:
outlining, summarisation, and long-text expansion,
following prior works (Yao et al., 2019; Wang et al.,
2025; Alhussain and Azmi, 2021).

For each book, we first generate a detailed out-
line conditioned on some constraints (e.g., era and
genre); this outline produces the narrative struc-
ture, plot, and characters. And then iteratively
over multiple turns, we instruct the LLM to pro-
duce the next text segment, conditioned on the out-
line, the previous segment, and the running sum-
mary (prompts and more details in Appendix A.1).
We provide real, human-authored texts (sourced
from Project Gutenberg®) as few-shot reference
examples to guide the LLM generation to max-
imise generation quality (constraints such as era
and genre are therefore drawn from these Guten-
berg books). This pipeline ensures that narrative
coherence and discourse structure are preserved,
enabling the generation of full-length books.” Im-
portantly, all books were generated using the same
generation pipeline across all LLMs, ensuring no
pipeline-specific bias. While some model-specific

6ht’cps: //www.gutenberg.org/.
"Book generation statistics reported in Appendix Table 6.

57421


https://www.gutenberg.org/

generation biases are inevitable, we try to reduce
the likelihood of dataset artefacts through careful
data cleaning (Section 3.3). Table 2 provides vari-
ous statistics for these LLM-generated books; we
will return to discuss more on how we evaluate
quality in Section 3.3.

3.2 OOD Dimensions

In addition to standard in-distribution (ID) eval-
uation, the GHOSTWRITEBENCH dataset exam-
ines two types of OOD generalisation: (i) OOD-
Domain, to test generalisation to texts written in
unseen genres; and (ii) OOD-Author, to test gen-
eralisation to texts generated by unseen LLMs. We
construct per-author domain splits, where book
genres are partitioned into ID and OOD sets for
each author.® This creates a more challenging set-
ting than using a single split shared across all au-
thors, as commonly used in existing datasets (see
Appendix Table 10 for genre splits). We use the
genres defined by Momen et al. (2025) for Guten-
berg books (see Table 5 for the list of genres”). In
practice, a Gutenberg book often consists of mul-
tiple genres (e.g., LF (Literature & Fiction) + ST
(Science & Technology), and many of the LLM-
generated books are also multi-genre.

For OOD-Author, we create ten splits by holding
out one LLM at a time (we have ten LLMs) and re-
port average performance across these splits. That
is, for a given split, the training partition contains
books from nine LLMs and the test partition con-
tains books from the held-out LLM to ensure there
is no development-set leakage during thresholding.

To understand the impact of training data, within
a particular evaluation setting (ID, OOD-Domain,
OOD-Author), GHOSTWRITEBENCH also pro-
vides two training scenarios: high-resource and
low-resource, where the former has a large number
(10-35) and the latter a small number of training
books (3-5) text—label pairs per LLM.!°

3.3 Dataset Analysis

Data Cleaning. We sanitise the LLM-generated
books by removing non-ASCII and smart charac-
ters, along with common LLM markers (e.g., END,
START OF SEGMENT). As observed by Momen

8We ensure there is no genre overlap between the ID and
OOD-Domain partition per author; see Appendix Table 10.

%Recall that we use Gutenberg books as few-shot reference
examples for the LLM. As such, the genres for the LLM-
generated books are also grounded in Gutenberg genres.

19T ensure robustness of results, we create three random
splits for each subset; see Appendix Table 18.

et al. (2025), the start and end pages of the books
often contain identifier markers (such as author, ti-
tle, year, and others). Therefore, we remove 1.5K
tokens from the beginning and end of the text to
prevent potential shortcuts by attribution methods.
We also conduct manual inspection on a subset
and perform n-gram analysis across the corpus to
check for frequent boilerplate text (titles, genera-
tion markers, etc.) to filter any additional shortcuts.

Quality Analysis. We evaluate text quality using
several metrics in Table 2. We measure perplexity
(PPL; Jurafsky and Martin (2026)) of generated
texts for different LLMs, a standard measure of
language understanding. We then measure sev-
eral lexical diversity metrics, comprising both inter-
and intra-document measures. We compute self-
BLEU (S-B; Zhu et al. (2018)), a homogenisation
score over pairs of books generated by the LLM
(since we lack references), which is commonly
used in writing tasks to ensure diversity (Padmaku-
mar and He, 2024). It is common for LLMs to re-
peat text in long-form generation (Bai et al., 2025);
hence, we evaluate self-repetition (S-R; Salkar et al.
(2022)), which captures this repetition tendency.
Similarly, we measure the n-gram diversity score
(NGD; (Meister et al., 2023)), which measures the
number of unique n-grams in the texts generated by
LLMs. Finally, a non-n-gram-based metric, com-
pression ratio (CR; (Shaib et al., 2025)) evaluates
compressibility (higher values suggest redundancy).
Across all these diversity metrics, we observe that
all LLMs in GHOSTWRITEBENCH have values
similar to those of human books, quantitatively in-
dicating comparable text quality.

In addition to quantitative analysis, we conduct a
small-scale human evaluation on a subset of books
(more details in Appendix A.3) with ten annotators.
We assess quality across multiple dimensions, fol-
lowing prior work (Xia et al., 2025; Chhun et al.,
2022). Appendix Table 7 reports the average anno-
tator scores across different quality dimensions (see
Appendix A.3 for definitions), both at the passage
level and overall for each book. Overall, we ob-
serve strong scores (> 4; out of 5) for relevance, co-
herence, fluency, and diversity, complementing the
above text quality and diversity analysis. Scores for
other subjective dimensions (engagement, empathy,
surprise, and complexity) are also generally posi-
tive (> 3.3; out of 5). These results indicate that
the text in GHOSTWRITEBENCH exhibits strong
relevance and is of overall good quality.
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Figure 1: Overview of TRACE fingerprint construction. We model transitions of consecutive token scores (using
another lightweight evaluator language model; GPT-2 used in illustration). The process is shown for both Rank-based
(§4.1) and Entropy-based (§4.2) fingerprint variant. We construct a pool of reference fingerprints from an LLM’s
training texts. At inference time, attribution is a straightforward comparison between the test fingerprint and the

LLM reference fingerprint.

4 TRACE Fingerprint

We next describe Transition-based Representation
for Authorship Classification and Evaluation
(TRACE), a novel fingerprinting method for LLM
attribution. At training time, we first construct ref-
erence fingerprints for each LLM (if an LLM has
multiple books, we create one fingerprint for each
book). Given a test sample, we then construct its
fingerprint and determine whether it matches one
of the reference fingerprints.'!

As different LLMs may have different prefer-
ences when it comes to word selection during gen-
eration, our idea is to examine token-level transi-
tions (as shown in Figure 1), such as word rank
(Section 4.1) and entropy (Section 4.2), as com-
puted by a separate, lightweight evaluator language
model. Although capturing word preferences via
a separate evaluator model is related to existing
distributional heuristics (e.g., perplexity; Wu et al.
(2025); Huang et al. (2025)), TRACE is fundamen-
tally different in that it models transitions between
consecutive tokens rather than static distributions,
producing more discriminative signatures (as seen
in Appendix Figures 10 and 12). To the best of our
knowledge, modelling token preference transitions
as fingerprints for multi-class LLM attribution has
not been explored in prior work.

Our fingerprint TRACE can be applied to both

Rather than performing majority voting over reference
fingerprints, we retrieve the most similar reference fingerprint.

open- and closed-source LLLMs, since it does not
require white-box access. It is lightweight and
adaptable, and produces an interpretable 2D signa-
ture (more in Section 4.3). We next discuss these
two variants of TR ACE: Rank-based and Entropy-
based.

4.1 Rank-Based

Formally, given a document (or book in our case)
D represented as a token sequence (t1,ta, ..., tm)
tokenised by a tokenizer 7 with vocabulary V. For
each token t; € (t1,ta,...,ty), we compute its
rank under an evaluator language model £; with
context t; as follows:

ri = HvGV:]P’(t:v|t<i;é)2]P’(t:t¢\t<¢;é)}..

The raw fingerprint 22k € RVI*VI captures
the counts of (r;_1,7;) (left side in Figure 1). This
fingerprint matrix is very large and sparse, and
so we compress it by binning ranks into equal
probability clusters (as detailed in Appendix Al-
gorithm 1), giving the final fingerprint fra2k ¢
REXK where K < [V].

We apply this fingerprint construction process
for each LLM using their training books (if an
LLM has multiple books, one fingerprint is created
for each book) to create reference fingerprints for
each LLM. Then, for a test text, we construct a
test fingerprint following the same process above.
To determine which LLM generated the test text,
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Figure 2: t-SNE visualisation comparing semantic embeddings (openai/text-embedding-3-large; left) and our
Entropy-based TRACE fingerprints (right) on single-genre books in GHOSTWRITEBENCH. Marker shape denotes
genre and colour denotes the generating LLM. The left plot shows content-based clustering by genre, while the
right plot presents clusters by LLM across genres, indicating that TRACE captures model-specific stylistic patterns

rather than genre-specific content features.

we identify the reference fingerprint that is most
similar to the test fingerprint.

To measure similarity between two fingerprints,
which can be interpreted as discrete probability dis-
tributions, we use the Jensen-Shannon (JS) distance
(equation given in Appendix B.1).

4.2 Entropy-Based

Entropy has been used in NLP to capture various
properties of natural language (Genzel and Char-
niak, 2002; Jaeger, 2010). Like word ranks, LLMs
may exhibit unique entropy transition patterns and
so constitute a potential signal for creating the fin-
gerprint. We provide a qualitative example in Ap-
pendix Figure 3, illustrating the generalisation of
Entropy-based fingerprints.

Formally, the entropy of a token ¢; similar to
setup in Rank-based is given by:

== P(t=v|t;0)logP(t =0 | tes; ).
veY

Unlike word ranks, the resulting fingerprint is con-
tinuous rather than discrete (intuitively the finger-
print is like a scatter plot). To smooth it and pro-
duce a density map (of dimension GG), we use ker-
nel density estimation (detailed in Appendix Al-
gorithm 2) to obtain ferPY ¢ RG> where G is
the grid size of the density map. For fingerprint
matching, in addition to JS distance (as used for

ranks), we experiment with another similarity met-
ric, norm-mean, which is computed by comparing
the angle between surface normals (equation given
in Appendix B.1).

4.3 Qualitative nature of TRACE fingerprints

As illustrated in Figure 1, we construct the finger-
print by modelling transitions between consecutive
tokens. Each axis of the resulting 2D matrix rep-
resents the rank (or entropy) of consecutive token
transitions as estimated by an evaluator language
model, and the density in a given region reflects
how frequently an LLM produces that transition
type. For instance, high density in the bottom-left
indicates a preference for high-probability tokens
following other high-probability tokens (a more
predictable generation style), while density in the
top-right reflects a tendency toward more surprising
token choices. Different LLMs produce visually
distinct fingerprints; for example, GPT models ex-
hibit a more circular structure (for Entropy-based;
Appendix Figure 10) than Gemini models, which
tend toward a squarer pattern.

We hypothesise that TRACE generalises be-
cause it relies on token-level transition patterns
computed by an independent evaluator language
model, rather than direct supervision on attribu-
tion labels (as done in prior methods). This is
supported by the preliminary analysis in Figure 2,
where the TRACE'’s signature for both ID and
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OOD books from the same LLM cluster together,
suggesting that TRACE captures LLM-specific
stylistic characteristics rather than content; in con-
trast, semantic embeddings are genre-clustered. We
next study this empirically with experiments on
GHOSTWRITEBENCH.

5 Experimental Setup

Baselines. We consider techniques from differ-
ent areas and categories as baselines. From metric-
based methods, we evaluate RANK, ENTROPY, and
GLTR (Gehrmann et al., 2019). Although orig-
inally designed for binary detection, we follow
La Cava and Tagarelli (2025) to adapt them for
multi-class classification (by learning a threshold
for each LLM).

For model-based (supervised) methods, we con-
sider N-GRAM (Koppel and Schler, 2004), BERT-
AA (Fabien et al., 2020), TOPFORMER (Uchendu
et al., 2024), and DETECTIVE (Guo et al., 2024),
covering both non-neural and neural (including
different backbones, representations, and learning
paradigms) approaches. Tyo et al. (2023) found
very strong performance for N-GRAM and BERT-
AA for traditional human AA tasks. TOPFORMER
is a ROBERTA-based model fine-tuned with a topo-
logical data analysis (TDA) layer specifically de-
signed for the AA task, capturing distinctive writ-
ing styles. While DETECTIVE is a SOTA multi-
level contrastive learning-based detector for Al-
generated text with implicit author representation
learning. Finally, while there are recent LLM-
based detection methods (Hans et al., 2024; Yu
et al., 2024; Verma et al., 2024), most are for-
mulated for binary human-vs-machine detection
and are therefore not directly applicable to the
LLM attribution setting considered in this work.
More details regarding baselines are provided in
Appendix D.

Experimental Setting. We use GPT-2 (smallest
version; 124M parameters) (Radford et al., 2019)
as the independent evaluator language model to
estimate word ranks and entropy for creating the
fingerprints. For the Rank-based fingerprint, we
use a cluster size (K) of 50. For the Entropy-based
fingerprint, we use a grid size (G) of 50. All hy-
perparameters are selected based on the develop-
ment set (which is additional two ID genre books
per LLM). Additional experimental details in Ap-
pendix C.

Evaluation. AA techniques are typically de-
ployed in open-set settings, where the author of
a test text may not appear among those seen during
training (GHOSTWRITEBENCH captures this with
OOD-Author evaluation). In such cases, a reliable
technique should be well-calibrated, assigning high
confidence to known authors and low confidence to
unseen ones (i.e., rejection) (Scheirer et al., 2012;
Guo et al., 2017). To achieve this, we calibrate all
methods (baselines and our methods) on the de-
velopment set to determine a confidence threshold
that best balances rejection and attribution perfor-
mance. All thresholds for different configurations
can be found in Appendix Table 19. During evalua-
tion, we apply this threshold across all scenarios:
ID, OOD-Domain, and OOD-Author for fair com-
parison (in a practical application, we would not
know whether a test text is ID or OOD, and so this
thresholding would have to be applied at all times).
For texts from known authors, predictions below
the threshold are treated as false negatives (missed
attributions); for unseen authors, such predictions
correspond to correct rejection. AA performance is
evaluated using the macro-F; metric, which assigns
equal weight to all LLMs (Uchendu et al., 2020;
Tyo et al., 2023). As discussed in Section 4, we
use JS distance and norm-mean similarity metrics
(more in Appendix B.1) for comparing TRACE
fingerprints.

6 Experimental Results

6.1 Main Results

Table 3 presents the main results on GHOST-
WRITEBENCH, comparing the TRACE fingerprint
against baselines. We report results separately
for low-resource and high-resource authors (re-
call from Section 3.2 that these settings control the
amount of training books available per LLM); com-
bined results can be found in Appendix Table 13.
Although many baselines perform well in the ID
setting, they experience substantial performance
degradation (as high as 90% in low-resource and
70% in high-resource training settings) in our OOD
setting, showing that these methods would not gen-
eralise well in a real-world application. In the more
challenging scenarios: low-resource and the two
OOD-Domain and OOD-Author settings, TRACE
consistently outperforms both model- and metric-
based baselines. A qualitative example is shown
in Appendix Figure 3. That said, for some settings
with more training data (high-resource), a few base-
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Low Resource High Resource
Method
ID OOD-Domain  OOD-Author ID OOD-Domain  OOD-Author

RANK 0.00 £ 0.00 0.00 £ 0.00 0.40 £0.19 0.27 £ 0.08 0.25 £ 0.06 0.38 £0.21
ENTROPY 0.00 £+ 0.00 0.00 £ 0.00 0.20 £0.20 0.33 £ 0.06 0.35 £ 0.04 0.10 = 0.08
GLTR 0.00 £ 0.00 0.00 £ 0.00 0.44 £0.17 0.30 £ 0.02 0.31 £0.02 0.28 £0.03
N-GRAM 0.40 +£0.16 0.20+0.16 0.36 +£0.31 0.96+0.01 0.92+0.04 0.284+0.35
BERT-AA 0.44 £0.17 0.27+£0.19 0.04 £0.06 0.96 £ 0.04 0.90 + 0.05 0.29£0.05
TOPFORMER 0.51 £0.28 0.24 £0.17 0.29 £0.17 0.94 £0.04 0.88 £0.04 0.46 £0.27
DETECTIVE 0.53 +£0.09 0.27+£0.19 0.40 £0.20 0.95+0.03 0.85+£0.11 0.49 £ 0.22
TRACE (Ours)

Ranks-JS 0.40 £0.24 0.22+0.19 0.18 £0.03 0.78 £ 0.06 0.66 £ 0.12 0.20 £0.08

Entropy-JS 0.60 £0.16 0.23£0.12 0.49£0.14 0.91 £ 0.06 0.82+0.08 0.58+0.20

Entropy-Norm  0.67 +0.19 0.49+0.11 0.51+£0.17 0.96 £0.02 0.82+0.10 0.37+0.03

Table 3: Results for attribution techniques on GHOSTWRITEBENCH under low-resource (left) and high-resource
(right) training settings for different OOD dimensions (OOD-Domain and OOD-Author). Reported scores are
macro-F; (mean = std for three random splits; see Appendix Table 18); bold denotes the best result and underline the
second best. Overall, TRACE has strong performance with several existing methods showing limited generalisation.

Method OOD-Author
LLM Human

N-GRAM 0.32 £0.33 0.48 +0.29
DETECTIVE 0.45+0.15 0.16 +0.07
TRACE (Ours)

Ranks-JS 0.19 +0.03 0.11 £0.01

Entropy-JS 0.54 +£0.15 1.00 £ 0.00

Entropy-Norm  0.444+0.09 1.00 4 0.00

Table 4: Performance on the OOD-Author variant con-
sisting of unseen human authors. TRACE achieves
near-perfect performance, demonstrating its ability to
distinguish human-written vs. LLM-generated texts.

lines marginally outperform our method. For com-
pleteness, we also report top-k accuracy results in
Appendix Table 14 and without any thresholding
(for ID and OOD-Domain) in Appendix Table 15,
and note that the overall trend is the same as the
main results (Table 3).

Unseen Human Texts. We also evaluate a vari-
ant of the OOD-Author setting, focusing on unseen
human authors. We randomly sample Gutenberg
books by 10 human authors and measure how well
our method can identify these unseen human texts,
reflecting the common binary classification task
of LLM-generated vs. human-written. As shown
in Table 4, the Entropy-based variants of TRACE
achieve perfect performance in distinguishing hu-
man authors from LLM authors. These results indi-
cate that the fingerprints of human authors are very
different to those of LLM authors (also supported

by visualisations in Appendix Figure 11), suggest-
ing that TRACE can also be an effective detector
in the more traditional binary classification setup.

Error Analysis. We examine the prediction con-
fusion matrices (see Appendix Figure 9) for the
top-performing methods: N-GRAM, DETECTIVE,
and the Rank- and Entropy-based TRACE vari-
ants. We observe that baselines tend to confuse
similar LLMs (i.e., those belonging to the same
model family). This pattern is more pronounced in
Appendix Table 16, where we assess OOD-Author
in a different complementary manner: if the pre-
dicted class for the unseen LLM belongs to the
same family (e.g., unseen gpt-4.1 texts classified
as gpt-5.1), we treat that as a correct prediction.
Models such as BERT-AA, TOPFORMER, and DE-
TECTIVE show a performance gain, indicating that
they lack the specificity to identify a particular
LLM and tend to confuse it with models from the
same family.

6.2 Ablation Study

Impact of Evaluator Language Model. We in-
vestigate the impact of using different evaluator
language models (L), which form the main com-
ponent of TRACE. These models are used to com-
pute scores (rank and entropy) for each token, as
defined in Section 4. We evaluate two other 1B
models, OLMo and Gemma,'? which differ in archi-
tecture, type, and size compared to GPT-2 used in
our experiments. We observe similar performance

2Exact model versions are allenai/OLMo-2-0425-1B and
google/gemma-3-1b-it.
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across different evaluator language models in the
majority of settings (see Appendix Table 17). This
suggests that TR ACE exhibits considerable robust-
ness to the choice of evaluator language model.

Possible Data Contamination. All classifiers,
detectors, and evaluators used in our experiments—
including TRACE and the baseline methods—are
based on GPT-2 or BERT/ROBERTA architectures,
which were not pre-trained on the Gutenberg cor-
pus. For the frontier models serving as generators,
there may be potential data contamination due to
their pre-training data, since snippets from Guten-
berg books are provided as few-shot references
during GHOSTWRITEBENCH book generation. Im-
portantly, this affects only the generation process
and not the evaluation stage. Consistent with this,
we observe no significant performance differences
in TRACE when using alternative evaluator lan-
guage models (e.g., Gemma, which likely includes
Gutenberg data in their pre-training).

Further ablation studies investigating different
components of TRACE (size, order, and similarity
metrics), numbers of tokens, and other hyperparam-
eters can be found in Appendix E.

7 Conclusion

We propose GHOSTWRITEBENCH, an authorship
attribution dataset for long-form LLM texts. To
study OOD generalisation, GHOSTWRITEBENCH
examines two OOD settings: OOD-Domain and
OOD-Author. Our experiments reveal that exist-
ing attribution methods show limited generalisabil-
ity. We also introduce TRACE, a novel, inter-
pretable fingerprint method for LLM attribution.
TRACE uses token-level transition patterns, such
as word ranks and entropy, to create text finger-
prints. Our experiments demonstrate the effective-
ness of TRACE in ID, OOD, and limited training
data scenarios in GHOSTWRITEBENCH. Our re-
search provides a new benchmark that explicitly
tests for generalisation and establishes a new strong
baseline, paving the way for future research direc-
tions in LLM text forensics.

Limitations

GHOSTWRITEBENCH is limited to English texts
only; we plan to extend this dataset with cross-
lingual OOD dimensions in future work. It would
be interesting to study the effectiveness of TRACE
in an OOD-language setting. Similarly, there are

other OOD dimensions, such as time, human au-
thors, and others, which are natural extensions of
GHOSTWRITEBENCH. Although the books gener-
ated by our pipeline are of good quality, we ac-
knowledge that book generation and related as-
pects, such as creativity, self-reflection, rewriting,
etc., constitute research problems in their own right
and fall outside the scope of this work. Adversar-
ial robustness (e.g., paraphrasing or style-transfer
attacks) is an orthogonal generalisation axis not
studied in this work. That said, since TRACE is
not a supervised method, we expect it to be less
prone to such obfuscation attacks; a thorough eval-
uation remains an important direction for future
work. Adapting TRACE for fewer (<10K) tokens
remains an open problem. For BERT-AA, TOP-
FORMER, and DETECTIVE, we use chunking to
handle long texts, following prior work. Alter-
natives such as filtering chunks by confidence or
using overlapping windows are interesting avenues
for future work. We also focus only on a single-
authorship setup. A natural next step would be to
study multi-authorship (i.e., a piece of text written
by multiple authors), which is more common in
long-form documents that typically involve collab-
orative writing.

Ethics Statement

GHOSTWRITEBENCH contains LL.M-generated
books across various genres. The content of these
books may include writing or plot elements that re-
flect undesirable values. That said, all LLMs used
incorporate built-in guardrails, so the likelihood
of such issues should be minimal. This is further
supported by our small-scale quality annotation,
where no annotators identified any issues.
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Appendix

A GHOSTWRITEBENCH Generation

Code

LF Literature & Fiction

HB History & Biographies

BLP  Business, Law & Politics

ST Science & Technology

ACM  Art, Culture & Media

SSP  Social Sciences & Philosophy
JR Journals & Reports

LHH Lifestyle, Health & Hobbies

Genre

Table 5: Different genres used in this work, sourced
from Project Gutenberg (Momen et al., 2025).

A.1 Book Generation Prompts

As described in Section 3.1, our book genera-
tion involves first generating the book outline (see
Prompt 16), followed by incremental generation
conditioned on the current running summary, out-
line, and last segment (see Prompts 17 and 18). For
summarisation, we adapt the iterative summarisa-
tion prompts (see Prompts 14 and 15) from Chang
et al. (2024).

A.2 Quantitative Analysis

In addition to the standard language understanding
metric, perplexity, we evaluate several text diversity
metrics as mentioned in Table 2. Considering we
are operating in a reference-free setup, we focus
on two prominent types of text diversity metrics,
similarity between text pairs from the same model,
and the token/type ratio (Shaib et al., 2025):

e Self-BLEU: Self-BLEU (S-B) measures sim-
ilarity of each generated text against the re-
maining texts using BLEU (Zhu et al., 2018).
It is a homogenisation score widely used to
evaluate text diversity in writing tasks (Pad-
makumar and He, 2024).

* n-Gram Diversity Score: n-Gram Diversity
Score (NGD) (Meister et al., 2023) calculates
the ratio of unique n-grams to all n-grams
in the dataset. In our analysis, we consider
n-grams of length four.

¢ Self-repetition: Self-repetition (S-R) (Salkar
et al., 2022) measures the extent to which n-
grams (up to 4-grams) are repeated across dif-
ferent outputs of the same LLM.

* Compression Ratio: Compression Ratio
(CR) (Shaib et al., 2025) defined as the ratio
of all LLM-generated texts original file size
and to the compressed file size (using gzip),
this metric captures redundancy in a manner
distinct from n-gram-based measures.

* Perplexity: Perplexity (PPL) (Jurafsky and
Martin, 2026) is computed as the average
negative log-likelihood of the texts using the
GPT-2-Large language model as a standard
measure of language understanding.

Book Generation

LLM
Steps Outline Segment Total

deepseek-chat 39.90 0.6K 0.8K 334K
glm-4.6 14.12 1.8K 2.0K 284K
kimi-k2 15.65 2.4K 24K  37.1K
gwen3-235b 38.47 2.0K 1.7K  67.1K
gwen3-max 27.53 1.4K 1.5K  41.2K
claude-sonnet 11.96 1.7K 39K 471K
gemini-flash 8.87 2.7K 2.3K  20.5K
gemini-pro 45.85 2.2K 19K 88.1K
gpt-4.1 34.00 1.2K 19K 66.1K
gpt-5.1 15.92 4.1K 44K  69.3K

Table 6: Book generation statistics across different
LLMs. All reported numbers (other than steps) are
in words.

A.3 Qualitative Analysis

Following Chhun et al. (2022); Wang et al. (2025),
we evaluate LLM-generated books across several
dimensions capturing meso-, micro-, and macro-
level properties.

* Relevance (Rel.): how well the text aligns
with or follows the given instruction. Ensures
that the generated text is appropriate and fol-
lows the given book outline.

* Engagement (Eng.): measures the degree to
which the reader is engaged with the book.

¢ Coherence (Coh.): measures whether the
story makes sense. Ensures the generated text
flows logically from beginning to end, with
consistent narrative elements and clear pro-
gression.

* Fluency (Flu.): measures the smoothness and
natural flow of the language.
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LLM Genre Passage-level Overall
Rel. Eng. Coh. Flu. Div. Coh. Emp. Sur. Eng. Comp.

deepseek-chat SSP 32 26 34 34 40 3.0 35 4.0 3.0 3.0
glm-4.6 HB,SSPJR 4.9 37 43 44 40 4.0 40 3.0 4.0 3.0
kimi-k2 LF 48 44 42 42 44 4.0 50 3.0 5.0 4.0
gwen3-235b SSPLF 46 3.7 4.7 48 47 4.0 30 35 35 4.0
gwen3-max LHH,ST 3.7 30 44 40 37 3.0 35 40 25 2.5
claude-sonnet LF 4.0 39 42 47 45 4.0 40 35 3.5 4.0
gemini-flash  LHH,LF 46 38 42 44 46 4.0 4.0 3.0 4.0 2.0
gemini-pro LHH 3.5 3.2 4.0 3.7 47 35 4.0 4.0 3.0 3.0
gpt-4.1 HB 43 37 43 42 44 4.0 3.0 3.0 30 3.5
gpt-5.1 ACM 44 36 50 48 48 4.0 40 3.0 3.0 4.0

Overall 42 36 43 43 44 38 3.8 34 35 3.3

Table 7: Human evaluation scores across passage-level and overall narrative quality dimensions for different LLMs.
Rel. - Relevance, Eng. - Engagement, Coh. - Coherence, Flu. - Fluency, Div. - Diversity, Emp. - Empathy, Sur. -
Surprise, and Comp. - Complexity. 1 is the lowest and 5 is the highest score.

* Diversity (Div.): measures variety in linguis-
tic expression, including rich vocabulary and
varied sentence structures.

* Empathy (Emp.): measures how well the
model captures the characters’ emotions, re-
gardless of whether the reader agrees with
them.

* Surprise (Sur.): measures how surprising the
ending of the book is.

¢ Complexity (Comp.): measures how elabo-
rate the book is.

Annotators. The annotators were volunteers
from our university representing mixed demograph-
ics. All annotators were fluent in English, and we
evaluated 10 books, one for each LLM. Annota-
tors were provided with clear instructions for the
assigned task. No compensation beyond voluntary
participation was offered, and all annotators were
fully informed about the nature of the study and
their role.

Annotation Task. Given that our generated
books are long, we randomly sample five passages
capturing the flow of each book. Each passage com-
prises five questions, followed by five questions at
the end of the book, totalling 30 questions per book
(results in Table 7). Each question is answered on
a 5-point Likert scale. We acknowledge potential
confounding factors (such as annotator, genre, and
model). The human evaluation is intended primar-

ily to provide confidence that the generated text is
reasonable.

Results. Table 7 presents the average annotator
scores across different quality dimensions for both
at the passage level and overall for each book. We
note strong scores (> 4; out of 5) for relevance, co-
herence, fluency, and diversity, complementing the
text quality and diversity analysis from Table 2. For
other subjective dimensions (engagement, empathy,
surprise, and complexity), the scores are also gen-
erally positive (> 3.3). This indicates that the texts
in GHOSTWRITEBENCH exhibit good quality qual-
itatively. Annotators’ agreement (Krippendorff’s
a = (0.17) remains low across evaluation tasks. We
attribute this to the highly subjective nature of the
task and the length of the generations (49K words
on average), which can make it difficult for annota-
tors to follow the narrative consistently. However,
70% of ratings were within +1 Likert point, with a
mean difference of 1.05, indicating that most dis-
agreements were relatively minor.

A.4 Cost Analysis

Appendix Table 8 lists generation costs per LLM.
In total, generating GHOSTWRITEBENCH cost ap-
proximately $530.

B TRACE Fingerprint

B.1 Similarity Metrics

We formulate the two similarity metrics used to
compare two fingerprints, f4 and fp, below:
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LIM API Cost ($/1M)  Total
Input  Output (in $)
deepseek-chat 0.2 0.5 10.6
glm-4.6 0.5 1.8 10.9
kimi-k2 0.5 2.0 22.1
gwen3-235b 0.1 0.1 9.0
gwen3-max 1.2 6.0 60.2
claude-sonnet 3.0 10.0 85.9
gemini-flash 0.3 2.5 6.6
gemini-pro 1.3 10.0 155.0
gpt-4.1 2.0 8.0 81.4
gpt-5.1 1.3 10.0 88.7
Total 530.4

Table 8: GHOSTWRITEBENCH generation cost break-
down. ‘Input’ and ‘Output’ denote API cost per 1M
tokens. ‘Total’ is the cost of generating all books
for a given LLM (as per the statistics in Table 2).
OpenRouter API costs are as of September 2025.

Test - OOD

Figure 3: An example where TRACE captures similar
gpt-4.1 fingerprints across domains, demonstrating
generalisation. Left: a training reference fingerprint;
Middle: a test sample from seen domain (HB); Right: a
test sample from an unseen domain (SSP,LHH).

JS Distance.

JS = \/;DKL(fA”M)-F;DKL(fB HM)

with

A+
M = % Dxv(pllq) =Y pilogs %
A dk
Norm-Mean. Compute gradients of fingerprint
f:
fa@(%]) ~ 2dzr 9

Using gradients, we compute surface normals:
\/fx(Z7])2 + fy(i7j)2 + 1

Mean angular difference between fingerprints f4

and fp:

n
norm-mean = — Z arccos(na(4, j)0p (i, j)),
ij=1

where 14 and npg are computed from f4 and fp.

C Experimental Details (cont.)

We use OpenRouter!? for all LLM API calls
used for GHOSTWRITEBENCH generation, with
temperature = 1.0, top-P = 1.0, top-K = 0,
and maximum_output_length = 8192 tokens. We
provide a model card for all LLMs used in this work
in Table 9. All experiments were conducted using
a single A100 GPU with CUDA 12.4 and PyTorch
2.10.0.

For BERT-AA and TOPFORMER, as they do not
process long-form documents by default, we split
each text into 512-token chunks and average the
prediction scores to compute the final prediction,
following Tyo et al. (2023). For DETECTIVE, since
it is clustering-based, we compute the percentage of
top-K results across text chunks. As noted earlier,
all hyperparameter tuning was performed on the
development set, with 5 epochs and 20 epochs of
fine-tuning for both BERT-A A and TOPFORMER
and DETECTIVE, respectively. In Rank-based fin-
gerprint, we set @ = 1.5 and use 100K samples for
power-law approximation (more in Appendix Al-
gorithm 1). For all TRACE experiments, we use
GPT-2 as evaluator language model using context
of 1024 and 50 grid size (or cluster for ranks) un-
less stated otherwise.

Bhttps://openrouter.ai/
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Model Name OpenRouter Checkpoint Context Max. Out. Type Reference
deepseek-chat deepseek/deepseek-chat-v3-0324 163.8K 163.8K aff Open  DeepSeek-Al et al. (2025)
glm-4.6 z-ai/glm-4.6 204.8K 204.8K  wf" Open  GLM Team et al. (2025)
kimi-k2 moonshotai/kimi-k2-thinking 131.1K 131.1K af Open  Kimi Team et al. (2026)
qwen3-235b awen/qwen3-235b-a22b-2507 262.1K 262.1K  wf" Open  Yangetal. (2025)
gwen3-max gwen/qwen3-max 262.1K 32.8K & Closed Qwen Team (2026)
claude-sonnet anthropic/claude-sonnet-4.5 1M 64K & Closed  Anthropic (2025)
gemini-flash google/gemini-2.5-flash 1.05M 65.5K & Closed  Comanici et al. (2025)
gemini-pro google/gemini-2.5-pro 1.05M 65.5K & Closed Comanici et al. (2025)
gpt-4.1 openai/gpt-4.1 1.05M 32.8K & Closed OpenAl et al. (2024)
gpt-5.1 openai/gpt-5.1 400K 128K & Closed  Singh et al. (2026)

Table 9: Details for all the LLMs used in GHOSTWRITEBENCH. ‘Context’ is the total input context supported
and ‘Max. Out.” is the maximum number of output tokens supported by the LLM. “Type’ indicates whether model
weights are public (af® Open) or if it is proprietary LLM (i@ Closed).

D Baselines (cont.)

Rank. We compute the average token rank for a
given text using the GPT-2-Medium model.

Entropy. Similarly, we compute the average to-
ken entropy for a given text using the evaluator
model, GPT-2-Medium.

GLTR. GLTR (Gehrmann et al., 2019) com-
putes the probability of a token falling into four
rank ranges (or buckets). Compared with a single
average-based metric, it is more representative.

For all three above metric-based techniques, we
adapt them to the AA task following La Cava and
Tagarelli (2025) by attaching a logistic regression
classifier on top of these metric values.

N-GRAM. This is a traditional but effective
technique that ensembles three n-gram models:
character-based, part-of-speech-based, and sum-
mary statistics. Moreover, it can naturally handle
long texts, so no chunking is required, unlike the
next two methods.

BERT-AA. A multi-class classification layer is
added to the pre-trained BERT model (Fabien et al.,
2020), which is then fine-tuned on a specialised
dataset. However, as a Transformer-based archi-
tecture (Vaswani et al., 2017), it has a bottleneck
of processing at most 512 tokens at a time (Devlin
etal., 2019).

TOPFORMER. Topological Transformer-based
model (TOPFORMER) (Uchendu et al., 2024) at-
taches topological data analysis (TDA) layer on top
of pre-trained ROBERTA. The motivation is that
TDA is known to capture shape and structure (i.e.,

linguistic structure) enhancing contextual represen-
tations of base model, which is fine-tuned similar
to BERT-AA.

DETECTIVE. This is a multi-level contrastive
learning—based state-of-the-art method for binary
Al detection (Guo et al., 2024). However, it
internally learns representations for each author.
Therefore, these embeddings can also be used for
the AA task. We also considered more recent
M-RANGEDETECTOR (Jiao et al., 2025), PHAN-
TOMHUNTER (Shi et al., 2025), and other simpler
contrastive learning methods (La Cava et al., 2024;
John and Idicula, 2026), but their implementations
are not publicly available, and we were unable to
obtain sufficient details for reproduction.

E Further Ablation Studies

Top-k Accuracy AA Performance. Following
prior work in authorship attribution (Huang et al.,
2025; Uchendu et al., 2020), we additionally report
top-k accuracy (k = 1,2, 3, 5) as a complementary
evaluation metric. Since there are only ten authors
in our case, top-k accuracy saturates quickly as
seen in Table 14. We nevertheless include it for
completeness, and observe that it is consistent with
the main findings reported using macro-F; in Ta-
ble 13.

OOD-Author Additional Analysis. To further
strengthen our OOD-Author evaluation, we cre-
ated an additional balanced test set containing
both unknown and known (randomly sampled from
same split) generators, resembling a mixed de-
ployment scenario, reported in Table 11. We
also conducted error analysis, evaluating per-LLM

57435



Algorithm 1 Rank-based Fingerprint (f**"¥) Com- Model Split Genres # Books
pression D LF 33
Require: |V|, R = (r1,...,7m), « (power-law deepseek-chat  GOD.Domain  LHH, HB 2
exponent), C' (clusters) ggf__’; HB ;
1: p(i) <« power-law approx. with o, Vi €
{1 ‘V|} 1D HB, SSP, JR 3
e glm-4.6 HB, JR 2
22 cum < 0,k <+ 1,A«1/C SSP, LF 15
3: for i < 1to|V|do LF 6
4: cluster[i] « k OOD-Domain ST 6
5. cum ¢ cum + p(i) Cimik D LF 30
6: while cum > A do OOD-Domain HB 5
7: cum < cum — A ST 2
8: k+—k+1 D LF 11
9: end while qwen3-235b SSRLF 19
10: end for OOD-Domain BI_P, LHH, HB 1
BLP, HB 3
11: K+ k > number of used clusters HB |
12: frank — OK><K
’ . 1D LHH, ST 11
13: for i < 2tom do SSP 11
14:  frank[cluster[R; 1], cluster[R;]] += 1 quen3-max SSP, ACM 6
15: end for OOD-Domain LF 6
16: return frank > REXK D HB, LF 11
claude-sonnet LF 8
OOD-Domain BLP, SSP 5
ID HB, ACM 7
gemini-flash SSP 17
OOD-Domain LHH, LF 6
1D LHH, HB 5
gemini-pro HB 6
LHH 11
OOD-Domain LF 5
. D HB 29
OOD-Domain LHH, SSP 6
- 3 B 1D SSP, ACM 7
Algorltl‘lm 2 Entropy-based Fingerprint (fe2toPY) ACM 7
Smoothing gpt-5.1 sSSP 7
Require: |V|, E = (ey,...,en), G (grid size) OOD-Domain ST, LF 2
LHH, ST 3

1:

P+ {(6171,61) ’ 1= 2,...,m}
KDE < GaussianKDE(P)

Table 10: Detailed genre splits (ID vs. OOD-Domain)
for different LLMs in GHOSTWRITEBENCH, comple-
menting Table 2. These genre splits replicate human
book distribution from Project Gutenberg.

Zgrid, Yerid < linspace(O, lOg(|V|)7 G)
fentropy « KDE(meshgrid(Zgrid, Yerid) )
return fentropy > RGXG
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macro-F; OOD-Author performance in Table 12 to
check whether performance is dominated by a few
LLMs. It shows that the macro-average is usually
not driven by a single or two models for TRACE
and is more balanced compared to other methods.
It further highlights substantial variation in diffi-
culty across LLMs (e.g., gemini-pro, the Qwen
family are generally more challenging). Overall,
these results further strengthen and complement
the main OOD-Author results from Table 3.

Method OOD-Author
AUROC AUPR

RANK 0.49 0.62
ENTROPY 0.58 0.66
GLTR 0.51 0.63
N-GRAM 0.90 0.89
BERT-AA 0.83 0.86
ToPFORMER 0.80 0.84
DETECTIVE 0.81 0.84
TRACE (Ours)

Ranks-JS 0.72 0.74

Entropy-JS 0.92 0.93

Entropy-Norm 0.92 0.93

Table 11: OOD-Author performance on balanced test
set containing both unknown and known author samples.
Reported numbers are average threshold-independent
metrics (AUROC and AUPR) over three random splits.
Entropy-based TRACE is remains performant as seen
in the main results.

038 ) i 0\ il
[ 07 e
\ | \
0.6 :
—@— Ranks-JS
—— Entropy-JS
0.5 —A— Entropy-Norm b
1
5 10 25 50 100
Size of Fingerprint

Figure 4: The impact of using different fingerprint sizes
(K clusters for Rank-based and G grid-size for Entropy-
based) for TRACE. The red dashed line denotes the
selected configuration.

Impact of Fingerprint Size and Order. We
investigate different fingerprint sizes for Rank-
based and Entropy-based TRACE variants. As
the cluster-based compression is applied over a
large range of ranks, the size and order of the fin-
gerprint can be important factors. From Figure 4,
we observe that lower fingerprint sizes (i.e., grid
size G from Section 4.2) perform poorly for the
Entropy-based variant, whereas larger sizes (i.e.,
clusters K from Section 4.1) are less effective for
the Rank-based variant. A higher number of clus-
ters when compressing ranks may not sufficiently
reduce sparsity. A similar trend appears in Ap-
pendix Figure 8, where increasing the transition
order (e.g., from 2 order (r;_1 — 7;; default) to
3™ order transitions (r;_o — r;_1 — 7)) leads to
increased sparsity and reduced performance.

0.8

0.6

Fy

0.4

0.2

Figure 5: The impact of « in power law approximation
for Rank-based TRACE. The red dashed line denotes
the chosen @ = 1.5.

Impact of « in Rank-based Fingerprint. Con-
sidering the sparsity in Rank-based fingerprints
due to the large vocabulary size, we perform com-
pression clustering by grouping ranks into equal-
probability bins, as outlined in Appendix Algo-
rithm 1. We approximate ranks distribution as
power-law distribution using the parameter . We
investigate the impact of a in TRACE. As ex-
pected, for « < 1 or « > 5, performance de-
grades because the distribution no longer resembles
a power law. Fortunately, a range of « values can
work, as seen in Figure 5; we use o = 1.5 unless
stated otherwise.

Impact of Number of Tokens. Although this pa-
per studies a long-form document, we investigate
how limiting the number of tokens (per book) im-
pacts the performance of TRACE. From Figure 6,
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TRACE (Ours)

Method N-GRAM BERT-AA DETECT. TOPFORM. Avg.
Ranks-JS  Entropy-JS Entropy-Norm
deepseek-chat 0.31 0.22 0.26 0.00 0.95 0.99 0.99 0.53
glm-4.6 0.28 0.14 0.46 0.25 0.32 0.31 0.28 0.29
kimi-k2 0.33 0.28 0.80 0.84 0.40 0.32 0.31 0.47
qwen3-235b 0.33 0.00 0.22 0.22 0.00 0.22 0.44 0.20
gwen3-max 0.54 0.36 0.32 0.27 0.00 0.17 0.05 0.24
claude-sonnet 0.22 0.07 0.58 0.59 0.19 0.98 0.96 0.51
gemini-flash 0.44 0.00 0.56 0.00 0.00 0.78 0.67 0.35
gemini-pro 0.17 0.21 0.21 0.17 0.00 0.33 0.12 0.17
gpt-4.1 0.27 0.22 0.37 0.43 0.05 0.74 0.23 0.33
gpt-5.1 0.29 0.17 0.78 1.00 0.00 0.51 0.34 0.44

Table 12: OOD-Author per-LLM macro-F; scores (averaged over the three splits). ‘Avg.” column is row-wise
average, highlighting some LLMs are particularly more difficult to differentiate.

—@— Ranks-JS
——- Entropy-JS
—A— Entropy-Norm

500k

10k 100k
Number of Tokens

Figure 6: The impact of the number of tokens consid-
ered per text in TRACE.

we can see that for Entropy-based fingerprints, the
performance converges at 10K tokens, whereas for
Rank-based, it converges at 50K. This suggests
TRACE works for shorter documents as well; we
leave it for future work.

Different Similarity Metrics. We investigate
several metrics for comparing two TRACE fin-
gerprints in Figure 7. We observe that JS distance
(along with Wasserstein or Earth-Mover distance)
is effective for Rank-based fingerprints. This is
expected when these fingerprints are viewed as dis-
crete probability functions. In contrast, for Entropy-
based fingerprints, the differences are small, and
most metrics perform similarly. Future work could
explore information-geometric metrics to further
improve discrimination.

0.8 [ | ® A L ] i

0.7 ¢ L 5
_ 06 ® CosSim ]

=~ m EMD
05 A Frob.Norm
JS
0.4 SSIM .
A &% Norm Mean
03 Railks Entliopy

Figure 7: Evaluation of different metrics for comparing
TRACE fingerprints.
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Method ID OOD-Domain OOD-Author
RANK 0.13+0.04 0.13 +£0.03 0.39 £0.19
ENTROPY 0.16 £0.03 0.18 £ 0.02 0.15+0.12
GLTR 0.15£0.01 0.15+0.01 0.36 £0.07
N-GRAM 0.68 £ 0.08 0.56 £0.10 0.32 £0.33
BERT-AA 0.70 £0.10 0.59 +£0.12 0.17 £0.05
ToPFORMER 0.73+0.12 0.56 £0.10 0.38 £0.05
DETECTIVE 0.74 + 0.06 0.56 £0.15 0.45+£0.15
TRACE

Ranks-JS 0.59 +£0.13 0.44 +£0.11 0.19 £ 0.03

Entropy-JS 0.76 £ 0.08 0.52 +£0.03 0.54 +0.15

Entropy-Norm 0.81 £0.10 0.66 +0.06  0.44 £+ 0.09

Table 13: Results on GHOSTWRITEBENCH for all authors (including both low-resource and high-resource),

complementing Table 3.

Method D OOD-Domain
Top-1 Top-2 Top-3 Top-5 Top-1 Top-2 Top-3 Top-5

RANK 0.33+0.04 046+0.04 059+£0.05 081£0.05 033+0.03 0.51+£0.05 0.62+£0.04 0.86=+=0.02
ENTROPY 0.424+0.03 0.52+0.00 0.69+0.08 0.86+0.01 0.444+0.03 0.4740.01 0.75£0.07  0.86 £0.01
GLTR 0.414+0.07  0.554+£0.03 0.67£0.09 0.82£0.06 043+£0.08 0.52+£0.02 0.70£0.03 0.85£0.04
N-GRAM 0.91£0.02 097£0.00 097+£0.00 0.97+£0.00 0.87+£0.04 0.944+0.02 0.95+0.01 0.97 £ 0.00
BERT-AA 0.92+£0.05  0.96 +0.01 0.97+0.02 0.98+£0.03 0.85£0.05 0924002 0.97+0.04 0.98+£0.03
TOPFORMER 0.944+0.02 0.97+0.00 097+£0.00 0.99+0.01 0.86+0.04 0.96£0.03 0.97£0.02 0.99£0.01
DETECTIVE 0.93+0.02 0.96+0.02 098+0.02 0.99+0.01 0.89+£0.02 0.944+0.02 0.95=+0.01 0.96 &+ 0.01
TRACE

Ranks-JS 0.80+0.09 0.954+£0.02 097+£0.00 097£0.00 0.69+0.09 0.79+£0.04 0.85+£0.03 0.98£0.01

Entropy-IS 0.90+£0.05 0.98+£0.01 0.98+0.01 0.99+0.01 0.76 £0.05 0.90+0.03 0.93+0.03 0.99+0.01

Entropy-Norm 0.94£0.03 0.97+0.00 0.97+£0.00 1.00+0.00 0.83+0.04 093+0.01 0.97+0.00 0.99+0.01

Table 14: Top-k accuracy results on GHOSTWRITEBENCH for all authors, complementing Table 3 and Table 13.

Method Low Resource High Resource
ID OOD-Domain ID OOD-Domain

N-GRAM 0.47 £0.09 0.20£0.16 0.95+0.01 0.92 +0.04
BERT-AA 0.51£0.23 0.24 £0.17 0.95+0.04 0.91 + 0.06
TOPFORMER 0.69+0.06 0.314+0.08 0.96 £ 0.04 0.91 + 0.05
DETECTIVE 0.58 £0.14 0.31 £0.08 0.96 £0.04 0.93 +0.04
TRACE (Ours)

Ranks-JS 0.39 £ 0.25 0.21£0.19 0.81 £0.04 0.73+0.13

Entropy-JS 0.64 £0.20 0.34 £0.12 0.91£0.05 0.81 + 0.06

Entropy-Norm 0.67+0.19 0.56+0.19 0.96+0.02 0.85+0.05

Table 15: Without thresholding results for attribution techniques on GHOSTWRITEBENCH, showing ID and OOD-
Domain for Low and High resource settings, complementing Table 3. Bold denotes the best result and underline the

second best.
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Low Resource

High Resource

Method
Reject Family Reject Family

N-GRAM 0.36 £0.31 0.19+0.26 0.28£0.35 0.03+0.04
BERT-AA 0.04 £0.06 0.55+0.10 0.29+0.05 0.09=+0.08
TOPFORMER 0.29+0.17 0.55+0.10 0.46+£0.27 0.15+0.13
DETECTIVE 0.40+0.20 049+0.18 0.49+0.22 0.15+0.11
TRACE (Ours)

Ranks-JS 0.18£0.03 0.53+0.22 0.20£0.08 0.32+0.12

Entropy-JS 0.49+0.14 0.11+0.16 0.58+0.20 0.19+0.07

Entropy-Norm  0.51£0.17 0.11£0.16 0.37+0.03 0.25+0.11

Table 16: Variant of OOD-Author evaluation. ‘Family’ column: if the predicted class for the unseen LLM belongs
to the same family, we treat as a correct prediction (instead of rejecting: ‘Reject’ column).

Model Low Resource High Resource

ID OOD-Domain OOD-Author ID OOD-Domain OOD-Author
GPT-2 0.40£0.24 0.2240.19 0.18+0.03 0.78+0.06 0.66 £ 0.12 0.20 £ 0.08
OLMo 0.22+0.14 0.32+£0.22 0.11+0.08 0.74+0.05 0.56 £ 0.08 0.18 + 0.05
Gemma 0.33£0.22 0.27+0.04 0.11+0.16 0.79+0.06 0.63 £ 0.08 0.15+0.03

(a) Rank-based.

Model Low Resource High Resource

ID OOD-Domain OOD-Author ID OOD-Domain OOD-Author
GPT-2 0.60+0.16 0.23+0.12 0.49+0.14 0.91+£0.06 0.82+0.08 0.58 £ 0.20
OLMo 0.71+0.08 0.24+£0.11 0.29+0.08 0.95+0.02 0.75+£0.12 0.47+0.13
Gemma 0.51£0.08 0.10£0.08 0.42+0.08 0.89+0.06 0.80=+0.09 0.54+0.18

(b) Entropy-based (JS Dist.).

Model Low Resource High Resource

ID OOD-Domain OOD-Author ID OOD-Domain OOD-Author
GPT-2 0.67£0.19 0.49+0.11 0.51+0.17 0.96+0.02 0.82+0.10 0.37 £ 0.03
OLMo 0.70+0.08 0.34£0.10 0.29+0.11 0.92+0.04 0.81+0.09 0.54 £+ 0.09
Gemma 0.33£0.09 0.20£0.16 0.67+0.11 0.87+0.13 0.80=+0.09 0.69 + 0.09

(c) Entropy-based (norm-mean).

Table 17: TRACE performance for different evaluator language models. Each sub-table is for a variant of the
TRACE fingerprint. Overall, we observe comparable performance using different evaluator language models.
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Figure 8: The impact of different orders used in TRACE
fingerprints.

Scenario Split 1 Split 2 Split 3
§ gemini-flash gemini-flash gem%n%—pro
2 glm-4.6 claude-sonnet gemini-flash
8 deepseek-chat kimi-k2 qwen3-235b
% gpt-5.1 gpt-5.1 gwen3-max
- gwen3-235b qgwen3-235b deepseek-chat
§ gemini-pro gemini-pro glm-4.6
3 claude-sonnet deepseek-chat claude-sonnet
g kimi-k2 gpt-4.1 kimi-k2
@) gpt-4.1 glm-4.6 gpt-4.1
= qwen3-max qwen3-max gpt-5.1

Table 18: Random LLMs splits for low-resource and
high-resource scenarios. These splits are released with
the GHOSTWRITEBENCH dataset.

Method Split1 Split2 Split3
RANK 0.30 0.30 0.35
ENTROPY 0.30 0.25 0.25
GLTR 0.30 0.30 0.25
N-GRAM 0.40 0.75 0.40
BERT-AA 0.50 0.50 0.50
TOPFORMER 0.60 0.60 0.70
DETECTIVE 0.50 0.90 0.80
TRACE
GPT-2
Ranks 0.92 0.92 0.92
Entropy-JS 0.95 0.93 0.94
Entropy-Norm -4.0 -4.0 -4.5
OLMo
Ranks 0.92 0.92 0.92
Entropy-JS 0.94 0.93 0.95
Entropy-Norm -3.5 -4.0 -3.5
Gemma
Ranks 0.92 0.91 0.92
Entropy-JS 0.94 0.94 0.95
Entropy-Norm  -2.75 -250 -3.25

Table 19: Threshold (tuned as per development set) for
different splits (from Table 18) and attribution methods
used in this work. ‘Norm’ represents the norm-mean
metric (as angle) as defined Appendix B.1 and for this
lower is better (hence negative values reported). All
norm-mean values are multiplied by 100 for presenta-
tion.
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Figure 9: Detailed normalised OOD-Domain confusion matrices for different techniques (in sub-captions) without
selecting thresholds.
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claude-sonnet deepseek-chat gemini-flash gemini-pro
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gwen3-235b gwen3-max

Figure 10: TRACE Entropy-based reference fingerprints learned for different LLMs (in subcaption) in GHOST-
WRITEBENCH. Each axis represents the entropy of consecutive token transitions estimated by an independent
language model; denser regions indicate more frequent transition types. We note distinct structural patterns for each
LLM, suggesting they capture their generation styles.

Davenport, Cyril Heady, Morrison Pittenger, William White, Andrew Dickson Edwards, Amelia B.

2 1 2 a4 6 0 1 1 8 1 1 1 2 4 6 8 10 1 1

Hume, David Baring-Gould, S. (Sabine) Burroughs, John Howells, William Dean

Figure 11: TRACE Entropy-based reference fingerprints (which are very different from LLM counterparts in
Figure 10) learned for different human authors (in subcaption; sourced from Project Gutenberg) used for unseen
authors ablation study Section 6.1.
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Figure 12: TRACE Rank-based reference fingerprints (in log-scale) learned for different LLMs (in subcaption).
Although not as pronounced as Entropy-based (as seen in Figure 10), some structural patterns are there for each

LLM. Note: Rank-based fingerprints have a grid structure due to the discrete nature of rank compared to continuous
(scatter plot) entropy values.
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-
Below is the beginning part of a story:

We are going over segments of a story sequentially to gradually update one comprehensive summary
of the entire plot. Write a summary for the excerpt provided above, make sure to include vital
information related to key events, backgrounds, settings, characters, their objectives, and
motivations. You must briefly introduce characters, places, and other major elements if they are
being mentioned for the first time in the summary. The story may feature non-linear narratives,
flashbacks, switches between alternate worlds or viewpoints, etc. Therefore, you should organize
the summary so it presents a consistent and chronological narrative. Despite this step-by-step
process of updating the summary, you need to create a summary that seems as though it is written
in one go. The summary could include multiple paragraphs.

Summary:
N\

Figure 13: Generate Initial Summary Prompt, adapted from (Chang et al., 2024).

-
Below is a segment from a story:

We are going over segments of a story sequentially to gradually update one comprehensive summary
of the entire plot. You are required to update the summary to incorporate any new vital
information in the current excerpt. This information may relate to key events, backgrounds,
settings, characters, their objectives, and motivations. You must briefly introduce characters,
places, and other major elements if they are being mentioned for the first time in the summary.
The story may feature non-linear narratives, flashbacks, switches between alternate worlds or
viewpoints, etc. Therefore, you should organize the summary so it presents a consistent and
chronological narrative. Despite this step-by-step process of updating the summary, you need to
create a summary that seems as though it is written in one go. The updated summary could include
multiple paragraphs.

Updated summary:
\_

Figure 14: Generate Intermediate Summary Prompt, adapted from (Chang et al., 2024).
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p
Below is a summary of part of a story:

Currently, this summary contains {} words. Your task is to condense it to less than {} words. The
condensed summary should remain clear, overarching, and fluid while being brief. Whenever
feasible, maintain details about key events, backgrounds, settings, characters, their objectives,
and motivations - but express these elements more succinctly. Make sure to provide a brief
introduction to characters, places, and other major components during their first mention in the
condensed summary. Remove insignificant details that do not add much to the overall story line.
The story may feature non-linear narratives, flashbacks, switches between alternate worlds or
viewpoints, etc. Therefore, you should organize the summary so it presents a consistent and
chronological narrative.

Condensed summary (to be within {3} words):
1\ J

Figure 15: Summary Compression Prompt, adapted from (Chang et al., 2024).

C ) : : in )
Generate a detailed outline for a {}-word novel in your own style based on these genres: {} set in
the {} century. Include word counts and major plot points.

Below you are given some snippets of similar novels just for reference:

SNIPPET 1: {3}

SNIPPET 6: {}

Please insert the generated text between <START>...<END> tags. Any other message or metadata
kputside these tags.

J
Figure 16: Book Outline Generation Prompt.
(GOAL: Write a {} words novel in your own style based on these genres: {}. The novel is set in the
{3} century. We are generating the complete novel sequentially and in parts.
TASK: Begin writing the novel by generating the initial segment (~{} words). Expand the narrative
comprehensively, including all relevant details, while strictly adhering to the word limit
specified in the outline. Do not rush through any milestone; it is acceptable to split the content
across multiple parts if needed to respect the word limits. Please enclose the generated text
strictly between <START> and <END> tags. Any other message or metadata outside these tags.
Please read the following text carefully:
Follow the given novel outline strictly (including word counts and major plot points).
OUTLINE:
{3
Below you are given some snippets of similar novels for reference:
SNIPPET 1: {}
SNIPPET 6: {3}
N J

Figure 17: Book Generation Start Prompt.
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(COAL: Write a {} words novel in your own style based on these genres: {}. The novel is set in the
{3} century. We are generating the complete novel sequentially and in parts.

TASK: You are continuing the novel generation process. Generate the next segment (~{} words) of
the novel. Expand the narrative comprehensively, including all relevant details, while strictly
adhering to the word limit specified in the outline. Do not rush through any milestone; it is
acceptable to split the content across multiple parts if needed to respect the word limits. Please
enclose the generated text strictly between <START> and <END> tags. If novel is complete, add "END
OF NOVEL" at the end of the generated text. Any other message or metadata outside these tags.

INSTRUCTIONS:

1. Follow the novel outline strictly, including word counts and major plot points.

2. Maintain full continuity with the previous segment and the overall summary generated so far.
3. Use the previous segments and summary as reference for style, tone, and story consistency.
4. Draw inspiration from the provided snippet texts for style, but do not copy directly.

OUTLINE:
18

ENDING OF PREVIOUS SEGMENT:
{3

SUMMARY OF NOVEL TILL NOW:
18

REFERENCE SNIPPETS:
SNIPPET 1: {}

SNIPPET 6:
L {3

Figure 18: Book Generation Incremental Prompt.
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