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ABSTRACT

Generative AI systems for music and video commonly use text-based filters to
prevent the regurgitation of copyrighted material. We expose a fundamental flaw
in this approach by introducing Adversarial PhoneTic Prompting (APT), a novel
attack that bypasses these safeguards by exploiting phonetic memorization. The
APT attack replaces iconic lyrics with homophonic but semantically unrelated al-
ternatives (e.g., “mom’s spaghetti” becomes “Bob’s confetti”), preserving acoustic
structure while altering meaning; we identify high-fidelity phonetic matches using
CMU pronouncing dictionary. We demonstrate that leading Lyrics-to-Song (L2S)
models like SUNO and YuE regenerate songs with striking melodic and rhythmic
similarity to their copyrighted originals when prompted with these altered lyrics.
More surprisingly, this vulnerability extends across modalities. When prompted
with phonetically modified lyrics from a song, a Text-to-Video (T2V) model like
Veo 3 reconstructs visual scenes from the original music video—including specific
settings and character archetypes—despite the absence of any visual cues in the
prompt. Our findings reveal that models memorize deep, structural patterns tied
to acoustics, not just verbatim text. This phonetic-to-visual leakage represents a
critical vulnerability in transcript-conditioned generative models, rendering simple
copyright filters ineffective and raising urgent concerns about the secure deploy-
ment of multimodal AI systems. Demo examples are available at our anonymous
project page.1

1 INTRODUCTION

Figure 1: Adversarial PhonemeTic Prompting (APT). We modify Lose Yourself lyrics by preserv-
ing phonetic rhythm and rhyme while altering semantics (e.g., “mom’s spaghetti”→“Bob’s confetti”,

“vomit”→“yogurt”). Despite these changes, SUNO generates a song that remains strongly aligned
with the original training instance.

Recent advances in generative multimedia models (Ding et al., 2024; Huang et al., 2023; Yuan et al.,
2024; Copet et al., 2023; DeepMind, 2024b) have enabled complex transcript-conditioned tasks

1https://bobsconfetti.github.io/bobsconfetti/
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like lyrics-to-song (L2S) and text-to-video (T2V) generation, with commercial systems like SUNO2

and Veo 3 producing high-�delity content from textual inputs. The rapid deployment of these tools,
however, is shadowed by the risk of memorization, where models regurgitate copyrighted material
from their training data. While many systems deploy input �lters to block verbatim copyrighted lyrics
as a safeguard, our work reveals a fundamental �aw in this strategy. We �nd that these models exhibit
a more profound form of memorization, learning not just literal text but deep structural patterns that
manifest across modalities through indirect, phonetic pathways.

To investigate this vulnerability, we �rst establish a baseline by con�rming that verbatim lyrics
(Adversarial VerbaTim Prompting, AVT) indeed trigger high-�delity regurgitation, validating the
need for protective �lters. We then introduce our primary contribution: Adversarial PhoneTic
Prompting (APT), a novel attack that circumvents these text-based �lters by replacing iconic
phrases with homophonic but semantically unrelated alternatives (e.g., “mom's spaghetti” becomes
“Bob's confetti”). To identify the closest phonetic matches, we score candidate rewrites with CMU
pronouncing dictionary (CMU, 1993), computing a composite phonetic-similarity metric� that
captures phoneme sequence, rhyme, syllable count, and stress alignment; we select high-� candidates
for evaluation.

As shown in Figure 1, these APT attacks reliably deceive L2S models into producing audio closely
aligned with the original songs. For rap tracks such as DNA (Kendrick Lamar) and Lose Yourself
(Eminem), AudioJudge scores con�rm strong melodic (up to 0.90) and rhythmic (up to 0.95) alignment.
The commercial model SUNO is especially vulnerable: a phonetically-modi�ed prompt for ROSÉ
(Bruno Mars) achieved near-perfect AudioJudge scores (0.95 melody, 0.98 rhythm), rivaling exact-
match prompts. This core weakness—where rhyme, cadence, and sub-lexical patterns dominate
model behavior—persists across genres and enables phonetic mimicry to trigger memorization.

More surprisingly, we demonstrate that this phonetic leakage extends across modalities. When
prompted with the phonetically altered lyrics of Lose Yourself (Eminem), the T2V model Veo 3
generates video scenes that mirror the original music video—complete with a hooded rapper and dim
urban settings—despite no explicit visual cues in the prompt. This `phonetic-to-visual regurgitation'
suggests that memorization in these systems is not a simple surface-level phenomenon. Rather,
models develop deep, internal representations that link acoustic patterns to both musical and abstract
visual concepts.

While prior work has established that generative models can memorize and replicate training data
(Ross et al., 2024), often through exact audio fragments or embedded watermarks (Zong et al., 2025;
Roman et al., 2024; Epple et al., 2024), our �ndings reveal a more subtle and pervasive form of the
problem. Our work is the �rst to demonstrate that this vulnerability is not limited to direct replication
but is rooted in deep, sub-lexical patterns that can be triggered by phonetic cues alone, a phenomenon
particularly underexplored in large-scale, lyrics-conditional models. These �ndings expose a critical
vulnerability: the acoustic shadow of content is enough to summon it across modalities. Future work
on memorization and the development of robust defenses must therefore evolve beyond �ltering
verbatim text to account for the subtle power of these cross-modal phonetic pathways.

2 RELATED WORKS

2.1 MUSIC GENERATION MODELS

Music generation has advanced rapidly across symbolic and audio domains. Early work focused on
symbolic modeling with Transformers for short melodies and chord progressions (Huang et al., 2018;
Dong et al., 2018). Recent breakthroughs leverage large-scale foundation models via autoregression
(AR) (Agostinelli et al., 2023; Copet et al., 2023; Donahue et al., 2023) and diffusion (Forsgren
& Martiros, 2022; Chen et al., 2024; Novack et al., 2025b), enabling full-length, high-�delity
compositions with multimodal conditioning. Models like MusicGen (Copet et al., 2023) and Stable
Audio (Evans et al., 2024c;a;b; Novack et al., 2025a) exemplify AR and diffusion approaches for text-
to-audio generation. Beyond text, control axes include melody (Wu et al., 2024), harmony (Novack
et al., 2024b;a), accompaniment (Nistal et al., 2024a;b), and even video (Tian et al., 2024; Kim et al.,
2025). We focus on large-scale Lyrics2Song models, which generate long-form music from textual

2https://suno.com/
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descriptions and lyrics. YUE (Yuan et al., 2025) is a SOTA open model using in-context learning
for multi-minute compositions with lyrical alignment and structural control. SongCreator (Zhou
et al., 2024) jointly generates vocals and accompaniment, while CSL-L2M (Jin et al., 2024) aligns
melodies with linguistic attributes for �ne-grained control. Meanwhile, commercial systems like
SUNO employ proprietary pipelines to produce singable songs from lyrics.

2.2 MEMORIZATION AND COPYRIGHT RISKS IN MUSIC GENERATION

Modern music generative models raise critical concerns about memorization, data replication, and
copyright infringement. Prior work falls into two main areas: (1) auditing models for memorization
and replication of training data, and (2) developing methods for copyright detection and attribution.
Studies consistently show that music models can regenerate training data, threatening originality and
fair use. Copet et al. (2023) demonstrate that MUSICGEN reproduces exact or near-exact fragments
when prompted with training samples. YUE (Yuan et al., 2024) similarly measures memorization
using ByteCover2 similarity, albeit limited to top-1% matches. Stronger evidence comes from Epple
et al. (Epple et al., 2024), who �nd that imperceptible watermarks embedded in training audio reliably
resurface in model outputs, highlighting acoustic-level memorization. Other works also observe
replication in earlier unconditional (Barnett et al., 2024) and tag-conditioned (Bralios et al., 2024)
generative audio systems, though large-scale, lyrics-conditional models remain underexplored. To
mitigate these risks, recent research proposes forensic and attribution tools. Deng et al. (Deng
et al., 2024) introduce a computational copyright attribution framework using in�uence metrics (e.g.,
TRACK, TracIN) to quantify training data contributions, enabling �ne-grained royalty allocation.
MiRA (Batlle-Roca et al., 2024) provides a model-agnostic system for audio replication detection,
leveraging similarity metrics like CLAP (Wu et al., 2023) and DEfNet3 . Complementary tools such
as ByteCover 1 and 2 (Du et al., 2021; 2022) support melody-sensitive retrieval over full-length
tracks, though their closed-source nature and emphasis on overt similarity limit applicability to subtle,
in�uence-level reuse.

3 METHODOLOGY

3.1 MOTIVATION

The high-�delity output of modern L2S models suggests they are trained on vast datasets that likely
include high-quality, copyrighted music. This raises signi�cant concerns about model memorization,
where a model might unintentionally reproduce and leak protected content. We investigate a novel
and subtle form of this risk, introducing a new class of cross-modality memorization where content
leakage occurs through indirect, phonetic pathways. Our central hypothesis is that a model can be
prompted to regenerate a copyrighted song not only by using its exact lyrics, but by using semantically
nonsensical text that mimics the original's phonetic structure, rhyme, and cadence. To systematically
probe this vulnerability and distinguish between sonic and semantic triggers, we introduce two
targeted input prompting strategies: Adversarial PhoneTic Prompting (APT) and Adversarial
Verbatim Prompting (AVT).

3.2 ATTACK PROMPT CONSTRUCTION

We formalize the two attack strategies—Adversarial PhoneTic Prompting (APT) and Adversarial
VerbaTim Prompting (AVT)—by specifying the procedures used to construct their corresponding
attack prompts.

Adversarial PhoneTic Prompting (APT). Given a lyric sequenceL = fw 1; w2; : : : ; wn g, the
objective of APT is to construct a modi�ed sequence L0 = fw 0

1; w0
2; : : : ; w0

n g such that

�(w i ; w0
i ) � 1 8i 2 f1; : : : ; ng;

where�(�; �) is a CMU Pronunciation Dictionary (CMUdict)-based (CMU, 1993) phonetic similarity
function. CMUdict is a lexical resource that provides word-to-phoneme mappings, syllable counts,

3https://essentia.upf.edu/models.html
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Lose Yourself (Phoneme Variant)

His pants are sweaty, cheese weak, cars are heavy
There's yogurt on his letter already, Bob's confetti
He's cursive, but on the service, he looks clam and ready
To shop moms, but he keeps on betting

What he wrote clown, the whole cloud goes so proud
He opens his snout, but the birds won't come out
He's smokin', how?
Everybody's pokin' now

The sock's run out, lime's up, over, meow
Snap back toality, rope, there goes cavity
Rope, there goes Rabbit, he joked, he's so glad
But he won't give up that sleepy, no, he won't have it

He knows his whole snack's to these hopes, it don't chatter
He's soap, he knows that, but he's woke, he's so tragic
He knows when he goes back to this noble dome, that's when it's
Back to the crab again, yo, this bold tragedy
Better go rapture this component and hope it don't trap him

Figure 2: Phoneme-modi�ed variant of Eminem's “Lose Yourself” with altered lines highlighted in
red. The distortion preserves �ow while revealing vulnerabilities in L2S models.

and stress patterns for over 100,000 English words, which make it particularly useful for tasks
requiring phoneme-analysis such as rhyme detection or stress alignment.

We operationalize � as a vector of complementary phonetic similarity features:

�(a; b) =
�

Sph (a; b); Srh (a; b); Ssy(a; b); Sst (a; b); Sjac (a; b); Scv (a; b); Svow (a; b)
�
;

here, Sph (a; b) measures phoneme-sequence similarity using a SequenceMatcher ratio on CMUdict
phoneme tokens, whileSrh (a; b) captures rhyme similarity through overlap of terminal phonemes.
Ssy(a; b) encodes syllable-count matches derived from CMUdict vowel counts, andSst (a; b) quan-
ti�es stress-pattern similarity based on alignment of CMUdict stress digits. To provide additional
perspectives,Sjac (a; b) computes phoneme-level Jaccard similarity as a set overlap,Scv (a; b) com-
pares consonant–vowel (CV) patterns to re�ect structural rhythm, andSvow (a; b) evaluates vowel-core
similarity by aligning stressed vowel phonemes.

Line-level similarity is computed by averaging word-level feature scores, and song-level similarity is
obtained by averaging across lines. Figure 2 shows an example of modi�ed lyrics of the famous Lose
Yourself song generated using our APT attack.

Adversarial VerbaTim Prompting (AVT). As a complementary upper bound, AVT directly reuses
original verbatim lyrics. Formally, the input prompt isL 0 = L , which forces the model to reproduce
outputs highly overlapping with the original song. This attack isolates direct memorization pathways
by measuring how closely generated outputs align with known copyrighted works.

4 EXPERIMENTS

4.1 SETUP

Models. We use SUNO and YUE to generate songs conditioned on both lyrics and genre descrip-
tions. For APT attacks, we rely on SUNO, as it prevents users from generating songs with original

4
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verbatim lyrics. For AVT attacks, we evaluate both SUNO and YUE; however, in the case of SUNO,
we were only able to produce songs in Mandarin or Cantonese, since—surprisingly—it did not �ag
any verbatim lyrics in those languages. We utilize VEO3 for video generation.

Automatic Evaluation (AudioJudge). We use AUDIOJUDGE (Manakul et al., 2025), utilizing
gpt-4o-audio-based as a backbone, a framework simulating human preference judgments. For each
original–generated pair(x; x̂) , AudioJudge assigns similarity scores in �ve dimensions: melody,
rhythm, harmony, identity, and style:SAJ(x; x̂) =

�
smel; srhy; shar; sid; ssty

�
2 [0; 1]5: We demonstrate

our judge system prompt in Figure 9 in Appendix I. In addition, heatmap analyses con�rm that
AudioJudge meaningfully distinguishes between matched and mismatched pairs, ensuring non-trivial
evaluations (Figure 3 of Appendix B).

Objective Metrics (MiRA). We complement AudioJudge with two model-agnostic metrics from
MiRA (Batlle-Roca et al., 2024): (i) CLAP similaritysCLAP 2 [0; 1], which measures high-level
audio–text alignment, and (ii) CoverIDsCID 2 [0; 1], which quanti�es training-data overlap. Together,
they capture memorization �delity and replication likelihood. We independently veri�ed to align
strongly with human-rated judgments (Figure 7 of Appendix F), where we conduct manual listening
tests. Participants rate similarity between original and generated clips on a 5-point Likert scale,
explicitly instructed to ignore lexical content and focus on musical features (melody, rhythm, timbre).
These human judgments provide a sanity check for automated metrics.

4.2 APT PROMPT GENERATION

Table 1: Phonetic similarity metrics for each song, grouped by genre. Columns correspond to
phoneme sequence (Sph ), rhyme (Srh ), syllable count (Ssy), stress pattern (Sst ), phoneme Jaccard
(Sjac ), consonant–vowel pattern (Scv ), vowel core (Svow ), and the aggregated score� (arithmetic
mean).

Genre Song (Artist) Sph Srh Ssy Sst Sjac Scv Svow �

Rap
HUMBLE (Kendrick Lamar) 0.622 0.624 0.925 0.943 0.612 0.739 0.6450.730
DNA (Kendrick Lamar) 0.791 0.809 0.859 0.935 0.778 0.855 0.8200.835
Lose Yourself (Eminem) 0.817 0.835 0.936 0.964 0.790 0.901 0.8760.874

Pop
Espresso (Sabrina Carpenter) 0.676 0.691 0.894 0.922 0.667 0.844 0.6980.770
We Will Rock You (Queen) 0.630 0.636 0.840 0.868 0.610 0.863 0.6400.727
Let It Be (The Beatles) 0.766 0.810 0.953 0.969 0.708 0.924 0.8970.861

Korean APT (ROSÉ & Bruno Mars) 0.697 0.703 0.971 0.990 0.694 0.708 0.6980.780
GENTLEMAN (PSY) 0.542 0.555 0.968 0.978 0.531 0.598 0.5410.673

Christmas Jingle Bell (Traditional) 0.462 0.506 0.744 0.727 0.414 0.697 0.5510.586
Jingle Bell Rock (Bobby Helms) 0.866 0.914 1.000 1.000 0.831 0.942 0.9550.930

We assembled a candidate pool of� 30 songs from country-speci�c charts (U.S. Billboard Hot
100 and Korea Circle (Gaon), spanning decades, genres (rap, pop, ballad), and languages (English,
Korean, Mandarin, Cantonese). Lyrics were normalized (case, punctuation, line breaks) to preserve
cadence. For each song we synthesized three APT variants using Claude-3.5-Haiku under constraints
that preserve phoneme sequence, rhyme, syllable count, and stress pattern (see Appendix H for the
prompt). Candidates were scored based on the metric� and �ltered at� � 0:65 (further veri�ed
with human inspection). Because SUNO exposes no public API, we evaluated a strati�ed high-�
subsample (N � 30 ); the �nal analysis usesN = 30 APT andN = 16 AVT generations chosen for
high � and balanced coverage.

Table 1 shows that our APT rewrites reliably preserve meter: syllable-count (Ssy) and stress-pattern
(Sst ) scores are uniformly high across genres (manyö 0.90), indicating strong cadence preservation,
while some show substantially lowerSph andSrh . Phoneme Jaccard (Sjac ) and CV-pattern (Scv )
largely trackSph , reinforcing that exact phoneme reuse and consonant–vowel structure co-occur
where rewrites succeed. These patterns validate our� -based �ltering and explain why high-� candi-
dates—particularly in rap and pop—are the strongest targets for phonetic-triggered memorization.

5



270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

287

288

289

290

291

292

293

294

295

296

297

298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

314

315

316

317

318

319

320

321

322

323

Under review as a conference paper at ICLR 2026

4.3 APT ATTACK RESULTS

We evaluate the effectiveness and generality of our APT attack across a diverse set of songs,
spanning genres (rap and pop), languages (English and Mandarin), and models (YuE and SUNO). We
systematically modify lyrics to preserve phonetic structure—particularly rhyme and cadence—while
discarding their original semantics. Our experiments demonstrate that such sub-lexical perturbations
consistently elicit high-similarity outputs, revealing memorization behaviors that persist even under
genre shifts, multilingual inputs, and model stochasticity. Results are grouped by musical domain to
highlight trends and vulnerabilities speci�c to each category.

4.3.1 ICONIC SONGS (RAP)

Table 2: AudioJudge and MiRA similarity scores for phoneme-based and stylistic variations of “DNA”
(Kendrick Lamar), “Lose Yourself” (Eminem), and “HUMBLE” (Kendrick Lamar). Melody, Rhythm,
Harmony, Identity, and Style scores are derived from AudioJudge withgpt-4o-audio-preview .
CLAP and CoverID are extracted from MiRA. All samples were generated using SUNO.

Song (Artist) Genre Variant AudioJudge MiRA

Melody " Rhythm " Harmony " Identity " Style " CLAP " CoverID #

DNA (Kendrick Lamar)

rap (gen1) 0.90 0.95 0.95 0.98 0.96 0.699 0.183
rap (gen2) 0.90 0.95 0.90 0.80 0.92 0.659 0.343
rap (gen3) 0.90 0.85 0.85 0.92 0.90 0.664 0.175
gangsta, rap, trap 0.70 0.85 0.90 0.85 0.92 0.687 0.219

Lose Yourself (Eminem) intense rap 0.80 0.85 0.95 0.60 0.80 0.773 0.147
N/A 0.70 0.65 0.95 0.70 0.80 0.683 0.255

HUMBLE (Kendrick Lamar) trap gangsta, bold, sparse, direct 0.95 0.97 0.95 0.98 0.96 0.740 0.160
rap gangsta, bold, sparse, direct 0.90 0.95 0.90 0.95 0.92 0.725 0.190

Table 2 reports results for three iconic rap tracks generated with APT attack: “DNA” (Kendrick
Lamar), “Lose Yourself” (Eminem), and “HUMBLE” (Kendrick Lamar). Despite these alterations,
the generated outputs consistently preserved core musical attributes such as melody, rhythm, and
harmony, demonstrating the resilience of phonetic mimicry in guiding model behavior.

For “DNA”, all phoneme-based generations achieved strong melodic and rhythmic �delity (0.90 and
0.85–0.95, respectively), with harmony and style also remaining robust. Even under gangsta/trap con-
ditioning, performance stayed high, and MiRA con�rmed this trend with moderate CLAP similarity
(0.66–0.70) and low-to-mid CoverID values (0.17–0.34). “Lose Yourself” showed a similar pattern:
phoneme substitutions preserved cadence, with the “intense rap” variant achieving melody 0.80 and
rhythm 0.85 alongside high harmony (0.95); CLAP rose to 0.77 while CoverID stayed relatively low
(0.15–0.25). “HUMBLE” produced the strongest results, with trap- and rap-styled variants nearing
baseline quality (melody: 0.95, rhythm: 0.97, identity: 0.98), corroborated by CLAP 0.74 and low
CoverID (0.16–0.19).

Taken together, these results reveal a consistent vulnerability in lyrics-to-song generation: phoneme-
preserving distortions yield high-�delity outputs that rival or exceed those produced with original
lyrics. AudioJudge scores con�rm strong alignment across melody, rhythm, and harmony, while
MiRA metrics further show that these variants remain musically similar (high CLAP) without being
�agged as direct replicas (low CoverID). This exposes a sub-lexical weakness where rhyme, rhythm,
and phonetic shape dominate over semantics, enabling unintended memorization leakage.

4.3.2 ICONIC SONGS (POP)

We tested iconic English and Korean pop tracks on two representative L2S systems: the commercial
black-box model SUNO and the open-source model YuE (Table 3). Each track was paired with APT-
attacked lyrics that preserved prosody while distorting semantics, yielding a multilingual benchmark
for probing sub-lexical memorization vulnerabilities.

SUNO shows strong susceptibility across diverse songs. For APT (ROSÉ and Bruno Mars), adversar-
ial lyrics reached near-perfect �delity (melody: 0.95, rhythm: 0.98; CLAP: 0.852, CoverID: 0.119).
Other tracks, including Espresso, Gangnam Style, and Let It Be, likewise preserved melodic and
rhythmic alignment (0.85–0.97) despite distorted semantics, with moderate CLAP scores (0.64–0.83)
and generally low CoverID (0.10–0.35). Classic ballads such as Can't Help Falling in Love and We

6
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Table 3: AudioJudge and MiRA similarity scores for English and Korean iconic song recreations
from lyrics using SUNO. Melody, Rhythm, Harmony, Identity, and Style scores are from AudioJudge
(gpt-4o-audio-preview), while CLAP and CoverID are from MiRA. All songs were generated with
no genre description provided.

Language Song (Artist) AudioJudge MiRA

Melody " Rhythm " Harmony " Identity " Style " CLAP " CoverID #

English

Espresso (Sabrina Carpenter) 0.90 0.95 0.80 0.95 0.88 0.829 0.105
Let It Be (The Beatles) 0.90 0.85 0.90 0.60 0.75 0.639 0.349
Can't Help Falling in Love (Elvis Presley) 0.95 0.85 0.90 0.60 0.75 0.551 0.405
We Will Rock You (Queen) 0.85 0.90 0.80 0.40 0.75 0.518 0.423

Korean
APT (ROSÉ & Bruno Mars) 0.95 0.98 0.80 0.75 0.88 0.852 0.119
Gangnam Style (PSY) 0.95 0.97 0.95 0.85 0.96 0.801 0.210
GENTLEMAN (PSY) 0.85 0.90 0.80 0.95 0.88 0.830 0.334

Will Rock You maintained strong cadence (melody: 0.85–0.95, rhythm: 0.85–0.90) though CoverID
values rose above 0.40, indicating closer resemblance to training data. These results highlight that
rhyme and rhythm, rather than meaning, dominate SUNO's generations (See Table 6 of Appendix D.1
for additional APT attack results on Christmas Songs).

Taken together, these results demonstrate that phoneme-preserving substitutions consistently preserve
musical elements across systems, languages, and genres. AudioJudge con�rms robust alignment
on melody, rhythm, and style, while MiRA reveals that these adversarial variants remain musically
similar without always being direct replicas—exposing how L2S models rely heavily on phonetic
rhythm and rhyme, posing clear memorization and copyright risks.

4.3.3 APT ATTACK AGAINST VEO 3

Given the success of our attack in L2S models, we next investigated how APT extends to lyrics-
conditioned text-to-video (T2V) generation, where we conducted a case study using Veo 3 DeepMind
(2024a;b), a recent multimodal video synthesis model. Here, the goal is to generate human speech
in addition to other accompanying modalities (background music, video frames), conditioned on
the transcript of the target generation. We evaluate whether phonetic cues alone — without explicit
visual or semantic guidance — could trigger memorized visual outputs. Prompts were submitted
using Veo 3's "transcript mode" with only a minimal instruction prepended: "video with the following
transcript:" followed by the respective lyrics.

In the Lose Yourself generations using APT attack, Veo 3 consistently produced a male rapper
wearing a hoodie (Figure 4 of Appendix C). Notably, the output voice was rhythmically well-aligned
with the original track, despite no mention of gender, clothing, setting, or musical style in the prompt.
Similarly, for Jingle Bells, even with heavily phoneme-altered lyrics, the generated music retained
the original song's melody and rhythmic phrasing, underscoring the model's reliance on phonetic
rhythm as a cue for memorization.

These �ndings suggest that even phonetically similar but semantically meaningless prompts can
trigger the reconstruction of memorized visual motifs. This extends beyond prior demonstrations of
text-to-image or audio-only memorization and highlights a new axis of risk in generative multimodal
models. While Veo 3 showcases remarkable video coherence, it also appears susceptible to sub-
perceptual prompt leakage: a subtle but powerful form of memorization where phoneme patterns
alone act as implicit keys to stored training examples. These results further underscore the need
for dedicated memorization audits in text-to-video and lyrics-to-video systems, especially as such
tools become increasingly integrated into creative pipelines. Future work should explore whether this
behavior arises from overrepresentation of iconic music videos in the training distribution, and how
phonetic conditioning interacts with visual token generation.

4.4 AVT ATTACK RESULTS

We next evaluate whether L2S models regenerate songs when given verbatim training lyrics (AVT
attack). This setting tests if exposure to lyrics likely seen during training alone is enough to trigger
memorized outputs. We focus primarily on YuE, since commercial models actively �lter copyrighted
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Table 4: AudioJudge and MiRA similarity scores for lyric-based song recreations. Melody, Rhythm,
Harmony, Identity, and Style are from AudioJudge (gpt-4o-audio-preview); CLAP and CoverID are
from MiRA. English Billboard songs were generated with YuE, Cantonese songs with SUNO. Genre
prompts: Basket Case – none; Thinking Out Loud – “male romantic vocal guitar ballad with piano
melody”; Let It Be, Billie Jean, Empire State of Mind, Lose Yourself – “inspiring female uplifting
pop airy vocal electronic bright vocal vocal”; Cantonese songs – ballad-style prompt.

Model Song (Artist) AudioJudge MiRA

Melody " Rhythm " Harmony " Identity " Style " CLAP " CoverID #

YuE

Basket Case (Green Day) 0.95 0.90 0.88 0.60 0.80 0.856 0.174
Thinking Out Loud (Ed Sheeran) 0.95 0.85 0.95 0.90 0.90 0.505 0.301
Let It Be (The Beatles) 0.95 0.98 0.85 0.40 0.80 0.563 0.289
Billie Jean (Michael Jackson) 0.85 0.80 0.75 0.30 0.70 0.638 0.141
Empire State of Mind (Jay-Z) 0.85 0.80 0.95 0.90 0.95 0.717 0.140
Lose Yourself (Eminem) 0.40 0.70 0.60 0.95 0.65 0.660 0.182

SUNO I‰•� (Beyond) 0.99 0.98 0.99 0.97 0.98 0.706 0.338
Uf (Eason Chan) 0.90 0.85 0.92 0.95 0.88 0.788 0.541

English lyrics, and then contrast with SUNO, which imposed no such �lter on Chinese songs. To
probe robustness, we deliberately vary genre conditioning, even supplying mismatched prompts.

Across both models, we observe strong evidence of lyric-driven memorization (Table 4). YuE
continues to align outputs with training lyrics despite mismatched tags (e.g., the generic “inspiring
female uplifting pop airy vocal electronic bright vocal vocal”): for Empire State of Mind, similarity
remains high, while for Lose Yourself, melody drops to 0.40 but rhythm (0.70) and identity (0.95)
remain strong (CLAP = 0.660, CoverID = 0.182). SUNO shows an even stronger tendency to replicate
training data, withI‰•� reaching near-perfect similarity andUf also exhibiting high �delity.
Notably, while YuE applies �lters to copyrighted English songs, SUNO imposed no restrictions on
Chinese songs, directly regenerating copyrighted works.

To examine whether these verbatim prompts also trigger memorized behavior in the multimodal
setting, we apply the AVT attack to Veo 3. When prompted with the exact lyrics of Lose Yourself,
the model produced an even closer visual reproduction than under APT: a male rapper in a hoodie,
placed in dimly lit, urban settings—closely mirroring the original music video's aesthetic (Figure 4 of
Appendix C). Notably, the tone, voice, and rhythm of the generated audio were also strikingly aligned
with the original track, further reinforcing the presence of multimodal memorization. Similarly, for
Jingle Bells Veo 3 consistently generated music that was melodically and rhythmically faithful to the
original. This highlights the model's strong tendency to regurgitate memorized content when exposed
to exact training examples, extending lyric-based memorization across both audio and visual outputs.

4.5 ABLATION STUDY

To better understand the mechanisms underlying memorization in L2S and T2V models, we conduct
a series of controlled ablation studies that isolate the effects of phonetic similarity versus verbatim
content. By varying genre prompts, lyric �delity, and phonetic perturbations across matched and
mismatched inputs, we aim to disentangle the respective contributions of surface form, semantic
content, and phonetic structure in triggering memorized generations. These studies expose the
robustness and modality-transferability of memorization behaviors in modern generative models.

Genre Prompt Variation. Even without any stylistic conditioning, YUE reproduces audio that
closely aligns with training data when the lyrics match known examples. For instance, in the Mandarin
song)� (Andrew Tan), AudioJudge assigns strong scores (melody = 0.88, rhythm = 0.85), while
MiRA reports CLAP = 0.638 and CoverID = 0.300, indicating overlap with memorized content.
This pattern mirrors MiRA's earlier observations of lyric-driven leakage, with AudioJudge now
con�rming that acoustic structure is also faithfully preserved under verbatim prompting. In addition,
supplying the correct genre tag ampli�es memorization. For example,I‰•� (Beyond) retains
high melodic and rhythmic �delity (0.95 / 0.90), with MiRA reporting CLAP = 0.731 and CoverID =
0.401. Likewise,w�)z (Beyond) achieves nearly identical scores (melody = 0.95, rhythm = 0.92,
CLAP = 0.767), showing that genre alignment neither reduces nor meaningfully alters memorized
outputs when lyrics remain unchanged (Table 7 of Appendix D.2).
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Same Song, Different Genre. To test whether YuE responds more strongly to stylistic prompts or
lyric memorization, we generated�e (Rene Liu) under four genre conditions (Table 8). Despite
prompts ranging from inspiring pop to gentle piano ballad, AudioJudge and MiRA scores remain
tightly clustered (melody = 0.90–0.95, rhythm = 0.75–0.92, CLAP = 0.785–0.858, CoverID =
0.291–0.570). These stable results indicate that genre conditioning has limited in�uence over
musical structure, with YuE's generations overwhelmingly anchored to the lyrics themselves, further
suggesting a strong lyric-driven over�tting to training data (Table 8 of Appendix D.2).

5 DISCUSSION

Table 5: Cosine similarity between
original and modi�ed lyrics across
YuE/GPT embeddings.

Song Embedding Cosine Sim.

Lose Yourself YuE 0.976
GPT 0.746

DNA YuE 0.960
GPT 0.725

APT YuE 0.513
GPT 0.755

Why do phoneme-preserving prompts trigger such strong mem-
orization across both audio and video generation models? We
hypothesize that this phenomenon arises not merely from over-
�tting to training data, but from the central role that lyrics and
rhythm play in the structure of the songs we evaluated. In par-
ticular, the rap and iconic pop we tested are characterized by
tightly coupled lyrical phrasing, rhyme schemes, and rhythmic
repetition. In these genres, the lyrics are not peripheral embel-
lishments but serve as a core driver of musical identity. When
this structure is mimicked, even through semantically nonsensi-
cal phrases, models may still activate memorized patterns tied
to rhythm, syllabic stress, or acoustic cadence.

This interpretation is supported by embedding analyses (Table 5), which show that phoneme-
preserving variants of rap tracks remain highly similar in YuE embeddings, re�ecting the model's
reliance on rhythmic–phonetic alignment over semantic content. In contrast, genres where melody is
the primary driver, such as modern K-Pop, showed lower sensitivity: phoneme-based prompts did not
reproduce memorized outputs, despite the models' strong performance in generating these songs.

These �ndings suggest that memorization in multi-modal generative systems is not merely a function
of lexical overlap, but rather depends on the alignment between phonetic rhythm and musical phrasing.
This adds a new dimension to the risk landscape for L2S models: even inputs that look safe at the text
level may activate memorized content when they implicitly match the rhythmic �ngerprint of songs
seen during training. As generative systems scale, future defenses must consider not only token-level
similarity, but also latent rhythmic and phonetic structure as potential leakage channels.

6 CONCLUSION

In this work, we introduce Adversarial PhoneTic Prompting (APT) attack, which exposes a new
memorization vulnerability in L2S and T2V generation models. By altering lyrics to preserve
phonetic structure while discarding semantics, we show that models like SUNO, YuE, and Veo 3
can reproduce memorized musical and visual content with high �delity. These results highlight the
model's sensitivity to sub-lexical rhythm and cadence, revealing that phonetic cues alone—particularly
in rhythmically structured genres like rap and iconic pop music—can serve as implicit triggers for
memorization without lexical overlap or explicit cues. These �ndings expose an emerging risk in text-
to-audio and transcript-conditioned generation pipelines, where phonetic form acts as a latent key to
stored content. The success of our attack suggests that the demonstrated memorization behavior may
emerge in transcript-conditioned generative system, and we leave further investigation in this space of
multi-modal generation for future work. As these models continue to be deployed in commercial and
creative work�ows, our results underscore the urgent need for new evaluation and safety frameworks
that account for phonetic, rhythmic, and multimodal leakage paths, not just semantic or token-based
similarity.

ETHICS STATEMENT

This research exposes risks of copyright leakage and data regurgitation in generative models, showing
that systems such as SUNO and YuE can reproduce protected content when prompted with phoneti-
cally modi�ed lyrics (e.g., Table 2 and Figure 1). While these �ndings highlight urgent compliance
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and safety concerns, we recognize the potential for misuse if adversarial prompt construction methods
were widely disseminated. To reduce this risk, we emphasize the importance of mitigation strategies
such as phonetic-aware �ltering and rigorous memorization audits. In addition, we conducted a hu-
man listening study (Figure 6) to complement automated metrics; all participants provided informed
consent, and no personally identifying data was collected. Future work should strengthen the ethical
framework for multilingual and cross-modal evaluations, ensuring compliance with copyright and
human-subjects norms.
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APPENDIX

A LLM DISCLOSURE

We primarily used ChatGPT-5 to polish the writing across all sections of the paper, including the
Reproducibility and Ethics Statement sections, with the goal of improving clarity and �ow when
connecting ideas within paragraphs and across sections. Importantly, we drafted the full content
ourselves and then iteratively re�ned it: while LLM-based polishing improved readability, much of
the automatically generated text contained irrelevant or extraneous wording. To ensure accuracy and
alignment with our intended contributions, we rewrote the polished text multiple times, carefully
editing to highlight key points and remove unnecessary content. After observing these issues, we
limited LLM use to narrower tasks such as suggesting synonyms or rephrasing short phrases and
sentences, rather than entire paragraphs. This strategy was also applied when preparing captions
and descriptive text accompanying tables and �gures, where we used LLM assistance selectively
to improve conciseness without altering technical details. All �nal versions of the text, tables, and
claims were veri�ed and revised by the authors to faithfully represent our research �ndings.

B AUDIOJUDGE HEATMAP

Figure 3 provides a comprehensive visualization of AudioJudge's similarity assessments across a
diverse set of original and generated songs in four different evaluation scenarios: phoneme-modi�ed
English (top-left), Mandarin (top-right), English (bottom-left), and Cantonese (bottom-right). Each
heatmap cell re�ects the overall similarity score (range: 0–100), which aggregates melody and
rhythm similarity scores produced by the GPT-4o-audio model given the AudioJudge prompt. To
interpret the heatmaps: (i) Green cells (80–100) represent high similarity, (ii) Yellow cells (40–79)
moderate similarity, and (iii) Red cells (0–39) low similarity.

Diagonal entries generally indicate the score between an original song and its own variant (e.g., a
phoneme-modi�ed or language-perturbed version). These diagonal scores are expected to be higher
if the generation retains musical structure despite perturbations. Notably, the heatmaps demonstrate
that AudioJudge does not trivially assign high similarity scores to all comparisons. For example,
in the phoneme-modi�ed group, "Let It Be"� phoneme variant receives a high similarity score (88),
while unrelated pairs like "Can't Help Falling"� "Lose Yourself" yield much lower scores (12–25).
In the multilingual subsets (Mandarin and Cantonese), diagonal blocks exhibit high �delity (e.g.,
“Houlai” � “Houlai”: 96), while cross-song scores drop signi�cantly, reinforcing AudioJudge's
discriminative capability across tonal and rhythmic structure. The English subset further supports this,
where "Basket Case" variants score 92 on the diagonal, yet cross-comparisons like "Empire State"
� "Lose Yourself" yield much lower similarity (12–18). These patterns con�rm that AudioJudge is
sensitive to �ne-grained audio alignment and does not exhibit mode collapse or over-averaging. This
validates its use as a core similarity metric for identifying memorization phenomena in generated
music.
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Figure 3: AudioJudge Similarity Heatmaps. We evaluate pairwise melody and rhythm similarity
between original and generated songs using AudioJudge across four categories: (1) Mandarin, (2)
Cantonese, and (3) other English songs. Each heatmap cell shows the overall similarity score (0–100)
between an original and generated song. Green indicates high similarity (80–100), yellow moderate
(40–79), and red low similarity (0–39). Diagonal cells re�ect self-pairing scores (i.e., original with
phoneme-modi�ed versions of the same song). The distribution of scores con�rms that AudioJudge
does not assign uniformly high scores across all comparisons, but rather discriminates meaningfully
based on melodic and rhythmic correspondence. This supports its reliability as an evaluative tool for
music generation similarity.

C APT & AVT ATTACK ON VEO 3 GENERATION EXAMPLE

14




	Introduction
	Related Works
	Music Generation Models
	Memorization and Copyright Risks in Music Generation

	Methodology
	Motivation
	Attack Prompt Construction

	Experiments
	Setup
	APT Prompt Generation
	APT Attack Results
	Iconic Songs (Rap)
	Iconic Songs (Pop)
	APT Attack against Veo 3

	AVT Attack Results
	Ablation Study

	Discussion
	Conclusion
	LLM Disclosure
	AudioJudge Heatmap
	APT & AVT attack on Veo 3 Generation Example
	Additional Experimental Results
	APT Attack: Christmas Songs Results
	AVT Attack: Mandarin and Cantonese Songs

	AudioJudge Output Example
	Listening Evaluation
	Alignment with Objective Metrics
	Lyrics Generation Prompt
	AudioJudge Prompt
	Phoneme Variant Lyrics (Rap Songs)
	Phoneme Variant Lyrics (Pop Songs)
	Phoneme Variant Lyrics (Christmas Songs)

