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ABSTRACT

In-Context Learning (ICL) and efficient fine-tuning methods significantly enhance the efficiency
of applying Large Language Models (LLMs) to downstream tasks. However, they also raise
concerns about the imitation and infringement of authorial creative works. Current copyright pro-
tection methods for creative works predominantly focus on visual arts, leaving a critical research
gap in the safeguarding of creative writing. In this paper, we propose WIND (Watermarking
through Implicit, Non-disruptive Disentanglement), a novel zero-watermarking, verifiable and
implicit scheme designed to protect the originality of creative writing from unauthorized AI
imitation. Specifically, we decompose creative essence into five key elements, which are ex-
tracted utilizing LLMs through a designed instance delimitation mechanism and consolidated
into condensed-lists. These lists enable WIND to convert core copyright attributes into verifiable
watermarks via implicit encoding within a disentanglement creative space, where ’disentangle-
ment’ refers to the separation of creative-specific and creative-irrelevant features. This approach,
utilizing implicit encoding, avoids distorting fragile textual content. Extensive experiments
demonstrate that WIND effectively verifies creative writing copyright ownership against AI
imitation, achieving F1 scores above 98% and maintaining robust performance under stringent
low false-positive rates where existing state-of-the-art text watermarking methods struggle. The
code is available in the supplementary materials.

1 INTRODUCTION

In-context learning (ICL) has emerged as a revolutionary paradigm in natural language processing (NLP), as
comprehensively surveyed by Dong et al. (2024). Large language models (LLMs) acquire extensive real-world
knowledge through few-shot learning, as demonstrated by Brown et al. (2020), Wei et al. (2022), Liu et al. (2023a),
Liu et al. (2024b), and OpenAI (2023). Simultaneously, advancements in efficient parameter fine-tuning methods,
such as those proposed by Hu et al. (2022); Liu et al. (2021); Han et al. (2024), enable large language models
(LLMs) to adapt effectively to specific downstream tasks with minimal data. These techniques have heightened
concerns over copyright infringement of authors’ creative works, resulting in a growing number of legal disputes.
In the domain of creative writing, for instance, Authors Guild of America sued OpenAI for training its models
on copyrighted texts without permission (AIa (2023)). Similarly, the New York Times also filed a lawsuit against
OpenAI (Tim (2023)). Similar litigation has arisen in other creative domains, such as visual arts (Sar (2023); Get
(2023)). Consequently, the protection of creative works has drawn significant attention from researchers Liu et al.
(2023b); Tang et al. (2023); Maini et al. (2024).

Current methods for ensuring copyright protection in creative works primarily focus on digital watermarking, a
widely studied and validated paradigm for safeguarding data and preventing infringement. Several studies, such as
Chen et al. (2022); Salman et al. (2023); Shan et al. (2023), have explored scrambled watermarks, which involve
embedding intentional signals into images to protect authors’ creative visual arts. Alternatively, recent work by
Huang et al. (2024b) explores verifiable watermarks using diffusion models to establish clear copyright boundaries
for image style protection. Although current watermarking methods tailored to creating works focus primarily on
visual arts, the preservation of creative writing remains underexplored.

To defend against unauthorized imitation by LLMs, we aim to construct a verifiable watermark that can authenticate
the authorship of creative writing. Our core motivation is to verify whether a given text constitutes an unauthorized
imitation of a specific author’s protected creative signature. While this objective connects to the well-developed
domain of authorship identification as examined in Huang et al. (2024a), our approach is fundamentally different.
The former focuses on identifying the writer of a given text, whereas our work aims to proactively protect an
author’s creative essence by generating a verifiable watermark. This shifts the problem from mere classification
to robust infringement verification. The process first requires the extraction of the distinctive writing traits that
characterize the author. These unique features then form the basis for encoding a watermark that preserves the
authorship identity. To this end, we draw on key insights from linguistic research by Vaezi & Rezaei (2019);

1



058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115

Under review as a conference paper at ICLR 2026

Attacker

Contents Imitation 
Texts

Defender Step

Authorized
Access

0 0 1 01 1 …

Creative Essence
 WatermarkCreative

Writing

X

Suspicious 
Texts

(Can be generated from 
any model)

Defender

Step

0 0 1 01 1 …

Suspcious Text 
Encoding

…
0 0 1 01 1 … Consistent

! Copyright Infringement !

Suspect

Creative
Writing

 Unauthorized
Access

Figure 1: The application scenario of the implicitly verifiable watermark.

Tweedie & Baayen (1998); Lu (2010); Steen et al. (2010); Pennebaker & King (1999); Kao & Jurafsky (2012),
we define the creative writing signature through five key elements: (1) vocabulary and word choice, (2) syntactic
structure and grammatical features, (3) rhetorical devices and stylistic choices, (4) tone and sentiment, and (5)
rhythm and flow. Leveraging this representation, we propose WIND, a Watermarking scheme based on Implicit,
Non-disruptive Disentanglement. The scheme maps above traits into a verifiable and implicit watermark within a
disentangled creative space, preserving the fragile writing style while enabling reliable ownership verification.

Specifically, building on the findings of Leidinger et al. (2023) regarding the impact of prior knowledge selection on
the parsing ability of LLMs, we first construct two prompt templates, incorporate contrastive learning, and develop
an instance delimitation mechanism to select the most suitable prompt for each sample. Next, to disentangle
creation-specific and creation-irrelevant features, we employ LLMs to extract the five elements to establish the
creative writing essence, termed condensed-lists. Finally, we convert these lists into the disentangled space to
calculate an anchor, which is then implicitly encoded as a verifiable watermark for creative writing.

The application scenario of the proposed WIND is shown in Figure 1. WIND (the Defender) generates a unique
watermark via the extracted creative-specific features from the protected data. If an unauthorized attacker accesses
protected data to generate imitation texts, the defender could detect infringement by verifying whether the suspect
samples exhibit material similarity to the creative writing. This is achieved by measuring consistency through
Hamming distance. Additionally, to meet practical needs and reduce computation costs, WIND is designed to
perform effectively in few-shot scenarios. Our main contributions are summarized as follows:

• We present a novel, verifiable and implicit watermarking method, namely WIND, to protect creative
writing copyrights from unauthorized AI imitation. To the best of our knowledge, this is the first work to
formally decompose the abstract essence of creative writing and leverage it for copyright protection via
watermarking.

• We create an instance delimitation mechanism to identify optimal prior knowledge, which facilitates the
extraction of condensed-lists by LLMs. Subsequently, we establish a verifiable watermark domain for
creative essence, moving beyond injecting signal methods that will potentially harm the fragile style.

• Extensive experiments confirm the method’s effectiveness and robustness against a wide range of chal-
lenges, including state-of-the-art text watermarking techniques, robust attacks, and multi-level visual
analysis.

2 RELATED WORK

2.1 CREATIVE WORK COPYRIGHT PROTECTION

Existing methods for detecting infringements of creative works mainly fall into two categories: membership
inference (MI) and digital watermarking. For MI-based approaches, Shi et al. (2024) compare data generated before
and after model training, while Maini et al. (2024) perform membership inference attacks (MIAs) in gray-box
settings. However, these methods struggle when LLMs imitate the unique creation but modify irrelevant details,
and gray-box model access limits real-world applications.

Digital watermarks for copyright protection are mainly of two types: scrambled and verifiable watermarks.
Scrambled watermarks embed distorted signals in data to protect visual art but are vulnerable at the latent
representation level. For example, Chen et al. (2022) reversibly transform images into adversarial examples. Salman
et al. (2023) add imperceptible adversarial perturbations to protect images from malicious editing. Shan et al. (2023)
apply subtle cloaks to images for similar protection. Verifiable watermarks, however, offer a stronger defense
against unauthorized use. Huang et al. (2024b) address image style infringement in the text-to-image process.
Current methods for protecting creative writing are insufficient.

2



116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173

Under review as a conference paper at ICLR 2026

LLM

❄

+

Watermark Extractor
Disentangled 
Creation Space

:anchor 

0 0 1 0 1 11 1 0 0 …

LLM-dominated Condensation Phase 

Watermark Mapping Phase 

Condensed-lists
1. <VWC>_________

2. <SSG>__________
3. <RDSC>_________

4. <TS>____________
5. <RF>____________

Instance 
Delimitation 
 mechanism

Distance-driven Delimitation Phase

Encoder

: sample embedding in entangled feature space

word em
beddings

: embedding in disentangled creation feature space

Entangled Feature Space

Imitate

1 2 3TP

1 2 3
<latexit sha1_base64="65dyVmnKipawfA9wixBrQqwlXB0=">AAAB6nicdVDJSgNBEK1xjXGLevTSGARPw0wM6fEiAS+eJGI2SIbQ0+kkTXoWunuEMOQTvHhQxKtf5M2/sbMIKvqg4PFeFVX1gkRwpR3nw1pZXVvf2Mxt5bd3dvf2CweHTRWnkrIGjUUs2wFRTPCINTTXgrUTyUgYCNYKxlczv3XPpOJxVNeThPkhGUZ8wCnRRrqr9256haJjuyWvjDEyBGNc8Qy5wOfY8ZBrO3MUYYlar/De7cc0DVmkqSBKdVwn0X5GpOZUsGm+myqWEDomQ9YxNCIhU342P3WKTo3SR4NYmoo0mqvfJzISKjUJA9MZEj1Sv72Z+JfXSfXA8zMeJalmEV0sGqQC6RjN/kZ9LhnVYmIIoZKbWxEdEUmoNunkTQhfn6L/SbNkuxW7fFsuVi+XceTgGE7gDFzAUIVrqEEDKAzhAZ7g2RLWo/VivS5aV6zlzBH8gPX2CZGHjgE=</latexit>

TN

<latexit sha1_base64="AKfbaBfzbg1TQj6hczftt4d42xE=">AAAB+HicbVDLSsNAFJ3UV62PRl26GSxC3YSkLW3cFURwWcE+oAlhMpm0QycPZiZCDf0SNy4UceunuPNvnD4QtR64cDjnXu69x08ZFdI0P7XCxubW9k5xt7S3f3BY1o+OeyLJOCZdnLCED3wkCKMx6UoqGRmknKDIZ6TvT67mfv+ecEGT+E5OU+JGaBTTkGIkleTp5WvPQSwdo6qDg0ReeHrFNOqtmm3Z0DQazWbdrkHLMBf4JhWwQsfTP5wgwVlEYokZEmJomal0c8QlxYzMSk4mSIrwBI3IUNEYRUS4+eLwGTxXSgDDhKuKJVyoPydyFAkxjXzVGSE5Fn+9ufifN8xkaLs5jdNMkhgvF4UZgzKB8xRgQDnBkk0VQZhTdSvEY8QRliqrkgph7eV10qsZVtNo3DYq7ctVHEVwCs5AFVigBdrgBnRAF2CQgUfwDF60B+1Je9Xelq0FbTVzAn5Be/8CS1iS2Q==</latexit>

E↵(·)
<latexit sha1_base64="7ynNImxbM0LpzMVnM5TxO12CfKc=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GmbMZPEiAS8eI5oFkiH0dHqSJj09Y3ePEEI+wYsHRbz6Rd78GzuLoKIPCh7vVVFVL0g4U9pxPqzMyura+kZ2M7e1vbO7l98/aKo4lYQ2SMxj2Q6wopwJ2tBMc9pOJMVRwGkrGF3O/NY9lYrF4laPE+pHeCBYyAjWRrq56yW9fMGxy2WveF5Ejl0sGeoaUnKq1YqHXNuZowBL1Hv5924/JmlEhSYcK9VxnUT7Eyw1I5xOc91U0QSTER7QjqECR1T5k/mpU3RilD4KY2lKaDRXv09McKTUOApMZ4T1UP32ZuJfXifVYdWfMJGkmgqyWBSmHOkYzf5GfSYp0XxsCCaSmVsRGWKJiTbp5EwIX5+i/0nzzHbLtnftFWoXyziycATHcAouVKAGV1CHBhAYwAM8wbPFrUfrxXpdtGas5cwh/ID19gnhkY41</latexit>qp

<latexit sha1_base64="I3JmJI2gZqdqzPEWWbOvOJExfag=">AAAB6nicdVDLSgMxFM34rPVVdekmWARXQ2bsY7qRghuXFe0D2qFk0kwbmsmMSUYoQz/BjQtF3PpF7vwb04egogcuHM65l3vvCRLOlEbow1pZXVvf2Mxt5bd3dvf2CweHLRWnktAmiXksOwFWlDNBm5ppTjuJpDgKOG0H48uZ376nUrFY3OpJQv0IDwULGcHaSDd3fdEvFJHtlmsVz4PIriJUK1UNOS+7NdeDjo3mKIIlGv3Ce28QkzSiQhOOleo6KNF+hqVmhNNpvpcqmmAyxkPaNVTgiCo/m586hadGGcAwlqaEhnP1+0SGI6UmUWA6I6xH6rc3E//yuqkOPT9jIkk1FWSxKEw51DGc/Q0HTFKi+cQQTCQzt0IywhITbdLJmxC+PoX/k5ZrOxW7dF0q1i+WceTAMTgBZ8ABVVAHV6ABmoCAIXgAT+DZ4taj9WK9LlpXrOXMEfgB6+0T52iOOQ==</latexit>qn
<latexit sha1_base64="QU6Lu6xUSXTp4+ExZ5f3jxwYJqo=">AAAB83icdVDLSsNAFJ3UV62vqks3g0VwFZKYtHZX6MZlBfuAJpTJdNIOnUzCzEQoob/hxoUibv0Zd/6Nk7aCih4YOJxzL/fMCVNGpbKsD6O0sbm1vVPereztHxweVY9PejLJBCZdnLBEDEIkCaOcdBVVjAxSQVAcMtIPZ+3C798TIWnC79Q8JUGMJpxGFCOlJd+PkZqGUd4edRajas0ym1dOvelBy3Qcp+E0NfFcx2u40DatJWpgjc6o+u6PE5zFhCvMkJRD20pVkCOhKGZkUfEzSVKEZ2hChppyFBMZ5MvMC3ihlTGMEqEfV3Cpft/IUSzlPA71ZJFR/vYK8S9vmKnoOsgpTzNFOF4dijIGVQKLAuCYCoIVm2uCsKA6K8RTJBBWuqaKLuHrp/B/0nNMu266t26t5a3rKIMzcA4ugQ0aoAVuQAd0AQYpeABP4NnIjEfjxXhdjZaM9c4p+AHj7ROCTpH7</latexit>

CP
<latexit sha1_base64="PMw2xFfMTqbwHeIX5gSEoGHJIoA=">AAAB83icdVDLSsNAFL2pr1pfVZduBovgKiSlaV0WunElFewDmlAm00k7dPJgZiKU0N9w40IRt/6MO//GSRtBRQ8MHM65l3vm+AlnUlnWh1Ha2Nza3invVvb2Dw6PqscnfRmngtAeiXkshj6WlLOI9hRTnA4TQXHoczrw553cH9xTIVkc3alFQr0QTyMWMIKVllw3xGrmB1lnfLMcV2uWaa2ALLPVsh2nqYnTaNY1sQurBgW64+q7O4lJGtJIEY6lHNlWorwMC8UIp8uKm0qaYDLHUzrSNMIhlV62yrxEF1qZoCAW+kUKrdTvGxkOpVyEvp7MM8rfXi7+5Y1SFVx5GYuSVNGIrA8FKUcqRnkBaMIEJYovNMFEMJ0VkRkWmChdU0WX8PVT9D/p1027aTZuG7W2U9RRhjM4h0uwoQVtuIYu9IBAAg/wBM9GajwaL8brerRkFDun8APG2ydYgpHf</latexit>

CN
Positive 
Prompt

Negative
Prompt

En
co

de
r

<latexit sha1_base64="AKfbaBfzbg1TQj6hczftt4d42xE=">AAAB+HicbVDLSsNAFJ3UV62PRl26GSxC3YSkLW3cFURwWcE+oAlhMpm0QycPZiZCDf0SNy4UceunuPNvnD4QtR64cDjnXu69x08ZFdI0P7XCxubW9k5xt7S3f3BY1o+OeyLJOCZdnLCED3wkCKMx6UoqGRmknKDIZ6TvT67mfv+ecEGT+E5OU+JGaBTTkGIkleTp5WvPQSwdo6qDg0ReeHrFNOqtmm3Z0DQazWbdrkHLMBf4JhWwQsfTP5wgwVlEYokZEmJomal0c8QlxYzMSk4mSIrwBI3IUNEYRUS4+eLwGTxXSgDDhKuKJVyoPydyFAkxjXzVGSE5Fn+9ufifN8xkaLs5jdNMkhgvF4UZgzKB8xRgQDnBkk0VQZhTdSvEY8QRliqrkgph7eV10qsZVtNo3DYq7ctVHEVwCs5AFVigBdrgBnRAF2CQgUfwDF60B+1Je9Xelq0FbTVzAn5Be/8CS1iS2Q==</latexit>

E
↵
(·)

1 2 3

Creative
Writing

<latexit sha1_base64="OYsjLaed8iFDjy1MFqmTQBts2xY=">AAAB6nicdVBNS8NAEJ3Ur1q/qh69LBbBU0hKaHuSgpceK7a10Iay2W7apZtN2N0IJfQnePGgiFd/kTf/jds2goo+GHi8N8PMvCDhTGnH+bAKG5tb2zvF3dLe/sHhUfn4pKfiVBLaJTGPZT/AinImaFczzWk/kRRHAad3wex66d/dU6lYLDp6nlA/whPBQkawNtJtZ9QalSuOXat6NbeOHNtZYUkanudVkZsrFcjRHpXfh+OYpBEVmnCs1MB1Eu1nWGpGOF2UhqmiCSYzPKEDQwWOqPKz1akLdGGUMQpjaUpotFK/T2Q4UmoeBaYzwnqqfntL8S9vkOqw4WdMJKmmgqwXhSlHOkbLv9GYSUo0nxuCiWTmVkSmWGKiTTolE8LXp+h/0qvabs32brxK8yqPowhncA6X4EIdmtCCNnSBwAQe4AmeLW49Wi/W67q1YOUzp/AD1tsnPwmNyA==</latexit>

TH

Negative Samples

Samples

Positive 
Pairs

Negative 
Samples

Attacker

Figure 2: The overall framework of WIND, which consists of three main phases: (1) Distance-driven Delimitation,
(2) LLM-dominated Condensation, and (3) Watermark Mapping. The numbers within the squares of TH , TP ,
and TN represent different samples. Additionally, a star in the entangled feature space and a diamond in the
disentangled space (of the same color) denote the same sample.

2.2 TEXT WATERMARKING FOR LLMS

Text watermarking in LLMs can be considered a protective scheme for the learned creative styles of LLMs, as
demonstrated by He et al. (2022). These watermarks are typically embedded during the text generation phase,
primarily through modifications to either token sampling or the model’s internal logic. Christ et al. (2024) use
random sequences for token sampling. Kuditipudi et al. (2023) apply Levenshtein distance for text-number
matching. In contrast, the KGW method (Kirchenbauer et al. (2023)) biases green-listed tokens. Zhao et al. (2024)
propose a universal green list, while Lu et al. (2024) weight high-entropy tokens. Meanwhile, Hu et al. (2023)
introduce unbiased watermarks for attribution. However, these methods are insufficient to safeguard the creation of
ideas. Therefore, in this paper, we introduce WIND, a novel framework that employs LLMs to extract the creative
essence as condensed lists, which are then utilized to generate an implicit watermark for copyright verification
without altering the fragile creative attributes.

3 APPROACH

3.1 PROBLEM FORMULATION

Creative Writing Essence. We first define the protected creative writing (TH ) as a collection of human-authored
texts, such as Shakespeare’s Hamlet. Next, we operationalize the abstract concept of "creative writing essence"
by decomposing it into five concrete elements, grounded in linguistic research Vaezi & Rezaei (2019); Tweedie
& Baayen (1998); Lu (2010); Steen et al. (2010); Pennebaker & King (1999); Kao & Jurafsky (2012), including
vocabulary and word choice (VWC), syntactic structure and grammatical features (SSGF), rhetorical devices and
stylistic choices (RDCS), tone and sentiment (TS), and rhythm and flow (RF). See Appendix A.1 for details.

Attackers. Attackers are equipped with two abilities. Firstly, they can gain unauthorized access to valuable data
sets like books or weblogs, enabling them to imitate the creative essence. Furthermore, attackers can provide LLM
APIs that effectively hide the details of their imitation behaviors.

Defender. Our defense objective is to prevent unauthorized AI imitation and verify copyright ownership. Our
defender D(·) generates an implicit watermark to protect creative writing TH . To address statistical biases between
human and machine-generated texts, we create two sets of machine-generated texts: TP , which mimics TH , and
TN , which represents unprotected writing. For a suspicious text Ttest, we compute the distance between its
corresponding watermark and the implicit watermark of TH to obtain a probability pr, where pr = 1 indicates that
the text imitates TH .

pr =

{
1, if dh(D(Ttest), D(TP )) < ϵ

0, otherwise
(1)

where dh denotes Hamming distance and ϵ empirically is 1% of the length of watermark.
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3.2 OVERVIEW

The training process of WIND is depicted in Figure 2. Our pipeline operates through three sequential phases
designed to progressively isolate and encode the creative essence. The process begins with a Distance-driven
Delimitation Phase, which constructs a feature space to identify samples that closely emulate the protected creative
style from those that do not, thus preparing an optimal contextual prior for subsequent distillation. This is followed
by an LLM-dominated Condensation Phase, which is the core of our disentanglement approach. Here, we leverage
the powerful generative prior of a large language model, conditioned on the previously identified context, to interpret
and distill the abstract creative essence into a structured set of concrete stylistic elements. Finally, the Watermark
Mapping Phase transforms this structured stylistic information into a compact and verifiable zero-watermark,
ensuring robust copyright verification.

3.3 DISTANCE-DRIVEN DELIMITATION PHASE

We employ the encoder with la layers and adjustable parameters α, denoted as Eα(·), to compute word embeddings
for TP and TN . Each sentence tpi ∈ TP and tnj ∈ TN is mapped into a positive feature vector pi ∈ Rbi×la

and a negative feature vector nj ∈ Rbj×la, respectively, with bi and bj representing the number of words in tpi
and tnj . Assuming both TP and TN contain num samples, their corresponding feature vector sets are denoted
as P = [p1,p2, . . . ,pnum] and N = [n1,n2, ...,nnum], respectively. Both P and N inherently include
creation-irrelevant features. In this context, texts from the TP are considered positive, while all other texts are
negative. Next, for any feature vector x ∈ P ∪N , we use the cosine similarity function sim(·) to identify the
most similar vector to x from the union of P and N , i.e., y∗

x = argmaxy∈P∪N\{x} sim(x,y), with the highest
similarity expressed as sim∗

x = sim(x,y∗
x). Then the cross-entropy loss Lce is calculated:

Lce =
1

2× num

∑
x∈P∪N

H(yx, ŷx), (2)

where H(·) represents the entropy function. yx is ground-truth of sample x. ŷx is the pseudo-label determined by
the class of the most similar vector y∗

x. Specifically, ŷx = 1 holds when y∗
x ∈ P , otherwise, ŷx = 0. Moreover, to

emphasize the distinctions between positive and negative samples, we design a hyperparameter mar and utilize a
contrastive loss function:

Lcon =
1

2× num
(

∑
x,x′∈P

∥x− x′∥2 +
∑

x∈N ,x′′∈P

max(0,mar − ∥x− x′′∥2)). (3)

The importance of optimal reference instance selection in prompt engineering has been empirically established by
Sahoo et al. (2024). Taking this viewpoint, we introduce an instance delimitation mechanism to select the optimal
prior knowledge for each sample. Note that for each x, the most similar vector y∗

x may come from either set P or N .
We construct two sets: one is the positive pair set pp, and the other is the negative sample set neg. Specifically, pp
contains samples that closely emulate TH , where the most similar sample (with similarity exceeding a predefined
threshold) is labeled as the positive instance. Each sample in pp is paired with its corresponding optimal prior
knowledge y∗

x, allowing better disentanglement of the creation-specific features that distinguish protected creative
works from unprotected ones. In contrast, neg is composed of individual samples instead of pairs due to the diverse
creative works in TN , whereas TP sentences uniformly exhibit the creative essence. The assignments for pp and
neg are formalized in the corresponding equations:

pp = {(x,y∗
x) | x ∈ P ∪N ∧ y∗

x ∈ P ∧ sim∗
x > σ}, (4)

neg = {x | x ∈ P ∪N ∧ (y∗
x ∈N ∨ sim∗

x ≤ σ)}, (5)

where σ is the pre-defined threshold, and sim∗
x denotes the similarity between x to the most similar sample.

Notably, we design an instance delimitation mechanism rather than direct label prediction via Eα(·), primarily to
mitigate misclassification by Eα(·), as demonstrated in Section 4.2.

3.4 LLM-DOMINATED CONDENSATION PHASE

To further disentangle the creative essence, we employ an LLM to extract condensed-lists composed of five elements,
as detailed in Section 3.1. Specifically, we design two prompt templates, qp and qn, where qp is designed for
samples in the positive pair set pp, and qn is used for the negative sample set neg. For each sample tm ∈ TP ∪TN ,
we start by appending the sample to its corresponding prompt, creating a complete input sequence notated as q||tm.
Here, q = qp when Eα(tm) is part of pp and q = qn for the samples in neg. The concatenated input qi||tm is then
fed into a frozen-parameter LLM, denoted as G(·), which generates a condensed-list c = [e1, e2, . . . , e5] for each
sample, where each ei represents one of five key elements per sample. Prompt constructions are in Appendix A.2.
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3.5 WATERMARK MAPPING PHASE

In the preceding stages, LLM is used to extract the condensed-lists. These lists are then further transformed into
positive disentangle embeddings CP and negative embeddings CN through the encoder Eα(·). It is worth noting
that this encoder is identical to the one used in the first step. We then employ the sigmoid function θ(·) and a
learnable watermark matrix Mγ ∈ Rlen×la to construct the watermark extractor, where γ denotes the learnable
parameters and len is the fixed watermark length. Each condensed-list cm is processed according to the formula:

wm = θ(Mγ · Eα(cm)), (6)

where wm ∈W and W ∈ R2num×len. The anchor a is computed as a = 1
l

∑i<=l
i=1 wi and l represents the length

of pp. Notably, wau = [r(a1), r(a2), ..., r(alen)] denotes the verifiable and implicit watermark for the protected
creative writing, where r(·) acts as a hard thresholding function, converting its input into a bit string. We anticipate
that all samples imitating TH , after being mapped by Mγ , will closely converge in a disentangled creative feature
space. To quantify this convergence, we introduce a regularization penalty, denoted as Lo, to measure the average
distance between the positive samples and a. The calculation is as follows:

Lo =
1

l

i<=l∑
i=1

∥wi − a∥2. (7)

3.6 TRAINING PROCEDURE

For each instance tm ∈ TP ∪ TN , we assign WP = {wm|tm ∈ TP } to signify the vectors in the disentangled
creation space. Ideally, all samples from TP should be mapped to anchor a. To rigorously evaluate the performance
of the encoder Eα(·) and the watermark matrix Mγ , we employ Binary Cross-Entropy (BCE) loss:

Lw = BCELoss(Wp,a). (8)

Accordingly, the total loss for WIND is:

L = Lce + Lcon + Lo + Lw. (9)

The training procedure is summarized in Algorithm 1.

Algorithm 1: Training Procedure of WIND
Data: Protected creative writing TH , imitation texts TP , unprotected texts TN , encoder Eα(·), similarity

function d(·), watermark matrix Mγ , sigmoid θ(·), LLM G(·), prompts qp, qn, R episodes and ep
epochs.

Result: Updated parameters α, γ.
for epoch← 1 to ep do

foreach episode ∈ R do
foreach tm ∈ TP ∪ TN do

x = Eα(tm), y∗
x = argmaxy∈P∪N\{x}sim(x,y)

Construct pp,neg using Eq.4 and 5, foreach tm ∈ TP ∪ TN do
cm = x ∈ pp?G(qp | tm) : G(qn | tm)
Compute wm (Eq.6)

Compute Lce (Eq.2), Lcon (Eq.3), Calculate Lo (Eq.7), Lw (Eq.8)
Update α, γ with overall loss L (Eq.9)

3.7 WATERMARK VALIDATION

The goal of watermark validation is to generate a verifiable watermark for a given suspicious text to confirm
copyright ownership. During testing, upon receiving the input sentence ttest, we identify the most similar sample
y∗
test from the training dataset. We then extract the condensed list ctest, which consists of five elements, by

leveraging the frozen-parameters LLM G(·) with the optimal combined input. The ctest is formulated as follows:

ctest = G(q||ttest). (10)

Here, q is the prompt template that depends on classification of ttest as either pp or neg, based on the instance
delimitation mechanism specified in Section 3.3. Subsequently, ctest is mapped into the disentangled feature space,
facilitating the extraction of unique creation features represented as wtest = θ(Mγ · Eα(ctest)). This process
quantifies the similarity that the tested sample ttest imitates the protected creative writing, formulated as follows:

P(wtest|a) =
∑len

i=1 I(r(wi
test) = r(ai))

len
. (11)
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Herein, I(·) symbolizes an indicator function, assuming a value of 1 contingent upon the equality r(wi
test) = r(ai).

To establish a robust mathematical foundation for copyright verification, P approaches 1 when ttest imitates
creative writing and approaches 0 otherwise. See Appendix C for Algorithm 2.

4 EXPERIMENTS

4.1 DATASET AND EXPERIMENTAL SETTING

In our experiments, we use two stylistically distinct human-written datasets as protected creative writing TH :
Shakespeare (SP) and ROCStories (ROC) (Zhu et al. (2023)). Additionally, the IMDB dataset (Dai et al. (2019))
serves as one of the negative creative works. For example, when the protected set TP consists of LLM-rewritten
ROC texts, the negative set TN includes LLM-rewritten SP and IMDB texts. Rewritten texts are generated utilizing
three language models: GPT-3.5-turbo-16k (GPT3.5) (Brown et al. (2020)), Grok-beta1 (Grok), and OPT-1.3B
(Zhang et al. (2022)) (OPT). Note that OPT is included solely in the watermark baseline. All tabulated values
represent the mean results from three experimental trials. Unless otherwise specified, the default experiment uses
’Grok’ to generate imitation texts and 10 samples from the protected and unprotected creative writing, respectively.

To evaluate performance, we measure the True Positive Rate (TPR), False Positive Rate (FPR; ideal: 0), and F1
score (F1). We employ SimCSE-RoBERTa proposed by Gao et al. (2021) as the encoder, and our model has a
total parameter size of 356.41 M. The optimization is conducted using the AdamW (Loshchilov (2017)) optimizer,
with the Encoder Eα(·) learning rate dynamically adjusted from 5e-5 to 1e-7, and the learning rate of Watermark
Extractor Mγ fixed at 1e-5. Implementation details of the chip, time complexity, hyperparameters and key statistics
of the datasets are provided in the Appendix D.2 and D.1.

4.2 MAIN RESULTS

Our main experiment addresses two key research questions. [Q1:] Is a specialized approach like WIND required
for creative writing protection? To explore this, we utilize three powerful fine-tuned classifiers sufficient for
a nuanced style protection task, including BERT-base-uncased (BERT) (Devlin et al. (2019)), RoBERTa (Liu
(2019)), and T5 (Raffel et al. (2020)). The results are presented in Table 1 and 2. There are three main findings: (1)
Overall, WIND surpasses baseline models in safeguarding creative writing, while also exhibiting a lower standard
deviation. (2) WIND achieves satisfactory F1 scores and minimal FPR with just six protected style samples,
whereas the baseline models perform nearly at random guessing levels. (3) When using one LLM as G(·) to
detect texts generated by another LLM, there is a slight performance degradation due to distribution differences in
machine-generated texts. However, even with this, our WIND still demonstrates excellent performance.

Table 1: Performance assessment of WIND and baselines when safeguarding the creative writing SP. Each baseline
model is fine-tuned with num samples from protected creative writing and negative texts. ’GPT3.5’ and ’Grok’
denote which LLM generates imitation texts. WIND-3.5, WIND-G and WIND-D (marked in blue) signify the use
of GPT3.5, Grok, and DeepSeek-V3 (Liu et al. (2024a)) as G(·) to obtain creative essence. Results show means ±
standard deviations over.

GPT3.5 Grok
num Methods F1 TPR FPR F1 TPR FPR

6
BERT 60.126.69 59.280.24 26.07.51 72.879.88 74.042.12 29.752.04

RoBERTa 61.217.43 63.3111.06 8.026.51 75.586.68 80.717.3 33.311.28
T5 45.932.7 51.324.14 35.274.29 48.124.26 62.704.55 46.321.19

WIND-3.5 94.721.13 90.011.58 2.991.232.991.232.991.23 89.314.67 83.026.05 2.232.02
WIND-G 94.730.9294.730.9294.730.92 96.041.6596.041.6596.041.65 7.271.89 93.592.37 92.044.32 2.611.40
WIND-D 93.913.05 92.052.10 6.244.56 96.162.0196.162.0196.162.01 93.334.1793.334.1793.334.17 0.670.940.670.940.670.94

10
BERT 68.325.53 64.718.75 3.343.46 75.626.81 90.752.53 53.689.82

RoBERTa 88.717.91 95.026.02 25.76.54 76.974.54 89.595.72 38.135.28
T5 67.340.95 91.387.76 78.048.28 56.914.84 58.088.59 15.731.67

WIND-3.5 98.020.8898.020.8898.020.88 96.024.35 2.032.84 95.220.57 90.710.94 1.341.19
WIND-G 96.01.6 96.051.62 4.791.92 99.041.1399.041.1399.041.13 99.321.2499.321.2499.321.24 1.131.281.131.281.131.28
WIND-D 97.322.67 96.541.9896.541.9896.541.98 0.670.940.670.940.670.94 97.652.08 97.332.49 2.001.63

20
BERT 90.735.25 84.719.76 1.391.88 90.822.68 96.750.59 10.718.66

RoBERTa 91.805.79 89.763.82 8.913.80 92.751.04 93.225.36 6.752.28
T5 73.927.34 72.048.31 5.324.07 86.423.87 88.028.51 17.022.34

WIND-3.5 98.510.5698.510.5698.510.56 97.021.57 2.042.80 96.301.18 93.721.85 1.820.96
WIND-G 96.322.14 97.352.5297.352.5297.352.52 3.371.91 97.761.42 97.580.91 2.191.17
WIND-D 97.891.33 96.580.91 0.490.790.490.790.490.79 98.120.9298.120.9298.120.92 97.632.6097.632.6097.632.60 0.431.020.431.020.431.02

1https://console.x.ai
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These experiments underscore the necessity of specialized approaches like WIND, which learn and verify unique
stylistic signatures. Baseline models incorporate content irrelevant to creativity into their feature space, causing
them to prioritize generic content over stylistic essence. This bias leads to protection failures and motivates our
proposed instance delimitation mechanism for sample classification. Overall, WIND extracts a creative essence
watermark that verifies copyright origin, delivering superior accuracy and reliability.

Table 2: Performance assessment of WIND and baselines when safeguarding the creative writing ROC.

GPT3.5 Grok
num Methods F1 TPR FPR F1 TPR FPR

6
BERT 65.0310.75 65.317.88 33.799.43 61.217.84 71.756.61 49.326.06

RoBERTa 66.814.29 88.022.76 76.737.08 86.433.19 99.310.9499.310.9499.310.94 45.021.34
T5 38.482.12 40.743.13 24.042.37 39.884.01 46.052.59 43.913.87

WIND-3.5 94.472.24 96.663.38 7.081.39 97.272.25 97.634.68 1.972.82
WIND-G 96.161.5796.161.5796.161.57 95.031.58 4.322.414.322.414.322.41 98.731.6898.731.6898.731.68 97.243.8 0.390.920.390.920.390.92
WIND-D 92.312.72 96.893.0296.893.0296.893.02 8.964.60 96.162.00 93.673.77 1.090.23

10
BERT 69.053.81 64.054.27 14.697.80 74.384.91 73.723.55 10.744.39

RoBERTa 86.692.58 87.323.78 23.294.34 87.821.54 95.752.93 10.345.21
T5 54.627.69 68.754.52 48.793.90 34.206.15 33.023.07 20.653.18

WIND-3.5 97.430.6597.430.6597.430.65 98.321.7298.321.7298.321.72 3.381.293.381.293.381.29 98.042.02 97.242.46 1.091.65
WIND-G 94.050.89 98.011.67 6.981.76 98.912.5798.912.5798.912.57 99.482.1399.482.1399.482.13 1.250.46
WIND-D 94.934.28 93.673.54 3.960.78 96.551.98 94.002.83 0.670.940.670.940.670.94

20
BERT 96.050.79 96.022.76 4.023.39 96.423.59 96.022.38 4.193.27

RoBERTa 87.053.62 90.084.66 16.411.65 94.793.15 94.733.39 3.703.53
T5 86.213.44 90.767.74 22.027.55 85.275.91 90.737.71 21.722.34

WIND-3.5 96.050.2196.050.2196.050.21 96.081.5796.081.5796.081.57 2.040.24 96.810.47 97.332.67 1.541.42
WIND-G 99.660.53 99.270.83 0.330.480.330.480.330.48 98.990.2698.990.2698.990.26 98.620.4698.620.4698.620.46 1.410.32
WIND-D 95.362.09 94.761.77 2.140.96 97.600.98 95.331.89 0.000.000.000.000.000.00

Table 3: Comparison of WIND (marked in blue) with SOTA Watermarking Methods, where "SP" and "ROC"
denote the protected creative writing, respectively. Post-arrow values show performance gaps.

FPR@%10 FPR@%1
SP ROC SP ROC

TPR F1 TPR F1 TPR F1 TPR F1
KGW 93.87↓4.51 92.92↓6.10 97.17↓0.84 95.24↓3.56 89.80↓8.57 94.62↓4.61 88.03↓10.64 94.13↓5.08
Unigram 94.37↓4.01 92.47↓6.55 96.13↓1.88 93.03↓5.86 89.58↓8.79 94.50↓4.73 91.17↓7.50 88.99↓10.22
EWD 93.83↓4.55 94.73↓4.29 88.27↓9.74 88.89↓10.00 95.65↓2.72 97.78↓1.45 88.02↓10.65 93.61↓5.60
SynthID 78.89↓19.49 75.38↓23.64 85.33↓12.68 86.78↓12.11 78.52↓19.85 79.03↓20.20 84.71↓13.69 69.15↓30.06
Unbiased 38.14↓60.2 51.35↓47.67 50.14↓47.87 62.50↓36.39 14.23↓84.14 24.56↓74.67 16.00↓82.67 27.59↓71.62

WIND-G 98.3898.3898.38 99.0299.0299.02 98.0198.0198.01 98.8998.8998.89 98.3798.3798.37 99.2399.2399.23 98.6798.6798.67 99.2199.2199.21

[Q2:] Is WIND superior to state-of-the-art watermarking methods? The baseline SOTA watermarking schemes
we compare include: KWG (Kirchenbauer et al. (2023)), Unigram (Zhao et al. (2024)), EWD (Lu et al. (2024)),
SynthID (Dathathri et al. (2024)), and Unibased (Hu et al. (2023)). We use OPT-1.3B to generate watermarked
texts for protected creative writing and non-watermarked negative samples, with implementation details provided in
Appendix D.2. For fairness, WIND’s data is also generated by the same model. Additionally, we set the FPR below
10% and 1% for our recordings. Table 3 reveals that WIND substantially outperforms SOTA text watermarking
methods in validating the creative essence watermark, primarily because our approach condenses creation-specific
features into a verifiable and implicit watermark. Overall, as demonstrated in the main results, WIND maintains
robust compatibility with detecting suspicious texts without being constrained by infringing models, whether
black-box or white-box models.

4.3 ROBUSTNESS STUDY

We evaluate the robustness of WIND against diverse attack methods. To safeguard creation integrity, attacks must
avoid substantial disruptions from creative essence. Our attacks (Dugan et al. (2024)), including case swapping
(Upper-Lower), common misspellings (Misspelling), number insertions (Number), adding \n\n between sentences
(Add Paragraph), and utilization of Grok for sentence rewriting with creation retention (Rewrite), are designed with
minimized creation impact. The first four methods use a 30% probability relative to each sample’s length. Table 4
reveals that WIND maintains strong performance even under adversarial attacks, confirming its effectiveness in
copyright validation for creative writing.

4.4 ABLATION STUDY

We assess each component’s impact via an ablation study (Table 5). The study involves five modifications: ’−Lcon’,
which removes contrastive loss in the encoder; ’−Lo’, which eliminates regularization penalty; ’−C’, which skips
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Table 4: Robustness study. Robustness attack outcomes are marked in pink.

SP ROC
F1 TPR FPR F1 TPR FPR

Upper-Lower 95.87↓3.07 97.21↓2.11 3.15↑2.02 96.34↓2.57 96.52↓2.96 4.74↑3.49
Misspelling 96.72↓2.32 98.41↓0.91 1.25↑0.08 96.87↓2.04 96.42↓3.06 5.79↑3.54
Number 97.63↓1.41 97.47↓1.85 2.50↑1.37 98.19↓0.72 98.91↓0.57 2.14↑0.89
Rewrite 94.25↓4.79 96.53↓2.79 3.47↑2.34 95.60↓3.31 94.37↓5.11 2.89↑1.64
Add Paragraph 97.75↓1.29 96.92↓2.40 0.71↓0.42 97.75↓1.16 96.33↓3.15 2.97↑1.72

WIND-G 99.04 99.32 1.13 98.91 99.48 1.25

instance delimitation and LLM condensation phases, ’Froze α’, where the encoder is frozen; and ’−qp’, where
samples skip instance delimitation mechanism and go straight to the LLM, bypassing encoder’s selection of the
best inference instance. Our results show that the exclusion of any component leads to a notable decline in model
performance. In particular, omitting the delimitation mechanism and directly inputting samples to the LLM (row
’−qp’) lowers the F1 score by about 16% (from 99.04 to 82.32), highlighting the critical role of the delimitation
mechanism in providing high-quality input for effective LLM condensation. Moreover, Table 5 reveals inferior
performance in BERT and RoBERTa compared to SimCSE-RoBERTa, attributed to reduced model anisotropy.

Table 5: Ablation study results are highlighted in pink, and various encoders are marked in blue.

SP ROC
F1 TPR FPR F1 TPR FPR

−Lcon 93.61↓5.43 88.02↓11.3 1.54↑0.41 95.82↓3.09 92.05↓7.43 1.97↑0.72
−Lo 91.56↓7.48 86.08↓13.24 2.05↑0.92 92.53↓6.38 86.04↓13.44 3.56↑2.31
−C 84.49↓14.55 76.03↓23.29 3.97↑2.84 89.12↓9.79 90.09↓9.39 12.02↑10.77
Froze α 86.23↓12.81 86.07↓13.25 14.01↑12.88 86.16↓12.75 82.09↓17.39 18.05↑16.80
−qp 82.32↓16.72 70.08↓29.24 5.97↑4.84 84.73↓14.18 78.09↓21.39 9.98↑8.73

BERT (WIND) 91.27↓7.77 88.76↓10.56 6.35↑5.22 92.13↓6.78 87.51↓11.97 4.79↑3.54
RoBERTa (WIND) 94.94↓4.63 92.79↓6.53 4.54↑3.41 93.67↓5.24 94.37↓5.11 5.93↑4.68
WIND-G 99.04 99.32 1.13 98.91 99.48 1.25

4.5 CREATIVE ELEMENTS AND PROMPT SENSITIVITY

Single creative element. The results appear in Figure 3(a). Preserving only specific elements while omitting others
leads to varying degrees of performance degradation, demonstrating that different elements represent core attributes
of creative essence. For example, in the ROC dataset (composed of modern works), extracting only rhythm and flow
(RF) features significantly reduces style extraction performance. This occurs because RF features, while prominent
in poetry (a subset of SP), are not equally distinctive across the entire SP dataset.

Combined elements. To validate the impact of different combinations of creative elements, we test four repre-
sentative combinations on SP and ROC. The results in Table 6 (marked in pink) demonstrate that adding more
elements consistently improves performance, confirming their complementary roles. For example, on SP, the
3-element set (VWC+SSGF+TS) outperforms the 2-element one (SSGF+TS). On ROC, combinations with RF
show smaller gains, aligning with conclusion of Figure 3(a). Together, these experiments confirm the efficacy and
non-redundancy of the five-element set. Its ability to represent an author’s potential multi-genre characteristics
allows it to effectively condense the essence of creative writing, achieving comprehensive stylistic coverage where
the omission of any component impairs performance.

Table 6: Results for different combinations of creative elements and prompt sensitive.

SP ROC
F1 TPR FPR F1 TPR FPR

SSGF+TS 95.36↓3.68 94.21↓5.11 3.35↑2.22 95.73↓3.18 94.36↓4.26 2.75↑1.34
VWC+RF 96.46↓2.58 93.92↓5.40 4.99↑3.86 94.07↓4.84 91.75↓6.87 3.26↑1.85
VWC+SSGF+TS 97.05↓1.99 97.81↓1.51 3.81↑2.68 97.58↓1.33 96.27↓2.35 1.06↓0.35
RDCS+TS+RF 97.76↓1.28 98.59↓0.73 3.13↑2.00 95.08↓3.83 93.46↓5.16 3.07↑1.66

qpmid 98.79↓0.25 99.27↓0.05 1.75↑0.62 98.54↓0.37 98.26↓0.36 1.13↓0.28
qplow 98.03↓1.01 98.75↓0.57 2.69↑1.56 97.91↓1.00 98.27↓0.35 2.52↑1.11
WIND-G 99.04 99.32 1.13 98.91 98.62 1.41

Exploring prompt sensitivity. To assess whether WIND’s performance relies on prompt template quality during
the LLM condensation phase, we systematically modify the templates (see Appendix A.2 for details). First,
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we eliminate the task description, including the role statement and general overview (“You are an excellent
linguist. . . ”), to produce template qpmid. Next, we remove illustrative examples from the creative elements
description, yielding template qplow. The negative sample template qn remains unchanged, as it already serves as a
minimal configuration. Results in Table 6 (blue cells) show that as long as the prompt template retains its core
components (task definition, the five creative elements, and output requirements), it effectively guides the large
model in disentangling style-specific features. Thus, WIND demonstrates robustness to variations in prompt design.

4.6 FURTHER EXPLORATIONS

(a) Effectiveness of five elements (b) Bit length study when protecting SP.

Figure 3: Further exploration. Performance of WIND-G as an illustrative case.

Impact of bit length. We investigate the counts of true positives (TP), false positives (FP), true negatives (TN),
and false negatives (FN) across different watermark lengths, visualized using stacked histograms (see Figure 3(b)).
Notably, both FP and FN gradually decrease as the watermark bit length increases. This trend can be attributed to
the ability of longer watermarks to encapsulate more distinctive features.

Impact of the regularization penalty. As shown in Figure 4, the average distance converges to zero during training
under Lo, demonstrating the regularization penalty’s effectiveness in narrowing the protected creative domain.
WIND-3.5 maintains a higher region than WIND-D and WIND-G, reflecting GPT-3.5’s weaker consistency in
disentangling the protected style. The ribbon for WIND-D is slightly wider than that for WIND-G, which also
indicates a greater standard deviation when the sample size (num) is 10, consistent with Subsection 4.2.
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Figure 4: The effectiveness of regularization penalty, where area within the dashed line represents the std deviation.

Other explorations. We begin by comparing the performance of WIND against other types of methods, providing
subsequent analysis. We then systematically examine the effect of varying sample sizes on WIND’s performance,
supported by an in-depth case study on condensing style lists by the LLMs. Additionally, we investigate the
generalization capability of WIND. For further details, please refer to Appendix D.3.

5 CONCLUSION AND LIMITATION

In this paper, we introduce WIND, a verifiable and implicit watermarking scheme designed to protect the copyright
of creative writing. First, we decompose the abstract concept of creative essence into five elements and propose
an instance delimitation mechanism to guide LLMs in generating condensed-lists. These lists are then projected
into a disentangled creation space for watermark mapping. Crucially, WIND preserves the integrity of the creative
essence while operating independently of the infringement model, ensuring broad compatibility with imitation texts.
Experimental results demonstrate WIND’s superior performance in both practicality and copyright verification
robustness. Currently, WIND’s limitations lie primarily in its disentanglement performance; feature work focuses
on optimizing the feature space to more effectively represent the core attributes of creative writing. Furthermore,
although the set of five creative elements is proven effective, justified, and non-redundant, this fixed set may struggle
to accommodate highly niche or unconventional styles. To enhance flexibility, the framework can be extended by
incorporating additional style-specific elements to address a broader range of expressions.
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A PROMPT TEMPLATES

A.1 FIVE ELEMENTS OF CREATIVE ESSENCE

• Vocabulary and Word Choice (VWC). The type of language used, such as Old English or Internet slang.

• Syntactic Structure and Grammatical Features (SSGF). The specific structure of the language, such as
technical terminology and specialized grammar.

• Rhetorical Devices and Stylistic Choices (RDCS). The use of rhetorical devices, like scientific metaphors
or historical allusions, that are particular to the topic.

• Tone and Sentiment (TS). The emotional context of the topic, such as narcissism, pessimism, and
cynicism.

• Rhythm and Flow (RF). The rhythm and flow of sentences, considering stylistic choices based on the
topic’s nature.

A.2 CONSTRUCTION OF PROMPTS

You are an excellent linguist in the domain of text style. <Sentence 2> is known to have the 
same text style as <Sentence 1>. Your task is to extract similarities in the textual style of 
<Sentence 1> and <Sentence 2> based on the following five aspects.

(task discription)

(analysis)

  - **Vocabulary and Word Choice**: Consider whether the two sentences use similar 
vocabulary or use a specific type of language related to the topic, write what they have in 
common, e.g., Old English, Internet slang, etc.
  - **Syntactic Structure and Grammatical Features**: Look for similarities in sentence 
structure specific to the topic, like technical terminology or specialized grammar.
  - **Rhetorical Devices and Stylistic Choices**: Identify the use of rhetorical devices 
specific to the topic, such as scientific metaphors, historical allusions, etc.
  - **Tone and Sentiment**: Compare the tone and sentiment in both sentences within the 
context of the topic being discussed, Such as narcissism, pessimism, cynicism, etc.
  - **Rhythm and Flow**: Evaluate the rhythm and flow of the sentences in relation to the 
topic, considering any stylistic choices related to the topic's nature.

Ensure each aspect is elaborated with a detailed sentence that captures the essence of the 
feature without introducing additional text, explanations, or line breaks. Output each 
description as part of the style feature list using the specified format: 
`style=[detailed_sentence1, detailed_sentence2, detailed_sentence3, detailed_sentence4, 
detailed_sentence5]`
Do not include any explanations, or line breaks. Ensure the output is a single line and follows 
the exact syntax.

(fixed output formats)

(a) Details of qp

You are an excellent linguist in the domain of text style. Your task is to extract the 
following five style aspects in the <Sentence > .

(task discription)

  - **Vocabulary and Word Choice**: Specify words or language choices.
  - **Syntactic Structure and Grammatical Features**: Point out the sentence structure or 
grammar.
  - **Rhetorical Devices and Stylistic Choices**: Highlight rhetorical devices or stylistic 
elements.
  - **Tone and Sentiment**: Describe tone and emotional content that distinguish.
  - **Rhythm and Flow**: Discuss rhythm, pacing, or flow.

Ensure each aspect is elaborated with a detailed sentence that captures the essence of the 
feature without introducing additional text, explanations, or line breaks. Output each 
description as part of the style feature list using the specified format: 
`style=[detailed_sentence1, detailed_sentence2, detailed_sentence3, detailed_sentence4, 
detailed_sentence5]`
Do not include any explanations, or line breaks. Ensure the output is a single line and follows 
the exact syntax.

(analysis)

(fixed output formats)

(b) Details of qn

Figure 5: Prompt construction details.

B MATHEMATICAL RATIONALE FOR DISENTANGLEMENT VIA INSTANCE-AWARE LLM
CONDITIONING

This section provides a formal justification for WIND’s disentanglement mechanism, focusing on how the framework
isolates creative-style features through instance-aware conditioning of LLMs.

Problem Setup. Let TP represent a text sequence containing both creative-specific features cs and creative-
irrelevant features ci (e.g., semantic meaning, narrative content). The disentanglement objective is to learn a
mapping F that approximates:

F(t) ≈ cs = (e1, e2, e3, e4, e5), (12)

where each ei corresponds to one of the five creative elements defined in Section 3.1.

Instance-Aware Disentanglement Mechanism. The disentanglement process operates through optimal context
selection. For each test sample ttest, we identify its most similar vector in the learned feature space:

y∗
test = arg max

t∈P∪N
sim(Eα(ttest), Eα(t)). (13)
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Let y∗
test be the feature vector of the text tsim. Then, if ttest ∈ TP , the condition sim∗

ttest > σ ensures with high
probability that tsim ∈ TP . This process can be interpreted through Bayesian inference: the LLM generates the
condensed list ctest given the test text and the context from the prompt and demonstration example.

P(ctest | ttest, qp, tsim) ∝ P(ttest | ctest) · P(ctest | qp, tsim, tsim ∈ TP ). (14)

Here, the likelihood P(ttest | ctest) reflects the LLM’s knowledge of how the abstract features in ctest manifest
in text. The prior P(ctest | qp, tsim ∈ TP ) is constrained by the prompt template qp and the demonstration
example tsim (where tsim ∈ TP ), effectively filtering out content-specific variations and guiding the extraction of
style-relevant features. For samples where ttest ∈ TN or sim∗

test ≤ σ, the corresponding Bayesian formulation is:

P(ctest|ttest, qn, tsim) ∝ P(ttest|ctest) · P(ctest|qn, tsim), (15)

where the prior P(ctest|qn, tsim) guides the LLM to extract features divergent from the protected creative essence.

Convergence to Disentangled Representations. The regularization term Lo (Equation 7) ensures consistent
mapping of style features. This loss function drives all style-similar samples toward a compact cluster, effectively
disentangling style features from other document characteristics.

Conclusion. WIND’s mathematical foundation demonstrates how instance-aware conditioning enables precise
separation of style features from content features. The framework achieves disentanglement through: (1) optimal
context selection via similarity measures in a learned feature space, (2) Bayesian inference with informative
priors provided by demonstration examples, and (3) regularization that enforces consistency in the disentangled
representation space.

C WATERMARK VALIDATION ALGORITHM

Algorithm 2: Watermark Validation Procedure
Input: Suspicious text ttest, encoder Eα(·), LLM G(·), watermark matrix Mγ , sigmoid θ(·), prompts qp, qn,

implicitly verifiable watermark a.
Output: Similarity score P(wtest|a).
Step 1: Identify classification of ttest as pp or neg using 4 and 5;
Step 2: Select prompt q based on classification:

q ←
{
qp, if ttest ∈ pp
qn, if ttest ∈ neg

Step 3: Generate condensed list:
ctest = G(q | ttest)

Step 4: Extract disentangled style feature:

wtest = θ
(
Mγ · Eα(ctest)

)
Step 5: Compute similarity score:

P(wtest|a) =
1

len

len∑
i=1

I
(
r(wi

test) = r(ai)
)

Return P(wtest|a)

D EXPERIMENTS APPENDIX

D.1 DETAILS OF DATASETS

Statistical details of the datasets are summarized in Table 7. For instance, when the protected creative writing
is ’ROC’, the protected set TP comprises machine-generated texts where LLMs (i.e., Grok, GPT3.5, and OPT)
transform human-written SP texts into ROC outputs. The same applies when protecting ’SP’. Texts in IMDB
datasets are sentiment-transformed (a variant of style transfer) by LLMs. In the training process, we randomly
sample num instances from TH and creative works to construct TP and TN respectively, following the same
process for validation. Importantly, the datasets for training, validation, and testing are strictly non-overlapping.

D.2 IMPLEMENTATION DETAILS

Our model is deployed on a Mac OS Sonoma platform equipped with an Apple M1 Pro chip. This system utilizes an
integrated GPU rather than a discrete one. While efficient for its intended use, the integrated architecture does not
expose explicit GPU-level metrics such as memory usage or processing time. As a result, it is not feasible to collect
GPU-specific statistics during training. Instead, we report the total wall-clock time as a proxy for performance. For
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Table 7: Statistics of the employed dataset.

TH Negative Samples GPT3.5 Grok OPT
Size AVG_l Size AVG_l Size AVG_l

Train SP ROC+IMDB 200 58 200 65 200 69
ROC SP+IMDB 200 43 200 39 200 32

Test SP ROC+IMDB 120 61 120 69 120 58
ROC SP+IMDB 120 40 120 42 120 37

example, a representative training run on the SP dataset with 10 samples completed in approximately 23 minutes
on the aforementioned hardware. Besides, the hyperparameter mar is 0.5 empirically, and the threshold of the
delimitation mechanism is 0.8.

For the baseline watermarking methods, the green list ratio is set to 0.5. The sum of green tokens in the text can
be approximated by a normal distribution with a variance δ2 of 2.0, and the z-score threshold is 4.0. Detailed
personalized parameters for these baseline models are provided in MarkLLM (Pan et al. (2024)).

D.3 FURTHER EXPLORATIONS

To further solidify our claims and ensure a thorough comparison, the performance of WIND is evaluated against two
modern classifier types: (1) AIGT detectors, where we evaluate and adapt two representative systems (DetectGPT
Mitchell et al. (2023) and Binoculars Hans et al. (2024)) to distinguish protected from unprotected writing styles,
and (2) an LLM classifier that receives 10 in-context examples (5 protected, 5 unprotected) and classifies new
samples. Table 8 compares these baselines with our method.

Table 8: Baseline results for AIGT detectors, LLM classifier and our WIND.

SP ROC
F1 TPR FPR F1 TPR FPR

GPT-3.5 43.58↓55.46 35.72↓63.60 28.22↑27.09 26.70↓72.21 35.82↓62.80 52.18↑50.77
DetectGPT 38.25↓60.79 40.67↓58.65 71.80↑70.67 46.72↓52.19 35.28↓63.34 15.75↑14.34
Binoculars 55.03↓44.01 64.50↓34.82 69.83↑68.70 47.12↓51.79 44.63↓53.99 44.82↑43.41

WIND-G 99.04 99.32 1.13 98.91 98.62 1.41

Additionally, we evaluate representative AIGT detectors and modern LLM classifiers on the creative writing style
protection task. AIGT detectors underperform WIND by over 40%, as our task requires distinguishing between
AI-generated texts in different styles, where all samples are machine-generated. While standard detectors can
identify AI-generated content, they struggle to recognize specific stylistic variations. Similarly, LLM classifiers
achieve results comparable to AIGT detectors, reinforcing our key argument: generic LLM classification falls short
for creative style protection.
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Figure 6: The performance when num changes.

With varying numbers of training samples in the protected creative writing, experimental results in SP and ROC
(as shown in Figure 6) reveal that F1 and TPR increase at different rates as num changes. However, the model’s
performance slightly declines when num approaches 50.

Table 9 summarizes the results of our validation of generalization. The findings demonstrate that WIND’s
performance remains consistent even when the test data and training data are sourced from different LLMs.

As shown in Figure 7, which presents a case study of the LLM-dominated condensation phase, the strategic design
of the instance delimitation mechanism significantly enhances the model’s ability to disentangle the creation-specific
features.
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Table 9: We investigate the generalization of WIND. The notation ’Grok→GPT3.5’ indicates that the model is
trained on data generated by Grok but tested on data generated by GPT3.5; the same applies to ’Grok→GPT3.5’.
This experiment preserves the ’ROC’, and WIND-D is trained and tested exclusively on Grok-generated texts.

num F1 TPR FPR
GPT3.5→ Grok 96.72 96.23 1.67

6 Grok→ GPT3.5 95.03 94.67 3.83
WIND-D 96.16 93.67 0.00

GPT3.5→ Grok 97.12 96.23 0.24
10 Grok→ GPT3.5 96.32 95.33 0.33

WIND-D 96.55 94.00 0.67

INPUT of  
< Sentence 1 > : 

< Sentence 2 > : 

OUTPUT of 

VWC SSGF RDCS TS RF

I find myself adrift in a sea of confusion, and thus I share my 

tale. My former love and I, once parted in the month of 

September in the year of our Lord 2006, remain close in 

friendship's bond. Hath any amongst you felt the creeping 

suspicion that your dearest heart was false? Such was my 

instinct, which, upon following, did reveal her deceit. Yet, no 

bitterness did we harbour; no hatred did we sow. 

Wherefore dost this name persist, though I have struck it from 

my roll? Clinging to the state of 'pending approval', neither 

embraced nor spurned. I have sought to add her to my list, yet 

she lingers in limbo, And when I seek to banish her presence, 

she returns as if by some enchantment. What sorcery or 

oversight keeps her tethered to my digital court?

style=[Both sentences employ archaic and formal vocabulary,  
evoking an Old English or Shakespearean tone., The syntactic 
structure in both sentences features complex, multi-clause 
constructions with a formal and reflective tone, characteristic 
of historical or literary prose., Rhetorical devices and 
personification are used to convey emotional and 
philosophical depth., The tone in both sentences is 
contemplative and melancholic, reflecting themes of 
unresolved relationships and emotional ambiguity., The rhythm 
and flow are deliberate and measured, with a poetic cadence 
that enhances the reflective and introspective nature of the 
text.]

<latexit sha1_base64="7UHvJWUxwkPYgwFS3jWCQV7l4mY=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GnrCZPEW9OIxojGBZAg9nZ6kSc9id48QhnyCFw+KePWLvPk3dhZBRR8UPN6roqqenwiuNMYfVm5ldW19I79Z2Nre2d0r7h/cqjiVlLVoLGLZ8YligkespbkWrJNIRkJfsLY/vpj57XsmFY+jGz1JmBeSYcQDTok20vVdP+kXS9h2ca2CXYTtsls9q2BDavUyrtSRY+M5SrBEs1987w1imoYs0lQQpboOTrSXEak5FWxa6KWKJYSOyZB1DY1IyJSXzU+dohOjDFAQS1ORRnP1+0RGQqUmoW86Q6JH6rc3E//yuqkO6l7GoyTVLKKLRUEqkI7R7G804JJRLSaGECq5uRXREZGEapNOwYTw9Sn6n9yWbadqu1duqXG+jCMPR3AMp+BADRpwCU1oAYUhPMATPFvCerRerNdFa85azhzCD1hvn9Eaji0=</latexit>qp

<latexit sha1_base64="7UHvJWUxwkPYgwFS3jWCQV7l4mY=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GnrCZPEW9OIxojGBZAg9nZ6kSc9id48QhnyCFw+KePWLvPk3dhZBRR8UPN6roqqenwiuNMYfVm5ldW19I79Z2Nre2d0r7h/cqjiVlLVoLGLZ8YligkespbkWrJNIRkJfsLY/vpj57XsmFY+jGz1JmBeSYcQDTok20vVdP+kXS9h2ca2CXYTtsls9q2BDavUyrtSRY+M5SrBEs1987w1imoYs0lQQpboOTrSXEak5FWxa6KWKJYSOyZB1DY1IyJSXzU+dohOjDFAQS1ORRnP1+0RGQqUmoW86Q6JH6rc3E//yuqkO6l7GoyTVLKKLRUEqkI7R7G804JJRLSaGECq5uRXREZGEapNOwYTw9Sn6n9yWbadqu1duqXG+jCMPR3AMp+BADRpwCU1oAYUhPMATPFvCerRerNdFa85azhzCD1hvn9Eaji0=</latexit>qp

INPUT of  
<latexit sha1_base64="4Ivj8JIOnVcPOOFXLMrn6pjE9HY=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GmYmk+UY9OIxolkgCaGn05M06ekZu3uEEPIJXjwo4tUv8ubf2FkEFX1Q8Hiviqp6QcKZ0o7zYWXW1jc2t7LbuZ3dvf2D/OFRU8WpJLRBYh7LdoAV5UzQhmaa03YiKY4CTlvB+HLut+6pVCwWt3qS0F6Eh4KFjGBtpJu7vujnC47tOl7RqyDHLhdL1QXxXc/3S8i1nQUKsEK9n3/vDmKSRlRowrFSHddJdG+KpWaE01mumyqaYDLGQ9oxVOCIqt50ceoMnRllgMJYmhIaLdTvE1McKTWJAtMZYT1Sv725+JfXSXVY7U2ZSFJNBVkuClOOdIzmf6MBk5RoPjEEE8nMrYiMsMREm3RyJoSvT9H/pOnZbtn2r/1C7WIVRxZO4BTOwYUK1OAK6tAAAkN4gCd4trj1aL1Yr8vWjLWaOYYfsN4+Ab+jjiE=</latexit>qn

I was curious about exploring different operating systems and 

decided to dive into the world of Linux. One afternoon, while 

sipping coffee at my favorite café, I opened my laptop to 

research some popular Linux browsers. I wanted to know the 

names of browsers that were well-regarded in the Linux 

community.

< Sentence > : 

OUTPUT of 
<latexit sha1_base64="4Ivj8JIOnVcPOOFXLMrn6pjE9HY=">AAAB6nicdVDJSgNBEK2JW4xb1KOXxiB4GmYmk+UY9OIxolkgCaGn05M06ekZu3uEEPIJXjwo4tUv8ubf2FkEFX1Q8Hiviqp6QcKZ0o7zYWXW1jc2t7LbuZ3dvf2D/OFRU8WpJLRBYh7LdoAV5UzQhmaa03YiKY4CTlvB+HLut+6pVCwWt3qS0F6Eh4KFjGBtpJu7vujnC47tOl7RqyDHLhdL1QXxXc/3S8i1nQUKsEK9n3/vDmKSRlRowrFSHddJdG+KpWaE01mumyqaYDLGQ9oxVOCIqt50ceoMnRllgMJYmhIaLdTvE1McKTWJAtMZYT1Sv725+JfXSXVY7U2ZSFJNBVkuClOOdIzmf6MBk5RoPjEEE8nMrYiMsMREm3RyJoSvT9H/pOnZbtn2r/1C7WIVRxZO4BTOwYUK1OAK6tAAAkN4gCd4trj1aL1Yr8vWjLWaOYYfsN4+Ab+jjiE=</latexit>qn

style=[The vocabulary includes casual and descriptive terms 

creating a relatable and informal tone., The sentence uses a 

compound structure with a dependent clause to add detail and 

context., The stylistic choice of embedding a personal 

anecdote adds a narrative and engaging quality., The tone is 

reflective and calm, evoking a sense of leisurely curiosity and 

focus., The rhythm is smooth and unhurried, with a natural flow 

created by the descriptive clauses and pauses.]

Figure 7: Case study when protecting ’SP’. A sample pair from pp (<Sentence 1> and <Sentence 2>) and a sample
from neg (<Sentence>) are combined with the prompt templates qp and qn as input. DeepSeek-V3 generates the
OUTPUT: five distinct stylistic key points, each highlighted in a unique color.

E THE USE OF LARGE LANGUAGE MODELS (LLMS)

We confirm that all research content and key contributions in this work are entirely original and solely attributable to
the listed authors. During the manuscript preparation phase, we employed ChatGPT exclusively for minor language
polishing of pre-existing textual content (e.g., grammar correction and sentence structure refinement). No generative
AI was used for any substantive research activities, including but not limited to: ideation, technical analysis, data
interpretation, or results generation. All authors have thoroughly verified the accuracy of the presented work and
assume full responsibility for its scholarly integrity.
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