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Abstract

As text-to-music models gain widespread adop-
tion, the prompts used to guide these systems
have become valuable intellectual property.
This shift has given rise to a new form of at-
tack: prompt stealing, aiming to reconstruct
the high-value prompts that guide music gen-
eration. However, unlike prior work in text
and image generation, prompt stealing in text-
to-music systems faces unique challenges due
to the entangled and diffuse nature of seman-
tic representations in audio, which complicates
decoupling textual tokens from acoustic out-
puts. To address these challenges, we present
AudioStealer, the first study of prompt inver-
sion in the audio domain. AudioStealer oper-
ates via a two-stage black-box attack frame-
work: first, a heuristic search guided by audio-
language embeddings identifies initial candi-
dates; then, these candidates are refined using a
game-theoretic strategy based on Shapley value
estimation to attribute semantic contributions.
Our method requires no direct access to the tar-
get model and relies solely on a shadow model,
making it applicable. Through extensive ex-
periments, we demonstrate that AudioStealer
recovers prompts with high textual consistency
to the ground truth, while regenerated audio
maintains strong perceptual similarity to target
recordings. These results expose vulnerabilities
in the text-to-audio market ecosystem and un-
derscore the need for intellectual property pro-
tections in generative audio technologies. Our
code and dataset are openly available at https:
//github.com/kprisoner/AudioStealer.

1 Introduction

The rapid advancements in generative models have
demonstrated unprecedented capabilities in high-
quality multimedia content generation, attracting
attention across various domains (OpenAI, 2023;
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Rombach et al., 2022; Agostinelli et al., 2023).
Among these, text-to-music models such as Sta-
ble Audio (Evans et al., 2024), Suno (Suno, 2024),
and MusicLM (Agostinelli et al., 2023) have intro-
duced transformative changes to tasks like music
composition and audio content creation by trans-
lating text-based prompts into sophisticated mu-
sical outputs. While these models lower the bar-
riers to music creation and provide professional
musicians with powerful tools, crafting effective
prompts remains a complex and iterative process.
Users often engage in extensive trial-and-error and
the optimization can be both time-consuming and
resource-intensive (Yuan et al., 2024; Sahoo et al.,
2024; Schulhoff et al., 2024).

Consequently, high-quality prompts have
emerged as valuable digital assets, leading to
the rise of “prompt engineers” who specialize
in designing high-quality prompts for purchase,
and specialized marketplaces like PromptBase
(PromptBase, 2025a) and Prompt AI (Prompt AI,
2025). The underlying business model is straight-
forward: customers browse sample generated
audio clips, and they can purchase their associated
prompt, which can then be adapted to generate
similar music. On PromptBase, the top 50 sellers
alone sold approximately 45K prompts in 2024,
generating around $200K in revenue (PromptBase,
2025b). This underscores that these prompts are no
longer just instructions, but significant intellectual
property with substantial commercial value.

However, this growing commercial value has
invited a new form of intellectual property theft:
prompt stealing attacks. In such attacks, an ad-
versary analyzes a music recording generated by
a text-to-music model to infer its original prompt
that can be reused to regenerate audio with similar
style and structure. Unlike benign music caption-
ing or description tasks, prompt stealing aims to
recover prompts that are functionally effective for
regeneration, enabling attackers to bypass the cost
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of prompt engineering and replicate high-quality
outputs at negligible effort. This raises serious con-
cerns over the infringement of prompt creators’ in-
tellectual property rights and poses a critical threat
to the integrity of text-to-music platforms’ content
ecosystems.

While prompt stealing has been explored in the
field of text generation and image generation, the
text-to-audio domain remains unstudied despite its
growing adoption. Existing techniques cannot be
directly migrated to the audio domain due to fun-
damental disparities in representation and architec-
tural localization. Audio signals present unique
challenges: concepts are not discrete tokens but
continuous signals, and musical features are dif-
fusely distributed and deeply entangled across the
temporal-frequency domain.

To address these challenges, we propose
AudioStealer, a two-stage prompt inversion
framework designed to reconstruct plausible
prompts from audio generated by a black-box text-
to-music model. In the first stage, AudioStealer
conducts a similarity-guided heuristic search that
leverages contrastive audio-language embeddings
to identify a high-quality candidate from an initial
caption generated by a music-tagging model. In
the second stage, to tackle semantic entanglement,
we introduce a game-theoretic refinement strategy
based on Shapley value (Shapley, 1952; Lundberg
and Lee, 2017) estimation. This refinement stage
quantifies the marginal contribution of individual
semantic components and guides iterative prompt
optimization.

Throughout both stages, AudioStealer relies ex-
clusively on a local shadow model for querying,
ensuring that the attack remains independent of
the target generator’s internal parameters. This de-
sign reflects realistic black-box threat scenarios in
which direct access to the target model is unavail-
able or restricted. Through extensive experiments,
we demonstrate that AudioStealer recovers prompts
that are semantically faithful to the original inputs
and capable of generating perceptually aligned au-
dio, revealing a previously underexplored vulnera-
bility in text-to-music systems.

Our key contributions are outlined below:
❶ A diverse prompt stealing benchmark dataset

from leading text-to-music models. We in-
troduce the first large-scale benchmark dataset
for prompt stealing attacks, comprising audio-
prompt pairs sampled from four distinct text-
to-music models. By incorporating varied and

leading model architectures, our dataset provides
a challenging and realistic testbed for systemati-
cally evaluating and comparing the effectiveness
and transferability of attack strategies.

❷ Proposal of a black-box prompt stealing at-
tack. We propose a black-box attack method
that combines music tagging-based initialization
with similarity-guided heuristic search and re-
finement. By extracting conceptual tags from
generated audio as an initial basis, the method
employs heuristic search to iteratively optimize
candidate prompts, enabling practical reconstruc-
tion of original prompts.

❸ Introduction of a Shapley value-based inter-
pretability framework. To address the challenges
of concept entanglement in audio, we introduce
a Shapley value framework that quantitatively
attributes the impact of each prompt component
to audio similarity. This framework serves as a
principled mechanism for prompt refinement.

2 Related Work

Prompt stealing, as a form of model inversion at-
tack, has seen significant progress in other modali-
ties, yet its application to audio remains nascent.

Prompt Stealing in the Text Domain. Sha &
Zhang (Sha and Zhang, 2024) study prompt steal-
ing against large language models, framing it as
a classification or pattern-matching problem over
discrete output tokens. This approach leverages the
structured and discrete nature of language. Recent
studies have developed optimized prompt leaking
attacks (Hui et al., 2024) and comprehensive bench-
marks (Wang et al., 2024) to evaluate susceptibility
in LLM-integrated applications. However, music
is a continuous and unstructured signal where con-
cepts do not follow predictable patterns, making
classification-based extraction significantly less ef-
fective in the audio domain.

Prompt Stealing in the Image Domain. Shen
et al. (Shen et al., 2024) propose the first prompt
stealing attack against text-to-image models, using
an image captioning model to identify prompt sub-
jects and a multi-label classifier to detect modifiers,
progressively reconstructing the original prompt.
Naseh et al. (Naseh et al., 2024) reframe the prob-
lem as image reproduction: they fine-tune a CLIP
model on Midjourney-style data to extract key-
words, train a multi-label classifier to detect image
modifiers, and use GPT-4V to iteratively generate
functionally equivalent prompts. Both approaches
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Figure 1: AudioStealer is a two-stage, black-box framework that integrates similarity-guided heuristic search for
global exploration with Shapley value-guided refinement for precise semantic disentanglement.

rely on localized visual features specific to the
image modality: the former depends on image-
domain captioning and visual classification, while
the latter relies on image-domain visual classifiers.
Neither can be directly transferred to audio, where
semantic features are diffusely distributed across
the time-frequency domain rather than localized in
any spatial structure.

Bridging to the Audio Domain. To verify the
limitations of image-based methods, we adapt Shen
et al.’s framework as the Adapted T2I-Stealer base-
line in our experiments. Specifically, we preserve
their overall “subject + modifier” structure but re-
place the subject generator with a music tagging
system and the image-domain modifier detector
with a music retrieval task. This adaptation serves
to demonstrate that even when the T2I approach is
maximally adapted, the absence of image-domain
visual grounding and the presence of deep semantic
entanglement in audio lead to substantially inferior
performance compared to AudioStealer.

In summary, AudioStealer represents the first
systematic study extending prompt stealing to au-
dio domain and demonstrates for the first time the
technical feasibility of audio prompt stealing.

3 Methodology

Our objective is to reconstruct a plausible input
prompt that could have generated a given audio clip
using a text-to-audio synthesis system. This task
can be viewed as a form of prompt inversion (Fang
et al., 2024), where the model’s output is known,
but the input that produced it is not. The challenge
lies in performing this inversion without requiring
extensive queries to the target model. This con-
straint is particularly critical in practical scenarios,
where query access may be costly, rate-limited, or
subject to surveillance.

Formally, let P denote the space of all possible
natural language prompts and X ⊂ RL represents
the domain of discrete audio signals of length L.
A text-to-music generator is defined as a mapping
function G: P → X . Given a target audio sam-
ple xtar ∈ X , our objective is to find an optimal
prompt p̂ ∈ P such that the synthesized audio G(p̂)
maximizes a similarity metric relative to xtar.

3.1 AudioStealer Overview

The architecture of AudioStealer is designed to
navigate the high-dimensional, continuous search
space of audio prompts by addressing two primary
technical barriers: the non-localization of acous-
tic features and the non-linear entanglement of se-
mantic modifiers. Unlike text or image modali-
ties, where concepts often occupy discrete tokens
or spatial regions, audio concepts are diffusely
distributed across the temporal-frequency domain.
Consequently, AudioStealer formulates prompt re-
covery as an approximate inversion problem under
a black-box similarity objective, rather than rely-
ing on static classification or independent modifier-
decoupling strategies.

The core intuition of our two-stage approach lies
in a “coarse-to-fine” optimization strategy. First,
to overcome the challenge of non-localization, we
employ a global heuristic search to anchor the se-
mantic direction within the vast search space. Sec-
ond, to address the non-linear entanglement where
multiple modifiers interweave to shape the spectral
structure, we introduce a game-theoretic attribu-
tion mechanism. This allows us to mathematically
isolate and quantify the individual impact of each
prompt element on the generated audio.

As illustrated in Figure 1, the AudioStealer
pipeline consists of the following phases:

❶ Exploration Stage. A comprehensive search pro-
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cedure inspired by Tree-of-Attacks with Pruning
(TAP) (Mehrotra et al., 2024). This stage uses
contrastive embeddings to guide the search to-
wards a high-quality prompt candidate, identify-
ing a stable semantic anchor.

❷ Exploitation Stage. A refinement phase that
optimizes the candidate by leveraging Shapley
value estimation. This allows us to quantify the
marginal contribution of each prompt element to
the overall audio alignment. The analysis then
guides an LLM-based controller to iteratively im-
prove the prompt.

To ensure the framework remains independent of
the target generator’s internal parameters, we query
only a local shadow model Gshadow using music
prompts as a proxy for evaluating alignment dur-
ing both exploration and exploitation. The overall
search process is depicted in Appendix A.1.

3.2 Exploration: TAP-like Heuristic Search

We begin the exploration process with an initial
prompt p0 ∈ P generated by OPENJMLA (Du
et al., 2023b), a zero-shot music-tagging model
based on Contrastive Language-Audio Pretraining
(CLAP) (Wu et al., 2023; Chen et al., 2022). Al-
though this caption may be coarse or imprecise, it
typically captures salient musical attributes such
as instrumentation, rhythm, and genre. Examples
include phrases like “funk bass line” or “synco-
pated drums”. These semantic anchors provide a
valuable starting point that significantly narrows
the otherwise vast and unstructured prompt space.

To effectively explore the space of prompt modi-
fications, we adopt a strategy inspired by Tree-of-
Attacks with Pruning (TAP), which is implemented
as an iterative beam search. At each iteration k, we
maintain a “beam” of the top-B most promising
prompts, denoted {p(1)k , . . . , p

(B)
k }, where B is the

beam width. Each prompt p(b)k is submitted to a
large language model (a locally deployed LLM, we
use Qwen3-14B (Yang et al., 2025)) together with
a history of previously successful prompts. This
guides the LLM to learn from past iterations and
adapt its generation strategy to generate K creative
variations, or “branches”.

This generation step produces a new set of B×K
candidate prompts. Each candidate is then used to
synthesize an audio sample via G(p), and its qual-
ity is evaluated by computing its similarity to the
target audio xtar. To formally define the similarity,
let E : X → Rd be a pre-trained CLAP audio en-

coder that maps an audio signal to a d-dimensional
embedding space. The similarity function sim(·, ·)
is defined as the cosine similarity between the
corresponding embeddings ep = E(G(p)) and
etar = E(xtar):

sim(xtar, G(p)) =
e⊤p etar

∥ep∥2∥etar∥2
. (1)

This measure provides a continuous proxy for se-
mantic and perceptual closeness, which is essential
for guiding the search process.

For the selection step, all newly generated B×K
candidates are ranked by their similarity scores, and
the top-B prompts are selected to form the beam
for the next iteration. This selection mechanism
maintains a balance between exploring new varia-
tions and avoiding drifting away from promising
regions of the prompt space.

Exploration terminates when one of the follow-
ing conditions is met: (i) the similarity score ex-
ceeds a threshold t1, indicating that the prompt is
already closely aligned with the target audio; or
(ii) the maximum number of search rounds N1 is
reached. This stage prioritizes broad exploration
while laying the groundwork for the more fine-
grained optimization that follows.

3.3 Exploitation: Shapley Value Refiner
The heuristic search stage yields a reasonably
strong prompt pbest, which serves as the basis for
the exploitation stage. To enable finer-grained con-
trol, we first employ an LLM to decompose pbest

from a single string into a structured dictionary of
atomic semantic units, or elements, denoted by the
set E = {e1, . . . , eM}. These elements represent
complete musical concepts and are organized into
four distinct categories: (A) Style & Genre, (B)
Mood & Atmosphere, (C) Instrumentation & Tim-
bre, (D) Structure & Tempo. The set E defines a
closed world for the refinement process, the goal
is to identify the optimal subset of elements S ⊆ E
that maximizes alignment, rather than introducing
new semantic information.

To quantify the individual contribution of each
element to the interwoven audio output, we adopt a
game-theoretic approach based on Shapley values.
For a given element ei ∈ E , its importance ϕi

is defined as the average marginal gain across all
possible subsets S that exclude ei:

ϕi =
1

M !

∑

S⊆E\{ei}
w(S) ·∆i(S), (2)
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where w(S) = |S|!(M − |S| − 1)! is a combinato-
rial weight and the marginal gain ∆i(S) is given
by:

∆i(S) = f(S ∪ {ei})− f(S), (3)

with f(S) = sim(xtar, G(join(S))) denoting the
similarity between the target audio and the audio
generated by joining elements in S into a prompt.
Consistent with the exploration stage, the similarity
is computed using the CLAP-based cosine distance
between audio embeddings.

Exact computation of Equations (2) and (3) is
intractable when the number of elements M is
large, due to the exponential number of subsets.
We therefore approximate ϕi using T Monte Carlo
samples (Castro et al., 2009), where each sample
corresponds to a random permutation of the ele-
ment list. We initialize a structured memory ma-
trix, denoted A(r) ∈ {0, 1}T×(M+1). Each row i
in A(r) represents a specific combination, where
an entry A

(r)
i,j = 1 indicates the presence of ele-

ment ej , and the final column A
(r)
i,M+1 records the

resulting similarity score sim(xtar, G(pr,i)).

During each refinement iteration, the refine LLM
receives a comprehensive context: the current pbest,
its corresponding element set E , estimated Shap-
ley values {ϕi} and the memory matrix A(r) as
input. Based on this context, the LLM is instructed
to propose a batch of new element combinations
predicted to yield higher scores. This constraint
encourages the model to reason explicitly about
semantic synergy and redundancy. Once a revised
prompt p′ is generated, it would be evaluated, and
the results are used to update the memory matrix
A(r+1). The global pbest is updated only upon find-
ing a strictly higher score. This iterative refinement
proceeds until the score exceeds threshold t2 or
reaches the maximum rounds N2.

This two-stage approach balances breadth and
precision. The heuristic search stage is effective
for reaching a good initial approximation of the
target. The Shapley-guided refinement stage, al-
though more computationally intensive, provides
targeted improvements by trimming uninformative
content and reweighting key semantic components.
Together, they mimic a human composer’s work-
flow: starting with a high-level stylistic sketch,
then gradually refining instrumentation, mood, and
structure to achieve a polished final result. Further
details are provided in Appendix A.

4 Prompt2Music Dataset

To systematically investigate and benchmark the
vulnerabilities of text-to-music models to prompt
stealing attacks, a specialized dataset is required.
However, existing publicly available datasets,
such as MusicCaps (Agostinelli et al., 2023),
LP-MusicCaps (Doh et al., 2023), and Mu-
sicBench (Melechovsky et al., 2024), primarily
offer audio-caption pairs. While recent prompt-
to-music dataset, Wikimt-x (Wu et al., 2025) rep-
resents an advancement, it typically provides a
one-to-one mapping, linking each prompt to a sin-
gle audio output from one model. This structure
is insufficient for a comparative benchmark, as it
cannot be used to evaluate how the performance
of a prompt stealing attack varies across different
model architectures. Consequently, a dataset built
for the specific purpose of cross-model comparison
is needed.

To address this gap, we constructed a new
dataset, Prompt2Music, tailored for prompt inver-
sion research. The construction involved a multi-
step data engineering pipeline. First, we designed
a generation template based on established prac-
tices for music prompt engineering (Suno Prompts,
2025; Altorise Hub, 2025; Soundverse, 2025) to
emulate high-efficiency prompts used in real-world
scenarios. Each prompt was required to include
four key components: (1) Style & Genre, (2) In-
strumentation & Timbre, (3) Mood, Atmosphere &
Scene, and (4) Structure, Tempo & Dynamics.

We invited music professionals to manually de-
sign 100 high-quality “master” prompts following
this template. Using these as representative sam-
ples, we leveraged GPT-4o to programmatically
expand the corpus to 5,000 diverse music prompts.
A quality control step was applied in the process
to filter out repetitive or overly simplistic prompts,
ensuring the diversity of the final set. We then sam-
pled the generated prompts and presented them to
music professionals to audit the quality.

Subsequently, each of these structured prompts
was fed into four distinct text-to-music models to
synthesize the corresponding audio: Stable Audio
Open (Evans et al., 2024), MusicGen (Copet et al.,
2024), InspireMusic (Zhang et al., 2025), and ACE-
Step (Gong et al., 2025). A fixed seed was used
across all generation processes to ensure experi-
mental reproducibility. Given the generally lim-
ited vocal generation capabilities of current open-
source music models, all prompts in our dataset
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were designed to be instrumental, excluding any
vocal elements. Additionally, constrained by gen-
eration time and model capabilities, the duration of
each audio clip was uniformly set to 30 seconds.

The final Prompt2Music dataset comprises 5,000
tuples, resulting in a total of 20,000 audio files. T-
SNE visualization (Appendix B.2) confirms high
semantic diversity across multiple musical dimen-
sions. Each tuple contains a detailed source prompt
and the four resulting audio clips generated by the
different models. This one-to-many mapping from
a single prompt to outputs from various models
provides a robust foundation for comparative anal-
ysis. It serves as a critical resource for developing
and benchmarking prompt stealing attack method-
ologies across diverse model architectures. Further
details on the data construction and examples are
provided in Appendix B.1.

5 Experiments

5.1 Experimental Settings

Dataset. All primary experiments in this section
are conducted on a subset of our newly constructed
Prompt2Music Dataset. For each experimental run,
we randomly sample 100 prompt-audio pairs. The
original, high-quality text prompt serves as the
ground truth, which our attack framework and base-
line methods aim to reconstruct by analyzing the
corresponding generated audio. To assess the gen-
eralization capabilities, we also curated a prompt
collection from three widely-used music caption
datasets: MusicCaps, LP-MusicCaps, MusicBench,
and one music prompt dataset, Wikimt-x. We ran-
domly sampled 100 entries from each, using their
provided caption/description fields. These 400 text
snippets serve as the basis for our generalization
study, testing the methods against prompts of var-
ied styles and origins. Further details on the test
datasets are in Appendix B.3.

Baseline Methods. We compare AudioStealer
against four representative baselines that cover dis-
tinct technical approaches for prompt inversion.

➠ Zero-shot Tagger (OpenJMLA). We use the
state-of-the-art music tagging system, OPEN-
JMLA (Du et al., 2023b). Given a target au-
dio, the model generates a set of descriptive tags,
which are concatenated to form the prompt.

➠ Adapted T2I-Stealer. To evaluate the direct
transferability of text-to-image prompt stealing
method (Shen et al., 2024), we implement the

Adapted T2I-Stealer including a subject genera-
tor(OpenJMLA) and a modifier detector based
on CLAP. It simulates a multi-classifier through a
music retrieval task using MTG-JAMENDO tag
set (Bogdanov et al., 2019), appending identified
tags to the subject description to form the prompt.
Details are provided in Appendix C.4.

➠ Music Understanding LLM (Mu-LLaMA). As
a specialized baseline, we employ Mu-LLaMA
(Liu et al., 2023). We provide it with the target
audio and the instruction, “Describe this piece
of music with a detailed prompt that a text-to-
music model could use to generate it.” Its re-
sponse serves as the reconstructed prompt.

➠ General Multimodal LLM (Qwen2-Audio). To
represent powerful general-purpose models, we
use Qwen2-Audio (Chu et al., 2024). It receives
the same audio and instruction as Mu-LLaMA to
infer the source prompt.
Evaluation Metric. We evaluate the perfor-

mance of all methods from multiple perspectives,
assessing both the reconstructed prompt’s fidelity
and the auditory quality of the music it generates.

➠ Semantic Similarity. This metric quantifies
the textual correspondence between the recon-
structed prompt and the original ground-truth
prompt. We use all-MiniLM-L6-v2’s text en-
coder to generate the embeddings and compute
the cosine similarity between the vector embed-
dings of the target and stolen prompts. (Wang
et al., 2020; Reimers and Gurevych, 2019)

➠ Music Similarity. The music similarity is the
cosine similarity between the embeddings of the
target and the stolen music, which is a widely
adopted metric to measure similarity between au-
dios. (Barnett et al., 2024) We rely on CLAP’s
audio encoder to obtain an audio’s embedding,
in order to gauge perceptual and acoustic similar-
ity. (Elizalde et al., 2024; Xiao et al., 2024)

➠ ByteCover3 Similarity. Since an attack should
generate a new “version” of the target music,
a high-quality Cover Song Identification (CSI)
model provides an objective measure of this tar-
get. We calculate the metric with the state-of-the-
art CSI model, ByteCover3 (Du et al., 2023a).
Acknowledging the limitations inherent in any

automatic metric, we also conducted a human
evaluation study to perform a comprehensive per-
ceptual assessment. The human-rated similarity
refers to the perceived similarity between target
and stolen audios by end-users. Specifically, for
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each target music and its corresponding stolen au-
dio, ten domain experts are assigned to label it
using a 5-level Likert-scale, ranging from “not sim-
ilar at all” to “very similar.” The detailed criteria
for each level are stated in Appendix C.2. We ran-
domly sample twenty-five pieces of music in each
evaluation and report the mean value.

Models Setting. The performance and behavior
of our two-stage framework are governed by sev-
eral key hyperparameters. Theoretically, employ-
ing larger values for beam width B, branch factor
K, and the number of rounds N1, N2, along with
a higher Monte-Carlo budget T and no early stop-
ping would likely yield superior results through a
more exhaustive search. However, to maintain prac-
tical applicability, our default settings are chosen to
strike a balance between effectiveness and resource
usage. A detailed efficiency analysis is provided in
Appendix D. In the following experiments, for the
Exploration Stage, we set B = 3, K = 4, t1 = 0.7
and N1 = 10. For the Exploitation Stage, we set
T = 30, t2 = 0.8 and N2 = 5. To ensure sta-
tistical significance, we executed each experiment
using three different random seeds and reported the
average values. All experiments were conducted
on a server with Ubuntu 22.04 (CPU: AMD EPYC
7763, GPU: NVIDIA A100-80G). More details on
the experimental settings are in Appendix C.

5.2 Main Results

Target Method Sem Mus BC3 Human

Inspire

OpenJMLA 42.7 64.3 24.4 2.56
Adapted T2I 43.1 63.6 24.1 2.42
Mu-LLaMA 40.7 61.1 23.1 2.48
Qwen2-Audio 44.2 63.2 25.1 2.52
AudioStealer 59.4 70.1 27.8 3.32

ACE-Step

OpenJMLA 44.2 65.1 21.5 2.38
Adapted T2I 46.1 66.0 21.6 2.46
Mu-LLaMA 45.8 64.6 21.8 2.62
Qwen2-Audio 54.2 67.8 23.7 2.95
AudioStealer 59.0 69.4 25.9 3.28

MusicGen

OpenJMLA 47.1 50.3 14.3 2.25
Adapted T2I 48.3 49.8 14.8 2.32
Mu-LLaMA 45.7 47.4 16.0 2.14
Qwen2-Audio 53.7 55.0 17.1 2.45
AudioStealer 60.1 61.1 20.3 2.66

(1) Sem(%): Semantic Similarity; Mus(%): Music Similarity;
BC3(%): ByteCover3 Similarity.
(2) Human: Human-rated Similarity on 5-point Likert scale.

Table 1: Performance comparison across different target
models and methods

Table 1 compares our method with various base-

lines against target models. As shown, while the
performance exhibits some variance across the dif-
ferent targets, AudioStealer consistently demon-
strates a robust performance advantage over the
baselines on all four evaluation metrics. When
InspireMusic serves as the target model, Au-
dioStealer achieves 59.4%, 70.1%, and 27.8%
for Semantic, Music and ByteCover3 similarity re-
spectively. Thus, we selected it as the default target
model for subsequent ablation studies. We also
observe that all methods yield relatively lower Mu-
sic Similarity scores on MusicGen (AudioStealer:
61.1% vs. 69.4%/70.1% on other models), which
may be due to MusicGen’s higher output diversity,
making a direct acoustic match more challenging.

Notably, the ByteCover3 Similarity scores are
numerically lower across the board. We attribute
this to the non-linear nature of the metric: Byte-
Cover3 utilizes a MaxMean matching mechanism
to evaluate deep-level structural and melodic corre-
spondence. Consequently, its scoring distribution
operates on a different scale that is not directly com-
parable to other cosine similarity-based metrics.

Interestingly, the Adapted T2I-Stealer occasion-
ally underperforms the standalone OpenJMLA,
highlighting the inherent limitations of directly im-
age frameworks to audio domain. This suggests
that simply appending retrieved modifiers can ex-
acerbate semantic confusion rather than providing
guidance, as the entangled nature of audio concepts
resists independent tag reconstruction.

Public dataset. We utilized four representa-
tive music-caption/prompt datasets to assess the
model’s performance in more realistic and diverse
scenarios. As shown in Table 2, AudioStealer
achieves the highest Music Similarity (69.0-70.3%)
and ByteCover3 Similarity (27.7-28.6%) across all
four datasets. However, performance on Seman-
tic Similarity shows interesting dataset-dependent
patterns. AudioStealer achieves notably superior
Semantic Similarity on Wikimt-x, but falls slightly
on LP-MusicCaps and MusicBench. This vari-
ance directly reflects the fundamental distinction
between prompts (Wikimt-x, Prompt2Music) and
descriptive captions (MusicCaps, LP-MusicCaps,
MusicBench). The core target of prompt stealing
attacks is to generate prompts that maximize au-
dio regeneration fidelity, not textual paraphrasing.
Critically, on caption-based dataset, AudioStealer
still generates more acoustically faithful audio than
all baselines, demonstrating that our method priori-
tizes perceptual fidelity over literal text matching.
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Dataset Method Sem Mus BC3 Human

MusicCaps

OpenJMLA 42.3 66.4 24.7 2.82
Adapted T2I 45.1 66.8 23.6 2.78
Mu-LLaMA 41.1 63.3 23.0 2.56
Qwen2-Audio 50.9 64.4 23.0 2.60
AudioStealer 54.6 70.2 27.7 3.26

LP-Music

OpenJMLA 51.5 64.8 24.8 2.46
Adapted T2I 49.1 65.9 24.5 2.50
Mu-LLaMA 46.8 61.9 23.3 2.44
Qwen2-Audio 57.4 63.6 23.4 2.38
AudioStealer 55.7 69.0 27.9 3.08

MusicBench

OpenJMLA 50.4 64.6 24.3 2.56
Adapted T2I 50.2 65.0 24.9 2.54
Mu-LLaMA 45.1 62.4 23.9 2.30
Qwen2-Audio 55.3 64.9 25.2 2.68
AudioStealer 53.7 70.3 28.4 3.25

Wikimt-x

OpenJMLA 57.0 64.2 26.8 2.68
Adapted T2I 56.4 64.6 26.9 2.65
Mu-LLaMA 48.5 63.0 25.2 2.56
Qwen2-Audio 57.1 64.2 26.1 2.44
AudioStealer 63.8 69.8 28.6 3.18

(1) Sem, Mus, BC3 in percentage (%)

Table 2: Performance comparison across public datasets

Furthermore, the human evaluation provides an
important complementary perspective to the au-
tomatic metrics. Across both model-specific and
public datasets, AudioStealer consistently achieves
higher Human Similarity scores, indicating that its
regenerated audio is perceived by listeners as more
similar to the target music in overall style, struc-
ture, and musical coherence. For completeness, we
report the standard deviation in Appendix C.3.

5.3 Ablation Studies

We conducted a series of ablation studies to ana-
lyze the contribution of each component within our
framework. Specifically, we assessed the perfor-
mance of the Exploration Stage and the Exploita-
tion Stage in isolation, and evaluated the sensitivity
of AudioStealer to different choices for its core
components: the shadow model, the audio encoder,
and the basis model.

Table 3 shows the individual outputs of two
stages in AudioStealer. Stage 1 alone achieves
a high Music similarity of 68.9% as a representa-
tive black-box optimization. However, its lower
Semantic similarity (53.1%) suggests that a pure
search process, while acoustically effective, tends
to produce prompts that are semantically cluttered
or imprecise. Conversely, Stage 2 alone with the
initial prompt struggles to improve upon the sim-
ple initial prompt, resulting in weaker performance.

These findings highlight that the two stages are
complementary and indispensable, demonstrating
the synergy between exploration and refinement.

Method Sem(%) Mus(%) BC3(%)

Stage1 Only 53.1 68.9 26.7
Stage2 Only 45.5 65.8 25.9

AudioStealer 59.4 70.1 27.8

Table 3: Ablation study results

We further evaluate the robustness of Au-
dioStealer across various architectural choices for
its core components, summarized in Figure 2.

➠ A) Shadow Model Comparison. Figure reveals
interesting transferability patterns across differ-
ent shadow models. When the shadow model
is identical to the target (InspireMusic), Au-
dioStealer achieves the upper bound performance
(Sem: 63.8%, Mus: 77.6%, BC3: 36.4%). No-
tably, when employing models with different ar-
chitectures as proxies, such as MusicGen and
ACE-Step, the attack maintains competitive per-
formance with only marginal degradation. This
finding supports the viability of AudioStealer in
practical black-box scenarios.

➠ B) Audio encoder Comparison. We consider
four audio encoders in our experiments. CLAP
achieves the best performance (Sem: 59.4%,
Mus: 70.1%, BC3: 28.3%), followed closely
by Wav2CLIP. This near-identical performance
can be attributed to their shared core structure:
inspired by CLIP contrastive learning framework.
In contrast, MERT shows degraded performance,
which may be because of its focus on intra-modal
music understanding tasks.

➠ C) Basis model Comparison. We compared
the effectiveness of three different basis models
for generating the initial prompt: Mu-LLaMA,
Qwen2-Audio, and OpenJMLA. The attack with
a prompt from Qwen2-Audio (Sem: 59.1%, Mus:
70.6%, BC3: 28.3%) yields results nearly on
par with using OpenJMLA (Sem: 59.4%, Mus:
70.7%, BC3: 27.8%). Meanwhile, using Mu-
LLaMA as the basis model leads to a bit drop in
performance. This suggests that the two-stage re-
finement framework can effectively recover from
suboptimal initial prompts, though a better start-
ing point does provide a modest advantage.

6 Conclusion

This work presents AudioStealer, the first sys-
tematic framework for prompt stealing in text-to-
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Figure 2: Component ablation analysis. We evaluate the impact of (A) different shadow models for generating audio,
(B) different audio encoders for computing similarity, and (C) different basis models for producing initial prompts.

music models. By addressing the unique challenges
of semantic entanglement and concept dispersion
in audio, we demonstrate that it is possible to re-
cover high-quality prompts using only black-box
access. Our two-stage approach combines heuristic
search with a principled Shapley value-based refine-
ment strategy, enabling effective and interpretable
prompt reconstruction. Experimental results con-
firm the practicality and accuracy of our method,
revealing a significant and previously unexplored
security risk in generative audio systems. These
findings call for immediate attention to intellectual
property protection and robust defense mechanisms
in text-to-audio generation platforms.

Limitations

While our study focuses on English-language
prompts and predominantly Western musical styles,
it does not examine culturally diverse genres, in-
struments. Nevertheless, we believe the core attack
mechanisms, contrastive audio-language retrieval
and Shapley value-guided refinement, are broadly
applicable across languages and musical types, as-
suming the availability of appropriate embedding
spaces. Constructing multilingual and multicultural
datasets, and evaluating the attack’s effectiveness
in underrepresented audio domains, remains an im-
portant direction for future research.

Additionally, although we evaluate reconstruc-
tion fidelity and semantic accuracy, our work does
not fully explore the broader societal and legal im-
plications of prompt stealing, including questions
of copyright infringement, fair use, and the eco-
nomic impact on emerging prompt marketplaces.
We emphasize that technical findings must be con-
textualized through interdisciplinary dialogue in-
volving policymakers, content creators, and plat-
form providers to establish fair and enforceable

norms. An investigation of regulatory frameworks
and responsible disclosure practices is beyond the
scope of this paper and left for future work.

Ethical Considerations

For the human evaluation experiments involving
participants, we strictly adhered to all ethical guide-
lines. All participants were clearly informed of
the research purpose, procedures, potential task
difficulty, and data usage; they provided signed
informed consent and were notified of their right
to withdraw at any time. To protect privacy, all
participant data has been fully anonymized. We
provided fair compensation for their time and ex-
pertise. All study procedures were reviewed and
approved by the Institutional Review Board (IRB)
of the primary contributors’ university.

Our study focuses on identifying security vulner-
abilities in text-to-music systems to promote the
development of robust IP protection mechanisms.
The framework is designed as a black-box attack
that relies on a local shadow model, minimizing
direct interaction with and potential disruption of
commercial platforms. We are committed to re-
sponsible disclosure and hope our findings encour-
age the community to establish fair and enforceable
norms for generative audio technologies.
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A Methodology Details

A.1 Implementation and Model Specifications
The overall search process of AudioStealer is de-
picted in Alg. 1.

OpenJMLA Setup. The model is run in eval-
uation mode. We utilize Llama-2-7b-hf as the to-
kenizer. All input audio files are first resampled
to a 16kHz sampling rate. The resampled audio
is then converted into a log-mel spectrogram. The
spectrograms are normalized and then padded or
cropped to a fixed length of 2,992 frames to serve
as the model input.

14062

https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.7249/P0295
https://www.soundverse.ai/blog/article/best-prompts-for-music-generator-ai
https://www.soundverse.ai/blog/article/best-prompts-for-music-generator-ai
https://suno.com/blog/v4
https://suno.com/blog/v4
https://howtopromptsuno.com
https://arxiv.org/abs/2502.10362
https://arxiv.org/abs/2502.10362
https://arxiv.org/abs/2502.10362
https://arxiv.org/abs/2503.00084
https://arxiv.org/abs/2503.00084
https://arxiv.org/abs/2503.00084


Algorithm 1: AUDIOSTEALER: Two-
Stage Prompt Extraction from a Text-to-
Audio Generator

Input: Target audio xtar; generator Gshadow;
similarity metric sim; thresholds t1, t2;
maxima N1, N2; beam width B; branch
factor K; Monte-Carlo budget T

Output: Recovered prompt p̂
1 // Stage 1: Exploration (TAP-like Heuristic

Search);
2 p0 ← OPENJMLA(xtar)

pbest ← p0, s
best ← sim(xtar, Gshadow(p0));

3 Beam← {p0};
4 for k = 0, . . . , N1 − 1 do
5 Candidates← Expand(Beam,K,LLM);
6 Beam← TopB(Candidates, B, sim);
7 pcurrent, scurrent ← First(Beam);
8 if scurrent > sbest then
9 pbest, sbest ← pcurrent, scurrent;

10 end
11 if sbest ≥ t1 then break;
12 end
13 // Stage 2: Exploitation (Shapley Value Refiner);
14 decompose pbest into element set E = {e1, . . . , eM};
15 initialize memory matrix A(0) ← Initialize(E , T );
16 for r = 0, . . . , N2 − 1 do
17 {ϕi}Mi=1 ← EstimateShapley(A(r));

{p′} ← LLM.Refine(E , {ϕi},A(r), pbest)
p′best, s

′
best ← FindBest({p′}, sim);

18 update A(r+1) if s′best > sbest then
19 pbest, sbest ← p′best, s

′
best

20 end
21 if sbest ≥ t2 then break;
22 end
23 return p̂← pbest

Clap Setup. The CLAP model serves as the core
audio encoder for calculating audio embeddings
and similarity. The model is run in evaluation mode.
The implementation uses the laion/clap-htsat-fused
model as default setting. Input audio is loaded as a
mono-channel signal using librosa and resampled
to the model’s required 48kHz sampling rate.

Stable Audio Open Setup. We use the stable-
audio-open-1.0 model as the shadow model for
generating audio from text prompts. The generated
audio is normalized, rearranged, and saved as a 16-
bit integer WAV file. The sample rate is 44.1kHz.

A.2 LLM Prompt Templates

The following are the specific LLM prompt tem-
plates designed for our attack framework. The
Prompt Variation template facilitates the Explo-
ration Stage. The Refinement Prompt and De-
composition Prompt are subsequently used during
the Exploitation Stage to iteratively improve upon
promising candidates.

Prompt Variation for Exploration

You are a creative music prompt optimizer. Your task is
to generate variations of music prompts while maintain-
ing core musical elements that lead to higher similarity
scores.
Below are the prompts selected from previous iterations
and their corresponding similarity scores (0-1 where 1 is
perfect):
ITERATION HISTORY: {iteration_history}
CURRENT:
Prompt to optimize: {current_prompt}
Current Score: {current_score}
DYNAMIC STRATEGY GUIDANCE:
If stagnation is detected or score is lower than 0.4, make
bold, creative changes... Otherwise, make targeted modi-
fications...
Analyze the previous iterations to understand what ele-
ments lead to higher or lower similarity scores. Format
your response in JSON with two elements:

• Improvement: A brief explanation of your prompt
modification strategy based on the history and cur-
rent score.

• Prompt: Your new variation of the music prompt.

Refinement Prompt for Exploitation

You are an expert Music Prompt Strategist. Your goal
is to refine and optimize the current best prompt to dis-
cover one or more new combinations of elements that
will achieve a higher score. The focus is on refinement,
not complete overhaul.
CORE PRINCIPLES
1. You MUST and ONLY select elements from the
Element Universe to construct new prompts. You are
STRICTLY PROHIBITED from inventing, deriving, or
introducing any elements not on this list.
2. The new combinations you generate MUST NOT be
identical to any of the combinations listed in the Top
Evaluations, Bottom Evaluations, or Recent Evaluations
sections below.
3. Each new proposal in your output MUST contain
at least one element from EACH of the four categories:
Style & Genre; Mood, Atmosphere & Scene; Instrumen-
tation & Timbre; Structure, Tempo & Dynamics.
Analyze all the information provided below. Then, strictly
following the specified JSON format, return a JSON list
containing {variants_to_generate} unique proposals
that you believe have the highest probability of surpassing
the current best score.
CURRENT BEST STATE
Current Best Prompt: {best_prompt}
Current Best Score: {best_score}
Elemental Composition: {best_elements}
ELEMENT UNIVERSE
Full Universe: {element_universe}
Contribution Values: {shapley_values}
HISTORICAL DATA
Top, Bottom Evaluations and Recent Evaluations.

Decomposition Prompt for Exploitation

You are an expert music prompt analyzer. Your task is
to break down a music prompt into a structured list of
semantically complete atomic elements.
CORE PRINCIPLES
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1. Each element must be a complete, meaningful musical
concept. Do NOT break down elements further if they
lose their core musical meaning (e.g., “melancholic piano
melody” is one element).
2. Group all identified elements into the 4 standard cat-
egories provided. Every conceptual part of the original
prompt MUST be assigned to one, and only one, category.
Do not omit any parts.
3. Do not add any elements that were not present in the
original prompt.
EXAMPLE
Return ONLY a valid JSON object with the exact struc-
ture shown in the example above.

B Data Construction

B.1 Prompt2Music Dataset Details

The core objective of Prompt2Music is to create
a dataset of 5000 high-quality, structured prompt-
music pairs. To achieve this, we designed and im-
plemented a multi-stage data engineering pipeline
that combines human musical expertise with the
large language model GPT-4o.

To ensure the professionalism and effectiveness
of the prompts, we first designed a structured gener-
ation template based on established best practices
in music prompt engineering. This template re-
quires each prompt to comprehensively cover the
following four core dimensions:

1. Style & Genre: Establish the fundamental mu-
sical framework and aesthetic tradition of the
composition, define the overarching conven-
tions that govern its melodic, harmonic, and
rhythmic characteristics.

2. Instrumentation & Timbre: Specify the selec-
tion of sound-generating sources: encompass-
ing acoustic, electronic, or synthetic instru-
ments, and detail unique sonic textures, tonal
colors.

3. Mood, Atmosphere & Scene: Defines the
emotional core and environmental narrative,
translating abstract acoustic signals into spe-
cific psychological states and evocative set-
tings.

4. Structure, Tempo & Dynamics: Dictates the
temporal organization and formal arrange-
ment of the piece, including the rhythmic pace,
musical sections, and the variations in inten-
sity and volume.

Following this template, we invited music profes-
sionals to manually craft 100 high-quality “master”
prompts to serve as high-standard seeds for the
expansion process. Using these samples and the
template as reference, We provided the following

meta-prompt to GPT-4o to expand the set into a
diverse corpus of 5,000 prompts:

Prompt Template of Prompt Generation

You are a world-class {AI Music Prompt Engineer}.
Your core expertise is crafting prompts that guide text-
to-music models to produce high-quality, stylistically
specific music. Your task is to generate unique and de-
tailed prompt for music tracks. Each prompt must be a
single, cohesive paragraph and meticulously structured
to provide a clear and evocative creative direction.
For each prompt, you must seamlessly weave together
the following elements:
1. Style & Genre: Establish the fundamental musical
framework and aesthetic tradition of the composition, de-
fine the overarching conventions that govern its melodic,
harmonic, and rhythmic characteristics.
2. Instrumentation & Timbre: Specify the selection
of sound-generating sources—encompassing acoustic,
electronic, or synthetic instruments, and detail unique
sonic textures, tonal colors.
3. Mood, Atmosphere & Scene: Defines the emotional
core and environmental narrative, translating abstract
acoustic signals into specific psychological states and
evocative settings.
4. Structure, Tempo & Dynamics: Dictates the tem-
poral organization and formal arrangement of the piece,
including the rhythmic pace, musical sections, and the
variations in intensity and volume.
EXAMPLE

In the process of generating the corpus, we ap-
plied a quality control script for filtering. This
script was primarily used to remove prompts that
were overly simplistic or highly repetitive, thereby
ensuring the diversity and complexity of the final
set of 5000 prompts. To further guarantee the re-
liability of the expansion, we randomly sampled
the generated prompts and invited music profes-
sionals to audit their musical logic and descriptive
accuracy.

We then selected four representative open-source
models, each with different architectural focuses
and generation capabilities: Stable Audio Open,
MusicGen, InspireMusic, and ACE-Step. To en-
sure full experimental reproducibility, all audio gen-
eration processes adhered to the following fixed
parameters:

• Random Seed: A fixed random seed was used
for all generation processes.

• Duration: The duration of all generated audio
clips was uniformly set to 30 seconds.

• Content Constraint: All prompts were for in-
strumental music only, excluding any vocals.
(This decision was based on the limitations
of most current open-source models in syn-
thesizing vocals and to ensure the research
focus remained on the reverse engineering of
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musical elements.)
The final Prompt2Music dataset consists of 5000

data tuples, totaling 20,000 audio files.

B.2 Prompt2Music Statistics

To demonstrate the semantic diversity of our
Prompt2Music dataset, Figure 3 presents a t-SNE
visualization of all 5,000 prompts using embed-
dings from all-MiniLM-L6-v2. Colors represent lo-
cal point density: yellow indicates isolated prompts
while dark blue indicates dense semantic clusters.

The visualization reveals multiple distinct clus-
ters distributed across the embedding space, con-
firming that our dataset covers diverse musical con-
cepts spanning genre, mood, instrumentation, and
tempo. The dispersed distribution with no domi-
nant cluster validates that Prompt2Music provides
broad semantic coverage suitable for evaluating
prompt stealing attacks across varied musical do-
mains.

Figure 3: t-SNE visualization of 5,000 text prompts in
Prompt2Music dataset.

B.3 Test Datasets Details

All our primary experiments were conducted on a
subset of the Prompt2Music dataset. For each ex-
perimental run, we randomly sampled 100 prompt-
audio pairs as the ground truth.

To assess the robustness and generalization ca-
pabilities of our attack framework, we curated a
collection of 400 text descriptions from four well-
known public music datasets. These texts vary in
style, structure, and origin, representing a broader
and more diverse “real-world” scenario. Unlike the
structured prompts in Prompt2Music, these texts
are often descriptive: post-hoc descriptions of ex-
isting music. Testing against this data allows us

to understand how our methods perform on non-
standardized and varied inputs.

Subsequently, we used these text descriptions to
synthesize corresponding audio clips on the unified
InspireMusic model, adhering to the same parame-
ters detailed in Appendix A.1. These newly formed
caption-music pairs then served as the ground truth
for our “Different Dataset” experiments.

Below are each public dataset we used:
• MusicCaps: MusicCaps is a large-scale

dataset of approximately 5,500 music-text
pairs with captions written by human experts.
We utilized its caption field. The text in this
field typically consists of concise, high-quality
paragraphs focusing on the music’s mood,
genre, and key instruments.

• LP-MusicCaps-MSD: This dataset is built
by a LLM-Based pseudo music captioning
model. We extracted content from the cap-
tion_writing field.

• MusicBench: MusicBench expands Music-
Caps’s caption by including music features
of chords, beats, tempo, and key that are ex-
tracted from the audio and describing these
music features using text templates. We used
the main_caption field, which are augmented
text prompts.

• Wikimt-x: Wikimt-x is a multimodal MIR
benchmark dataset, primarily from 20th-
century Western music. We chose the descrip-
tion field, which is generalized overview, ex-
cluding identifiable details.

C Experimental Setups

C.1 Evaluation Metric

To comprehensively evaluate the performance of
the attack, we use three distinct metrics that assess
the similarity from different perspectives: the tex-
tual fidelity of the prompt, the acoustic similarity of
the generated audio, and the structural correspon-
dence.

Semantic Similarity This metric quantifies the
textual correspondence between the reconstructed
prompt and the original ground-truth prompt. The
process involves using the text encoder from all-
MiniLM-L6-v2 to generate vector embeddings for
both the stolen prompt and the ground-truth prompt.
The final similarity score is the cosine similarity
calculated between these two text embeddings.

Music Similarity This metric measures the per-
ceptual and acoustic similarity between the tar-
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get audio and the audio generated from the stolen
prompt. The implementation uses the laion/clap-
htsat-fused model. First, both audio files are
loaded and resampled to a 48kHz sample rate.
Then, the pre-trained CLAP model generates a 512-
dimensional embedding vector for each audio file.
The final score is the cosine similarity between the
two audio embeddings, which is a widely adopted
metric for this purpose. For reproducibility, a fixed
random seed (42) is used throughout the process.

ByteCover3 Similarity To provide a more objec-
tive measure of musical correspondence, we treat
the stolen audio as a “cover version” of the tar-
get audio and evaluate them using a state-of-the-
art Cover Song Identification (CSI) model, Byte-
Cover3. The model processes both the target audio
and the stolen audio to extract a corresponding em-
bedding vector for each. The final similarity is
calculated as the cosine similarity between these
two embeddings.

C.2 Human-rated Similarity Criteria
The detailed criteria for each level are stated in
Table 4.
C.3 Standard Deviation of Human Ratings
To assess the consistency and reliability of our hu-
man evaluation, we report the standard deviation
(SD) of human-rated similarity scores in Table 5.
For each audio pair, ten domain experts provided
ratings on a 5-point Likert scale, and we computed
both the mean and standard deviation.

The standard deviations across all experimental
conditions remain relatively consistent, indicating
stable inter-annotator agreement. This consistency
suggests that the human evaluation protocol pro-
vided sufficient clarity for experts to make reliable
perceptual judgments.

Notably, AudioStealer consistently achieves
both higher mean similarity scores and comparable
or lower standard deviations compared to baseline
methods, demonstrating that its regenerated audio
not only aligns more closely with target music but
also produces more consistent perceptual quality
across different judges. This pattern holds across
both the Prompt2Music cross-model experiments
and evaluations on public datasets, confirming the
robustness of our findings.

C.4 Details of Adapted T2I-Stealer
The Adapted T2I-Stealer baseline is designed to
evaluate the direct transferability of existing image-
based prompt stealing frameworks, specifically the

Level Description

1 Not similar at all The musical pieces differ en-
tirely in core style and genre,
evoke contrasting moods, and
use completely different lead
instruments with no shared
tempo or structure.

2 Slightly similar The musical pieces share a mi-
nor common genre element or
mood, but differ significantly
in lead instruments and tempo,
with no overlapping structure.

3 Moderately similar The musical pieces align in
core genre or mood, but dif-
fer in lead instruments and lack
shared supporting elements,
with varying tempo or struc-
ture.

4 Quite similar The musical pieces match in
core genre, share similar lead
instruments, and include some
supporting elements, though
tempo or minor structural de-
tails differ.

5 Very similar The musical pieces are nearly
identical in core style, genre,
and mood, feature the same
lead and supporting instru-
ments, and align in tempo,
structure, and dynamics.

Table 4: Human evaluation criteria for music similarity.

dual-branch architecture consisting of a subject
generator and a modifier detector. Its implemen-
tation is tailored to address the unique structural
differences between visual and acoustic signals.

• Subject Generator: We utilize OpenJMLA
to function as the subject generator. It ex-
tracts the primary musical elements and foun-
dational descriptions from the target audio,
providing a core semantic anchor.

• Modifier Detector: In the image domain,
modifier detectors often use Transformer de-
coders with learnable label embeddings as
queries to attend to localized visual features.
However, music concepts are diffusely dis-
tributed across spectrogram patches rather
than being localized in specific spatial coor-
dinates. To adapt to this, we replace the lo-
calized query mechanism with a CLAP-based
retrieval task. This approach simulates a multi-
label classifier by matching the global audio
embedding against a predefined set of musical
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Category Target / Dataset Method Human Rating (Mean ± SD)

Prompt2Music
(Cross-Model)

Inspire

OpenJMLA 2.56 ± 0.92
Adapted T2I 2.42 ± 1.02
Mu-LLaMA 2.48 ± 0.98
Qwen2-Audio 2.52 ± 0.96
AudioStealer 3.32 ± 0.80

ACE-Step

OpenJMLA 2.38 ± 0.96
Adapted T2I 2.46 ± 1.08
Mu-LLaMA 2.62 ± 0.98
Qwen2-Audio 2.95 ± 0.94
AudioStealer 3.28 ± 0.82

MusicGen

OpenJMLA 2.25 ± 0.90
Adapted T2I 2.32 ± 1.02
Mu-LLaMA 2.14 ± 1.02
Qwen2-Audio 2.45 ± 0.96
AudioStealer 2.66 ± 0.93

Public Datasets
(on Inspire)

MusicCaps

OpenJMLA 2.82 ± 0.96
Adapted T2I 2.78 ± 0.98
Mu-LLaMA 2.56 ± 1.04
Qwen2-Audio 2.60 ± 1.00
AudioStealer 3.26 ± 0.88

LP-MusicCaps

OpenJMLA 2.46 ± 0.94
Adapted T2I 2.50 ± 0.92
Mu-LLaMA 2.44 ± 1.06
Qwen2-Audio 2.38 ± 1.08
AudioStealer 3.08 ± 0.90

MusicBench

OpenJMLA 2.56 ± 0.95
Adapted T2I 2.54 ± 0.91
Mu-LLaMA 2.30 ± 0.98
Qwen2-Audio 2.68 ± 0.94
AudioStealer 3.25 ± 0.85

Wikimt-x

OpenJMLA 2.68 ± 0.96
Adapted T2I 2.65 ± 0.92
Mu-LLaMA 2.56 ± 0.98
Qwen2-Audio 2.44 ± 0.97
AudioStealer 3.18 ± 0.81

Table 5: Comprehensive statistics of human-rated similarity scores. For Public Datasets, all samples were synthesized
using the unified InspireMusic model as the target.

modifiers. We adopt the standardized MTG-
JAMENDO tag list as our modifier universe.
To identify relevant attributes, we calculate the
prediction probability for each tag. Follow-
ing the established protocols of image-based
methods, we set a confidence threshold of 0.6.
Only tags with a probability score exceeding
this threshold are identified as modifiers.

• Stolen Prompt Construction: To generate
the final output, we adopt the identical con-
catenation operation as described in the refer-
ence image work (PromptStealer). The identi-
fied modifiers are appended to the subject de-
scription to form the complete stolen prompt.

D Efficiency Analysis

Figure 4 presents the efficiency behavior of Au-
dioStealer on the Prompt2Music dataset, where

Figure 4: Efficiency analysis of Music Similarity scores
across shadow model queries.

both the target and shadow models are set to In-
spireMusic to eliminate potential interference from
model architecture differences. The convergence
pattern demonstrates that AudioStealer reaches
near-optimal performance within 80 queries to the
local shadow model.
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