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Abstract

Large language models (LLMs) can convin-
cingly imitate human writing styles, yet it re-
mains unclear how much stylistic information
is encoded in embeddings from any language
model and retained after LLM rewriting. We
investigate these questions in French, using a
controlled literary dataset to quantify the effect
of stylistic variation via changes in embedding
dispersion. We observe that embeddings re-
liably capture authorial stylistic features and
that these signals persist after rewriting, while
also exhibiting LL.M-specific patterns. These
analytical results offer promising directions for
authorship imitation detection in the era of lan-
guage models.

1 Introduction

Computational stylometry has long been central
to digital humanities, using natural language pro-
cessing (NLP) for authorship attribution and styl-
istic comparison (Stamatatos, 2009; Koppel et al.,
2011). This has involved quantifying inter-textual
distance and developing feature-based methods
to support author verification (Savoy, 2012a,b;
Cafiero and Camps, 2019).

In recent years, embedding methods, particularly
Transformer-based contextual models (Vaswani
et al., 2017; Devlin et al., 2019), have improved lit-
erary authorship attribution through richer textual
representations of authorial profiles (Terreau et al.,
2021; Kim et al., 2025). Yet embedding-based ana-
lysis often centers on semantic tasks, especially
topic modeling (Bianchi et al., 2021) and content
similarity (Rockmore et al., 2025), rather than style
in embeddings, aside from a few studies (Wegmann
etal., 2022; Icard et al., 2025). Assessing more sys-
tematically how embeddings capture authorial style
would improve the explainability of embedding rep-
resentations and strengthen authorship characteriz-
ation and attribution in computational stylometry.
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The increasing capabilities of large language
models (LLMs) to imitate human-authored styles
make this issue more urgent. Recent work on style
transfer shows that LLLMs can reproduce salient
stylistic features in literary settings (Mikros, 2025),
but also that they still struggle to imitate more im-
plicit writing styles in extra-literary settings (Wang
et al., 2025). Because LLMs are language models,
this reinforces the need to assess the sensitivity of
embedding vectors to style, and the extent to which
LLMs preserve or alter that sensitivity during style
transfer (Huang et al., 2025).

This paper reports a controlled experiment on
French literary texts evaluating embedding sensit-
ivity to target stylistic features in human-authored
texts and their LLM imitations. We compile a data-
set of French excerpts from Tufféry (Tufféry, 2000),
Proust (Proust, 1913), Céline (Céline, 1932), and
Yourcenar (Yourcenar, 1951), together with GPT-,
Mistral-, and Gemini-based stylistic imitations un-
der fixed-topic conditions. We encode all texts
with thirteen embedding models and quantify ag-
gregated stylistic effects on embedding dispersion
across human authors and imitated texts.

Section 2 reviews prior work on embedding sens-
itivity to writing style, with particular attention to
the human—LLM distinction. Section 3 introduces
our French literary dataset and the evaluation of
style transfer under LLM generation. Section 4
presents the vectorization of the dataset with thir-
teen embedding models, a structural evaluation
with clustering, and results on how writing style af-
fect embedding dispersion in human-authored texts
and LLM imitations. Section 5 examines LLM-
specific effects on embedding sensitivity, bringing
explainability to the style transfer evaluation used
to validate the dataset. Finally, Section 6 concludes
and outlines directions for future work.

All reproducibility materials and results are
available at: https://github.com/sma-1libra/
style-embedding-sensitivity
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2 Related Work

Feature-Based Stylometry. Computational stylo-
metry classically relies on surface features such
as word frequencies, character n-grams (Cavnar
and Trenkle, 1994; Rios-Toledo et al., 2022) and
punctuation patterns (Faye et al., 2024), often rep-
resented with TF-IDF term weighting (Salton and
Buckley, 1988; Bui et al., 2011), to capture au-
thorial voice (Verma and Srinivasan, 2019; Her-
rmann et al., 2021; Mani, 2022).

Style Embeddings. More recent work examines
whether embedding-based representations also en-
code feature-based stylistic information (Liu et al.,
2024). Terreau et al. (2021) propose an author-
verification framework that tests whether embed-
ding spaces encode stylistic features rather than
mainly semantic content. Using this framework,
they show that specialized Doc2Vec-based author
embeddings (Le and Mikolov, 2014; Ganesh et al.,
2016; Maharjan et al., 2019) are often more se-
mantically driven, while simpler pretrained sen-
tence encoders such as USE-DAN (Cer et al., 2018)
and SBERT (Reimers and Gurevych, 2019) can per-
form better on stylistic feature families.

Measuring Sensitivity. A related line of work
addresses style-semantics conflation more directly
through topic-controlled or style-sensitive embed-
ding representations. More specifically, Wegmann
et al. (2022) show that content-controlled training
improves style-topic separation in BERT-based rep-
resentations. Adjacent work by Chen et al. (2023)
shows that style-sensitive encoders can support ef-
ficient detection of stylistic shifts in multi-author
documents. In parallel, Patel et al. (2023) intro-
duce the style embedding model LISA whose di-
mensions correspond to stylistic features. Most
directly related to our approach, Icard et al. (2025)
use Queneau’s fixed-topic variations to measure
embedding sensitivity to style under rewriting by
a single LLM, rather than focusing specifically on
author-defining features and their preservation.

LLM Style Transfer. Recent research on LLMs’
representation and high-fidelity transfer of literary
style is motivated by their demonstrated capacity to
imitate authorial writing. In literary contexts, Mik-
ros (2025) show that GPT-40 reproduces salient
authorial stylistic features under thematic control,
while Sarfati et al. (2025) and Hicke and Mimno
(2025) show that literary style is reflected in LLM
internal representations. In parallel, Huang et al.

(2024) study LLMs for authorship analysis, while
Horvitz et al. (2024) propose TinyStyler, a light-
weight approach to few-shot style transfer condi-
tioned on author embeddings.

Taken together, these works have examined em-
bedding sensitivity to style in smaller language
models and, more recently, in LLMs. However,
little work has investigated whether embeddings
are reliably sensitive to the defining stylistic fea-
tures of specific authors, and to what extent this
sensitivity remains measurable after LLM rewrit-
ing. We investigate this question in French using
stylistically marked and diverse literary texts.

3 Dataset

3.1 Text Materials

We assembled a dataset of 1,248 French literary
texts that combines human-authored originals with
LLM-generated imitations that reproduce the hu-
man authors’ styles under fixed-topic conditions.

3.1.1 Reference Corpus

We first compiled a reference corpus of 384 French
original literary texts, separated in two groups ac-
cording to topic and style variation.

The first group, TUFFERY_REF, consists of 96
texts extracted from Stéphane Tufféry’s Le style
mode d’emploi (Tuftéry, 2000).! We use this col-
lection because, like Raymond Queneau’s Exer-
cices de style (Queneau, 1947) used in Icard et al.
(2025), it keeps a single topic across all texts:
the story of a bus journey in Paris. But unlike
Queneau’s variations, however, Tufféry structures
stylistic variation more systematically, including
explicit pastiches of major French authors such as
Balzac, Flaubert, and Hugo. TUFFERY_REF there-
fore provides a fixed-topic, style-diverse baseline
for stylometric comparison.

The second group, STYLE_REF, comprises
288 texts of length comparable to TUFFERY_REF,
evenly distributed across three subclasses:

e PROUST_REF: 96 texts from Proust’s Du coté
de chez Swann, the first volume of A la recher-
che du temps perdu (Proust, 1913);

* CELINE_REF: 96 texts from Céline’s Voyage
au bout de la nuit (Céline, 1932);

* YOURCENAR_REF: 96 texts from Yourcenar’s
Mémoires d’Hadrien (Yourcenar, 1951).
'We excluded 3 of the 99 texts from Tufféry’s Le style

mode d’emploi when constructing TUFFERY_REF because
they departed from the bus-journey topic.



TUFFERY_REF 96 texts -
. single topic, various styles .

..................................................

STYLE_REF
various topics, single style

..................................................

Réécris ce texte : \n" + TUFFERY_REF.read() + "n En copiant .
le style de [AUTHOR_REF] dans STYLE_REF. .

. STYLE_GEN
. single topic, single style

.........................................................................

MISTRAL

864 texts

YOURCENAR_GEN

Figure 1: Textual corpora and generation scheme used to construct the STYLOGEN embedding dataset. The
reference corpora are TUFFERY _REF (single topic, various styles) and STYLE_REF (various topics, single style per
author). Three LLMs generate STYLE_GEN by rewriting Tufféry texts in the styles of the authors in STYLE_REF,

using the French prompt shown.

The authors were selected to maximize styl-
istic contrast across four central dimensions in
French literature (Magri-Mourgues, 2006; Bru-
net, 2014; Hough, 2016): structural complexity,
morphosyntactic richness, lexical diversity, and
referential anchoring. Proust exemplifies struc-
tural complexity (long sentences, high average
word length) and morphosyntactic richness (di-
verse POS patterns), with recurrent proper-name
allusions (named entities) (Brunet, 1982). Céline
foregrounds a spoken register (short sentences and
words, high pronoun/verb share) alongside lexical
diversity and nonstandard forms (higher entropy,
distinctive character distributions) (Z4bojnikov4,
2006; Styhre, 2011; de Sacy, 2025). Yourcenar sus-
tains balanced prose densely anchored in historical
and geographic reference (named-entity density)
(Colvin, 2005; Broche, 2022).

3.2 Generated Corpus

We constructed the generated corpus, STYLE_GEN,
by prompting LLMs to rewrite the 96
texts from TUFFERY_REF in the writing
styles of PROUST_REF, CELINE_REF, and
YOURCENAR_REF, respectively. To ensure
both diversity of behavior and architectural
variety, we employed three LLMs for each
target style: GPT-4o0, mistral-large-2411,
and gemini-1.5-flash. For simplicity’s sake,
we now refer to these LLM versions as GPT,
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MISTRAL, and GEMINI.
The group STYLE_GEN comprises 864 texts
evenly distributed across three subclasses:

* PROUST_GEN: 288 texts produced by prompt-
ing each of the three generative models to re-
write Tufféry’s texts in the style of Proust’s
Du cété de chez Swann,

* CELINE_GEN: 288 texts produced by prompt-
ing each of the three generative models to
rewrite Tufféry’s texts in the style of Céline’s
Voyage au bout de la nuit;

* YOURCENAR_GEN: 288 texts produced by
prompting each of the three generative mod-
els to rewrite Tufféry’s texts in the style of
Yourcenar’s Mémoires d’Hadrien.

Figure 1 presents an overview of the pipeline
followed to assemble our textual corpora, includ-
ing the French prompt used. The English trans-
lation of the prompt is: “Rewrite this text: \n" +
TUFFERY_REF.read() + “\n By copying the style
of [AUTHOR_REF] into STYLE_REF.”

3.3 Style Transfer Evaluation

We assessed style transfer from STYLE_REF to
STYLE_GEN as a function of the LLM used
as the generator. Specifically, we evaluated
the extent to which texts in PROUST_GEN,
CELINE_GEN, and YOURCENAR_GEN were


https://platform.openai.com/docs/models/gpt-4o
https://docs.mistral.ai/getting-started/models/models_overview/
https://ai.google.dev/gemini-api/docs/models#gemini-1.5-flash

Validation Set PROUST_REF CELINE_REF YOURCENAR_REF STYLE_REF (held-out 20%)
Macro-F1 — — — 0.965
Corpus-Level A ccyracy 0.947 0.947 1.000 0.966
Test Set PROUST_GEN CELINE_GEN YOURCENAR_GEN STYLE_GEN (100%)
Corpus-Level Macro-F1 — — — 0.669
Transfer Accuracy 0.601 0.722 0.670 0.664
when GPT is used 0.490 0.542 0.646 0.559
Per-Class when MISTRAL is used 0.844 0.812 0.625 0.760
when GEMINI is used 0.469 0.812 0.740 0.674

Table 1: Style transfer results with TF-IDF character 3-5-grams + LinearSVC. We report corpus-level performances
on STYLE_REF (held-out 20%) and STYLE_GEN (100%), and per-class transfer accuracy for each target author
label. We indicate corpus-level accuracy in bold, and the highest per-class transfer accuracy across LLMs in blue.

classified as PROUST_REF, CELINE_REF, and
YOURCENAR_REF, respectively.

Character n-Gram Validator. For this task, we
used a validator that represents each document
with TF-IDF-weighted character 3-5-grams and
classifies it with a linear support vector classi-
fier (Cortes and Vapnik, 1995), implemented with
LinearSVC from scikit-learn, into one of three
author-style labels: PROUST_REF, CELINE_REF,
YOURCENAR_REF. We chose this validator be-
cause character n-grams are strong surface-level
features of authorial style (KeSelj et al., 2003;
Stamatatos, 2009), and because it is embedding-
independent, avoiding confounds in our later sens-
itivity analyses.’

Methodologically, we split STYLE_REF into
train/validation sets and use STYLE_GEN as the
test set:

— Train/Validation: using STYLE_REF only
(i.e., PROUST_REF, CELINE_REF, and
YOURCENAR_REF) split into 80% for train
and 20% for validation (stratified by author,
with seed = 42);

— Test: using 100% of STYLE_GEN (i.e.,
PROUST_GEN, CELINE_GEN, and
YOURCENAR_GEN), evaluated without
adaptation to measure style transfer from
human to LLM-generated text.

Table 1 reports the validator’s performances
on the held-out STYLE_REF corpus (20%) and
its transfer accuracy on the STYLE_GEN corpus
(100%), broken down by imitated author class and
by LLM used as a generator.

2Appendix A.1 (Table 3) reports additional style transfer
results on the corpus using another linear LinearSVC classi-
fier, this time with function-word frequencies as a classical
stylometric baseline for authorial style (Burrows, 2002).
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At the corpus level, the validator achieves near-
ceiling accuracy on held-out human texts from
STYLE_REF (Accuracy: 0.947 to 1.00). When
applied to STYLE_GEN, transfer accuracy drops
substantially, but remains well above the three-way
chance level (1/3) (Accuracy: 0.664).

Transfer accuracy on generated texts varies with
the LLM used for imitation. PROUST_GEN is best
recognized when generated by MISTRAL (0.844),
CELINE_GEN is best recognized when generated
by MISTRAL or GEMINI (0.812 in both cases), and
YOURCENAR_GEN is best recognized when gener-
ated by GEMINTI (0.740). By contrast, GPT yields
the lowest accuracies across the three generated cor-
pora. The confusion matrix complementing these
results is provided in Appendix A.2 (Figure 5).

Beyond style transfer validation from
STYLE_REF to STYLE_GEN across LLM
generators, we now analyze embedding representa-
tions of the same full textual corpora to compare
embedding sensitivity to stylistic features before
and after LLM rewriting.

4 Embedding Sensitivity to Writing Style

4.1 Dataset Vectorization

Embedding Model Selection. The reference cor-
pora TUFFERY_REF and STYLE_REF, along with
the generated corpus STYLE_GEN, were embedded
using thirteen models (Table 2), with their embed-
ding dimensionalities reported. Selection criteria
were architectural and dimensional diversity, com-
putational efficiency, and strong performance on
the Massive Text Embedding Benchmark (MTEB;
November 2025 version)® (Muennighoff et al.,
2022). The resulting embedding dataset for all
thirteen model is available in our data repository.

3https://huggingface.co/spaces/mteb/
leaderboard


https://huggingface.co/spaces/mteb/leaderboard
https://huggingface.co/spaces/mteb/leaderboard

Clustering Validation. To assess embedding
space separability across the three corpora
(TUFFERY_REF, STYLE_REF, STYLE_GEN), we
run k-means clustering (Hartigan and Wong, 1979)
on the full-dimensional embeddings of the thir-
teen models, setting k¥ = 3.* Clustering quality
is evaluated using purity (Manning, 2008), an ex-
ternal score in [0, 1] computed by comparing the
induced clusters to the three ground-truth corpus la-
bels (Soni and Dwivedi, 2024). Table 2 reports, for
each embedding model, the purity score computed
in the model’s full-dimensional space (FullD).

Embedding Model FullD Purity
xlm-roberta-large 1024 0.7654
multilingual-e5-large 1024 0.6836
mistral-embed 1024 0.6809
e5-base-v2 768 0.6802
distilbert-base-uncased 768 0.6701
text-embedding-3-small 1536 0.6663
text-embedding-004 768 0.6539
solon-embeddings-large-0.1 1024 0.6524
voyage-2 1024 0.6493
sentence-camembert-base 768 0.6408
all-roberta-large-v1 1024 0.6242
paraphrase-multilingual-mpnet-base-v2 768 0.6080
all-MinilM-L12-v2 384 0.5721

Table 2: Embedding dimensionality and k-means cluster
purity (k = 3) for each model in full-dimensional space
(FullD), computed with respect to the three corpus labels
(TUFFERY_REF, STYLE_REF, STYLE_GEN). Models
are ordered by purity scores.

Recovery of the three corpus groups is reas-
onable across the thirteen embedding models,
with mean purity (0.6575) and a close median
(0.6539). At the level of individual models,
x1m-roberta-large scores highest (0.7654) and
all-MinilM-L12-v2 lowest (0.5721), with inter-
mediate models spread smoothly across this range.

UMAP Reduction. Beyond the consistent purity
scores across models, Table 2 shows substantial
variation in embedding dimensionality (from 384
to 1536). To enable comparisons across model-
specific full-dimensional spaces (FullD), we apply
Uniform Manifold Approximation and Projection
(UMAP) (Mclnnes et al., 2018). For each target di-
mensionality, we repeat the projection thirty times
with different random seeds to account for UMAP’s
stochasticity.

Focus on 2D UMAP. We tested UMAP reduc-
tions, specifically 2D, 3D, and 10D, to find the
optimal sufficient dimension with respect to numer-
ical fidelity to the FullD purity scores. To quantify

*Using scikit-learn KMeans with default parameters and
random_state=0.
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alignment, we computed the mean absolute error
(MAE) to FullD, as well as the maximum absolute
error (MaxAE).

Among the UMAP reductions, we observed that
2D performed best, with the lowest MAE (0.025
for 2D, vs 0.036 for 3D and 0.029 for 10D) but
also the smallest MaxAE (0.056 for 2D, vs 0.090
for 3D and 0.066 for 10D), making it the reduction
best aligned with FullD purity. To visualize corpus-
group structure, Figure 2 shows the 2D UMAP
projection of the x1m-roberta-large embedding
model, which, as in FullD, obtains the best cluster-
ing purity score (0.7627).

c

—~2 PROUST_REF
CELINE_REF
CZ2 YOURCENAR_REF

PROUST_GEN
CELINE_GEN

=2 YOURCENAR_GEN

Figure 2: 2D UMAP projection of x1Im-roberta-large
embeddings on the dataset. Points indicate the three k-
means clusters (Class 1-3), while dashed ellipses (visual
guides, not k-means clusters) indicate label-based cover-
age regions for the human and generated corpora, drawn
so that exactly 80% of the corpus lie inside the ellipse
zone.

The dashed ellipses in Figure 2 suggest pos-
sible stylistic effects on the embedding repres-
entations. For PROUST_REF, CELINE_REF, and
YOURCENAR_REF (right side of the figure), the
clear separation between ellipses is consistent with
differences in both topic and style across the hu-
man corpora, whereas the strong within-ellipse co-
hesion cannot be explained by topic, since topic
varies within each corpus, and may instead re-
flect the homogenizing effect of shared authorial
style. For PROUST_GEN, CELINE_GEN, and
YOURCENAR_GEN (left side of the figure), the sub-
stantial overlap is consistent with intended topic
alignment on TUFFERY_REF, but the overlap re-
mains only partial, especially for CELINE_GEN,
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https://platform.openai.com/docs/guides/embeddings
https://cloud.google.com/vertex-ai/generative-ai/docs/embeddings/get-text-embeddings
https://huggingface.co/OrdalieTech/solon-embeddings-large-0.1
https://docs.voyageai.com/docs/embeddings
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suggesting that embeddings may retain residual
stylistic differences after LLM rewriting.

These observations motivate measuring whether
embeddings capture stylistic features beyond topic
under fixed-topic rewriting. We now examine em-
bedding sensitivity to author-characteristic features
in French, both before and after LLM imitation.

4.2 Sensitivity Evaluation Metrics

Following Icard et al. (2025), we compute
dispersion-based metrics on an aggregated 2D
UMAP reduction derived from the thirteen embed-
ding models listed in Table 2.

Embedding Dispersion. For the j-th UMAP it-

eration, we define dg?g ) as the Euclidean distance

of the ¢-th embedding vector from the centroid c()?)

of class X as follows:

d? = o§? - | (1)

(4,9)

where vy is the i-th embedding vector of class
X in the j-th iteration and || - || is the Euclidean
norm.

To capture the spatial dispersion of embeddings
in the UMAP target space, we calculate the mean
Euclidean distance from the centroid of each class
X across all 30 UMAP iterations and all embed-
dings N in X, written dy:

_ 1 N
dy = >

i=1

1 30 (i)
= dy’ 2)
30 £

Target Stylistic Features. To analyze embed-
ding sensitivity to stylistic variation in human texts
and LLM rewritings, we must retain features that
reflect the author-characteristic dimensions asso-
ciated with Proust, Céline, and Yourcenar, as de-
scribed in Section 3.1.1.

To this end, we drew on the stylometric frame-
work proposed by Terreau et al. (2021), which is
based on a comprehensive inventory of eight styl-
istic features families,” from which we retained a
subset of five (structural features, part-of-speech
tags, indexes of lexical diversity, letter frequencies,
and named entities) most relevant to authorial style
along the core dimensions previously considered:

>The complete list and description of the eight feature
families are available at: https://github.com/EnzoFleur/
style_embedding_evaluation/.
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* Structural: mean values of selected struc-
tural features, specifically word length and
sentence length, normalized by text length;

Morphosyntax: frequency of part-of-speech
tags (nouns, verbs, adjectives) to capture
grammatical diversity patterns;

Lexicon: lexical diversity (using Shannon En-
tropy, see Shannon 1948) and letter-level pat-
terns (character unigram and capitalization
frequencies);

Referentiality: density of named entities
(e.g., persons, locations, organizations) per
sentence, as a proxy for referential content.

For convenience, we write f% (i) to denote the
average frequency value f of the stylistic feature s
measured on the ¢-th document of class X.

Dispersion-Style Correlations. In the following
analyzes, TUFFERY_REF serves as the reference
class to study interactions between embedding dis-
persion and writing style on the corpus.

We denote by Ad(TUFFERY_REF,Y) the
difference in embedding dispersion between
TUFFERY_REF and another class Y (human or
generated, here), and by A f*(TUFFERY_REF,Y)
the difference in frequency of stylistic feature s
between the two classes. More formally:

Ad(TUFFERY_REF,Y') = drygpgry_grer (i) — dv (3) (3)

Af°(TUFFERY_REF,Y) = f”f“UFFERY_REF(i) -y @

where the comparison class Y is either a reference
class Y € STYLE_REF or a generated class Y &€
STYLE_GEN, ¢ is the i-th vector of TUFFERY_REEF,
and j is the j-th vector of class Y.

To evaluate embedding sensitivity to writing
style, whether human (STYLE_REF) or model-
generated (STYLE_GEN), we compute Pearson cor-
relations, written r, between Ad and A f* for each
stylistic feature s, relative to TUFFERY_REF.

Interpretation. We interpret the Ad—A f*® cor-
relations as distribution-level associations between
dispersion shifts and stylometric shifts across cor-
pora, rather than as causal estimates of rewriting
effects (i.e., the indices ¢ and j need not refer to
paired source-rewrite items). In particular, for
STYLE_GEN, the topic is controlled by construc-
tion via rewriting of TUFFERY_REF, so remaining
variation is expected to reflect stylistic transfer and
generator-specific rewriting behaviour specifically.
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NER

Letters 0.1627" 0.1614" 0.0559"

Entropy - 0.0131 0.1045" 0.0413"

Structural - 0.0112 -0.0046

TAG 1 0.0047 -0.0043

Af(TUFFERY_REF, STYLE_REF)

PROUST REF  CELINE_REF  YOURCENAR_REF

Ad(TUFFERY_REF, STYLE_REF)

(a)

NER 0.1721* 0.1192*

Letters -

0.0821*

0.1427* 0.1199%*

Entropy - 0.0697* -0.0203

Structural - 0.0701* 0.0079 0.0125

TAG - 0.0434* -0.0005 0.0193

Af* (TUFFERY_REF, STYLE_GEN)

PROUST GEN  CELINE_GEN YOURCENAR_GEN

Ad (TUFFERY_REF, STYLE_GEN)

(b)

Figure 3: Pearson correlations (r) between embedding dispersion shifts in 2D UMAP reduction (Ad) and stylistic
feature shifts (A f#) for each author-labeled corpus, comparing TUFFERY_REF with (a) the three human-authored
corpora in STYLE_REF, and (b) the three style-imitated corpora in STYLE_GEN. Asterisks indicate p < 0.01 after

Bonferroni correction.

4.3 Embedding Sensitivity to Authorial Style

To assess embedding sensitivity to human authorial
style, we computed the 2D UMAP Ad-A f* cor-
relations for comparisons between TUFFERY_REF
and each author corpus PROUST_REF,
CELINE_REF, and YOURCENAR_REF. Fig-
ure 3a reports the sensitivity correlations obtained
for each author corpus, broken down by stylistic
feature family. For transparency, we report the
FullD correlations in Appendix A.3 (Figure 6a).°

For each human author, we observe moderate-
to-weak yet significant correlations between
embedding-dispersion shifts and stylistic features.
PROUST_REF shows broad sensitivity across NER
(r 0.195%), Letters (r 0.163*), Structural
features (r 0.136*), and TAG (r 0.127%).
CELINE_REF concentrates on Letters (r = 0.161%),
NER (r = 0.132*), and Entropy (r = 0.105*). Fi-
nally, YOURCENAR_REF is dominated by sensit-
ivity to NER (r = 0.212*) with minimal Letters
and Entropy contributions. Overall, these correla-
tions align with the expected authorial stylistic pro-
files of Proust (syntactic and structural complexity,
morphosyntactic richness, proper-names allusions),
Céline (spoken register with lexical unpredictabil-
ity and nonstandard forms), and Yourcenar (strong
referential density) described in subsection 3.1.1.

However, topic variation between STYLE_REF
and TUFFERY_REF may confound these res-
ults. To isolate style from topic, we now ex-
amine STYLE_GEN, where topic is aligned with
TUFFERY_REF while style varies through generat-
ive rewriting.

® The full set of raw Pearson correlations for 3D and 10D
UMAP, in addition to 2D UMAP and FullD, is available in
our GitHub repository.
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4.4 Sensitivity After LLM Rewriting

To assess embedding sensitivity in the con-
text of LLM imitations, we computed the
2D UMAP Ad-Af? correlations for comparis-
ons between TUFFERY_REF and each imitated-
author corpus PROUST_GEN, CELINE_GEN, and
YOURCENAR_GEN. Figure 3b reports the sensit-
ivity correlations for each imitated-author corpus,
broken down by stylistic feature family. For trans-
parency again, we report the FullD sensitivity cor-
relations in Appendix A.3 (Figure 6b).”

We observe that PROUST_GEN shows highest
embedding sensitivity to NER (r = 0.175%) and
Entropy (r 0.113*), with weaker effects for
Letters and Structural. CELINE_GEN concen-
trates on NER (r = 0.172*) and Letters (r
0.143*). YOURCENAR_GEN emphasizes Letters
(r = 0.120*) and NER (r = 0.119%).

Overall, STYLE_GEN exhibits moderate stylistic
fidelity to the main authorial stylistic dimensions
observed in STYLE_REEF, but these dimensions are
attenuated and reweighted. PROUST_GEN main-
tains the broad PROUST_REF stylistic profile in
compressed form, with NER only slightly reduced
and stronger reductions in Letters, Structural, and
TAG. CELINE_GEN shows the highest stylistic
fidelity among the generated classes, preserving
spoken-style register of CELINE_REF (persistent
Letters and weaker Entropy) while overweight-
ing referentiality (NER). YOURCENAR_GEN re-
tains the NER-based referential anchoring of
YOURCENAR_REF, but more weakly, with partial
dilution and a shift toward Letters.

7 As before, the full set of raw Pearson correlations for all
target dimensions is available in our GitHub repository.
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5 Discussion

LLM Stylistic Fidelity. Figure 4 reports LLM-
level sensitivity for the three STYLE_GEN corpora
and reveals author-specific preservation patterns
hidden in the pooled results (Figure 3).

Figure 4a shows that MISTRAL achieves the
highest stylistic fidelity for PROUST_GEN, pre-
serving Proust’s broad profile as measured in
PROUST_REF. (NER, Letters, Structural, TAG).
By contrast, Figure 4b reveals that GPT achieves
higher stylistic fidelity for CELINE_GEN, best pre-
serving Céline’s core spoken-style pattern as ob-
served in CELINE_REF (NER, Letters, Entropy).
Finally, Figure 4c shows that GPT yields greater
style fidelity to Yourcenar’s defining features in
case of YOURCENAR_GEN (NER, Letters).

Validation vs Stylistic Fidelity. These results on
LLMs’ fidelity to human style only partially align
with the style transfer validation results reported
in subsection 3.3. When evaluating style transfer
from STYLE_REF to STYLE_GEN (Table 1), we
obtained the highest transfer accuracy for Proust
using MISTRAL, for Céline using MISTRAL and
GEMINI, and for Yourcenar using GEMINI. How-
ever, when assessing stylistic fidelity to the target
author profile by LLM (Figure 4), we find that
while MISTRAL still best preserves Proust’s broad
stylistic profile, GPT shows higher stylistic fidelity
for Céline than both MISTRAL and GEMINI, and
higher stylistic fidelity for Yourcenar than GEMINT.

Explaining Metric Mismatch. The divergence
stems from the two evaluations emphasizing differ-
ent, though overlapping, stylistic features. Stylistic
fidelity measures embeddings preservation of the
broad author stylistic profile, while the 3-5-gram-
based validator measures surface features, most
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directly Letters and indirectly NER and TAG.

For Proust, rankings align because MISTRAL
best preserves the Letters-level features that dom-
inate the validator, as well as the target author pro-
file (NER, Letters, Structural, TAG). For Céline,
MISTRAL and GEMINI obtain higher style transfer
accuracy, consistent with their emphasizing Letters-
level surface markers that are highly validator-
salient, while GPT better preserves Céline’s author-
defining pattern (NER, Letters, Entropy). For
Yourcenar, GEMINI similarly achieves higher val-
idator accuracy by matching Letters-level features,
whereas GPT better preserves Yourcenar’s defining
combination of NER and Letters.

6 Conclusion

Our study reveals moderate-to-weak embedding
sensitivity to authorial style in French. Comparing
literary texts from three authors with their LLM
imitations, we find that embeddings broadly reflect
author-characteristic stylistic patterns, although the
preservation of specific features varies across au-
thors and LLMs. By analyzing stylistic shifts in
embedding space, our approach complements style
transfer evaluation by tracing how specific features
are preserved or altered by generative rewriting.
These findings remain preliminary and require
replication across additional languages, broader
author sets, and alternative stylistic features. Fur-
ther analyses should also move beyond aggregated
representations to examine more directly how in-
dividual embedding architectures encode stylistic
features. More broadly, our results suggest that de-
viations from the human baseline after generative
rewriting may help identify LLM-based imitation
of authorial style through stylistic transformation
patterns. We leave these questions for future work.



Limitations

This study has four main limitations. First, the
analyses rely primarily on 2D UMAP because em-
bedding dimensionality varies across models in
FullD and because 2D yields the best alignment
with both authorial style preservation and FullD
purity scores. However, the distortions of authorial
features observed in these dimensions require fur-
ther investigation.

Second, the inventory of stylistic features we
consider (NER, Letters, Entropy, Structural, POS
Tags) is tailored to the current author sample rather
than exhaustive, which may limit coverage of au-
thorial stylistic signals beyond surface features.

Third, the stylistic correlations observed are con-
sistently significant but moderate in magnitude and
sometimes limited, calling for broader validation
to ensure robustness.

Finally, our study focuses on French literary
texts, so generalization to other languages and to
non-literary materials in which style is also salient
(e.g., correspondence, personal journals, speeches,
periodicals), is needed.

Ethical Considerations

This work follows the principles of open science,
Al transparency, and sustainability, with a strong
emphasis on reproducibility and public access to
results (lawful use under the EU text-and-data min-
ing exception, Directive 2019/790/EC, Art. 3;% in
the U.S. context, comparable research use would
fall under transformative fair use?).

To support open science while respecting copy-
right regarding the text materials, we release only
the 864 LLM-generated rewritings of Tufféry’s
texts in-the-style-of the three other authors (Proust,
Céline, Yourcenar). These constitute transformat-
ive stylistic imitations consistent with fair use prin-
ciples. We do not distribute the 384 original literary
texts due to copyright restrictions. We do, however,
release the full set of 16,224 vector embeddings (=
1,248 texts x 13 embedding models) (research-only
license; reconstruction or re-identification attempts
prohibited). These embeddings are provided for re-
search use only, and we do not evaluate embedding
inversion risk in this work.

8https ://eur-lex.europa.eu/legal-content/FR/
TXT/PDF/?uri=CELEX:32019L0790

9https ://www.law.cornell.edu/uscode/text/17/
107
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To advance Al transparency, our GitHub repos-
itory releases all code, the 864 LLM-generated
rewritings of Tufféry’s texts, full set of 16,224 em-
beddings, and analytical results, in particular raw
unadjusted Pearson correlations, with documenta-
tion for reproducibility.

To promote sustainability, we used the MTEB
leaderboard (Hugging Face) to combine smaller
and larger open-source pretrained models in a way
that helps limit carbon emissions.
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Validation Set PROUST_REF CELINE_REF YOURCENAR_REF STYLE_REF (held-out 20%)
Corpus-Level Macro-F1 — — — 0.825
Accuracy 0.737 0.789 0.950 0.828
Test Set PROUST_GEN CELINE_GEN YOURCENAR_GEN STYLE_GEN (100%)
Corpus-Level Macro-F1 — — — 0.528
Transfer Accuracy 0.403 0.438 0.760 0.534
when GPT is used 0.260 0.385 0.854 0.500
Per-Class when MISTRAL is used 0.604 0.646 0.625 0.625
when GEMINI is used 0.344 0.281 0.802 0.476

Table 3: Style transfer results with Function words Frequencies + LinearSVC. We report corpus-level performances
on STYLE_REF (held-out 20%) and STYLE_GEN (100%), and per-class transfer accuracy for each target author
label. We indicate corpus-level accuracy in bold, and the highest per-class transfer accuracy across LLMs in blue.

A Appendix

A.1 Style Transfer Evaluation Using Function
Words

Table 3 reports style transfer performances ob-
tained on the corpus with the validator using
function word frequencies in combination to
LinearSVC.

At the corpus level, this validator yields weaker
but overall consistent corpus-level results com-
pared to 3-5-gram-based validator, with lower
performance on both STYLE_REF (0.828 wvs.
0.966 accuracy; 0.825 vs. 0.965 Macro-F1) and
STYLE_GEN (0.534 vs. 0.664 transfer accuracy;
0.528 vs. 0.669 Macro-F1), while preserving the
same contrast between validation on reference texts
and weaker transfer on generated texts.

Across reference authors (PROUST_REF,
CELINE_REF, YOURCENAR_REF), both valid-
ators agree in assigning the highest accuracy
to Yourcenar (0.950 vs. 1.000), although the
function-word-based model is notably less accurate
for Proust and Céline.

Across imitated author (PROUST_GEN,
CELINE_GEN, YOURCENAR_GEN) and LLM
combinations, the picture is partly stable and
partly shifted: MISTRAL remains the best model
for PROUST, and also remains best for CELINE,
though without the earlier tie with GEMINI. For
YOURCENAR, however, the best system shifts
from GEMINI under the character n-gram validator
to GPT under the function-word-based validator,
while GEMINI remains strong.

A.2 Confusion Matrix for the 3-5-Gram-
Based Validator

Figure 5 complements the aggregate perform-
ance results given in Table 1 for the 3-5-gram-
based validator, showing the class-specific er-

81

200
PROUST

150
CELINE 100

YOURCENAR 73

REFERENCE LABEL

PROUST  CELINE YOURCENAR

PREDICTED LABEL

Figure 5: Confusion matrix for the STYLE_GEN eval-
uation of the TF-IDF character 3-5-gram + LinearSVC
classifier trained on STYLE_REF, shown by imitated
authorial style. Rows correspond to true author labels
and columns to predicted labels.

ror structure on STYLE_GEN. The dominant er-
rors are mutual confusions between PROUST_GEN
and YOURCENAR_GEN (107 PROUST_GEN in-
stances predicted as YOURCENAR_REF, and
73 YOURCENAR_GEN instances predicted as
PROUST_REF), whereas misclassifications into
CELINE_REF are comparatively rare for the other
two styles (8 and 22).

A.3 FullD Sensitivity Correlations to Style

Figure 6 reports sensitivity correlations between
changes in stylistic features and changes in FullD
embedding dispersion across authors, comparing
TUFFERY_REF with both human-written corpora
(STYLE_REF) and style-imitated (STYLE_GEN)
corpora.

Compared to 2D UMAP (Figure 3a), Figure 6a
shows that many feature-wise correlations remain
significant in FullD and some are actually stronger
than in 2D UMAP, but the resulting profiles are less
faithful to the authorial characteristics of the human
authors. For PROUST_REF, the expected broad pro-
file becomes distorted: Letters dominates, while
Structural is nearly absent and NER is reduced. For
CELINE_REF, the expected concentration on Let-
ters, NER, and Entropy is weakened by a reversal
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Figure 6: Pearson correlations (r) between embedding dispersion shifts in FullD (Ad) and stylistic feature shifts
(A f#) for each author-labeled corpus, comparing TUFFERY_REF with (a) the three human-authored corpora in
STYLE_REF, and (b) the three style-imitated corpora in STYLE_GEN. Asterisks indicate p < 0.01 after Bonferroni

correction.

of Entropy and the appearance of Structural. For
YOURCENAR_REF, the expected referential dom-
inance of NER becomes less distinctive because
Letters rises to a comparable level and Entropy
turns negative. Overall, compared with 2D UMAP,
the FullD correlations differentiate the three human
authors less clearly because they overweight shared
features, especially Letters and, to a lesser extent,
NER, while weakening the author-specific balance
of stylistic features.

Compared to 2D UMAP (Figure 3b), Figure 6b
shows that these distortions become even stronger
after LLM rewriting. In PROUST_GEN, the pro-
file narrows to NER and Letters, while Entropy
becomes strongly negative and Structural and
TAG largely disappear. In CELINE_GEN, Let-
ters and NER remain prominent, but Entropy
again turns negative and Structural and TAG be-
come more visible than expected for Céline. In
YOURCENAR_GEN, the profile becomes flatter and
less specific than in 2D, with strong Letters and
NER accompanied by positive Structural and TAG
and negative Entropy.

FullD therefore preserves authorial character-
istic features less well than 2D UMAP, both for
human-authored texts and after LLM rewriting, be-
cause the more selective feature-level preservation
observed in 2D is replaced by a more generic pat-
tern shared across corpora. Our GitHub reposit-
ory shows similar distortions with the 3D and 10D
UMAP reductions.
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