
Supplementary Material

Appendix
In this supplemental document, we provide additional tech-
nical details, expanded analyses, and extended results that
complement the main paper:
• A.1: We present a detailed derivation of flow matching,

including its ODE formulation, connections to diffusion
models, training objectives, and theoretical properties rel-
evant to deterministic generative flows.

• A.2: We detail the truncated inversion-free editing pro-
cedure, analyze the role of temporal parameters tmin and
tmax, and discuss how different regions of the flow tra-
jectory contribute to structure–detail trade-offs in music
style transfer.

• A.3: We detail hyperparameters, preprocessing, dataset
statistics, and evaluation pipeline configurations for re-
producibility.

• A.4: We report further empirical studies, including text-
length sensitivity, genre-specific transfer difficulty, and
visual-encoder ablations, providing deeper insights into
the behavior of multimodal style conditioning.

• A.5: We describe the subjective evaluation process, in-
cluding interface design, rating criteria, and instructions
provided to participants.

• A.6: We showcase additional visualizations, spectrogram
comparisons, and audio examples illustrating multimodal
control, melody preservation, and stylistic diversity.

A.1 Flow Matching
Flow matching provides a deterministic alternative to
diffusion-based generative modeling by directly learning a
time-dependent velocity field that transports a simple base
distribution to the data distribution. This section summa-
rizes the formulation and clarifies its theoretical connection
to diffusion models.

Diffusion models and the probability flow ODE define a
forward noising process as an Itô SDE:

dxt = f(xt, t) dt+ g(t) dwt, t → [0, 1], (10)

where xt → Rd denotes the latent at time t, f(·, t) is a drift
term, g(t) is a scalar (or diagonal) diffusion coefficient, and
wt is a standard Wiener process. This process gradually
perturbs clean data x1 ↑ p1 into a simple prior x0 ↑ p0.
The corresponding reverse-time SDE is

dxt =
(
f(xt, t)↓ g(t)2↔x log pt(xt)

)
dt+ g(t) dw̄t,

(11)

where w̄t is a reverse-time Wiener process, pt is the
marginal density and ↔x log pt is the score function.

Song et al. [58] showed that this reverse SDE shares
the same marginal densities as the deterministic probabil-
ity flow ODE:

dxt

dt
= f(xt, t)↓ 1

2g(t)
2↔x log pt(xt), (12)

where the right-hand side can be interpreted as a velocity
field that transports p0 to p1. Thus, diffusion sampling can
be viewed as integrating an ODE governed by an unknown
velocity field involving the score.

Deterministic flows and flow matching [32, 35] avoid
score estimation by directly learning a velocity field vω(x, t)
such that the ODE:

dzt
dt

= vω(zt, t), z0 ↑ p0, (13)

where zt → Rd is the flow state at time t, and p0 is a simple
base distribution (e.g., Gaussian). The goal is push forward
the distribution p0 to the data distribution p1. Instead of es-
timating ↔x log pt, the key idea is to synthesize reference
trajectories for which the true velocity can be computed an-
alytically. Given a coupling ω(x0, x1) between p0 and p1,
define an interpolation path zt = εt(x0, x1), for example
the linear interpolation:

εt(x0, x1) = (1↓ t)x0 + tx1. (14)

Along this path, the target (supervisory) velocity is:

vε(zt, t) =
d

dt
εt(x0, x1) = x1 ↓ x0. (15)

The flow matching loss trains vω to match this velocity:

L = Ex0,x1,t

[∥∥vω
(
εt(x0, x1), t

)
↓ vε

(
εt(x0, x1), t

)∥∥2
2

]
,

(16)

where x0, x1 ↑ ω and t ↑ U(0, 1). Once trained, sam-
pling reduces to integrating the deterministic ODE above,
yielding a noise-free and typically more stable generation
process. Rectified flows [35] extend this idea by choosing a
nonlinear interpolation:

ε(ϑ)
t (x0, x1) = (1↓ tϑ)x0 + tϑx1, ϑ > 1, (17)

whose derivative vεϑ(zt, t) = ϑtϑ→1(x1 ↓x0) “straightens”
trajectories and improves sample quality at few integration
steps. Conceptually, flow matching can be viewed as di-
rectly learning the velocity of a probability flow ODE, while
diffusion learns scores that implicitly define that ODE. This
links the two paradigms: diffusion models solve generative
modeling through stochastic processes and score estima-
tion, whereas flow matching solves it through supervised
velocity learning and deterministic transport.



Figure 5. Chroma visualizations under different tmax and tmin configurations. Varying tmax produces minimal change, while changes in
tmin strongly affect harmonic structure and melodic preservation.

A.2 Truncated Inversion-Free Editing
A distinguishing aspect of FlowEdit [26] is its use of tem-
poral truncation to control where semantic editing occurs
along the rectified flow trajectory. Although this mecha-
nism is not the conceptual core of rectified flow, it plays a
practical and influential role in how editing strength is dis-
tributed across different noise levels. In this appendix, we
explore the behavior of the two associated hyperparameters
– tmax and tmin – and analyze how they shape the outcome
of inversion-free music style transfer.

This design arises from the well-established observation
in flow and diffusion models that different time regions
encode different semantic granularities: high-noise (early)
states capture global structure, while low-noise (late) states
encode fine-grained details such as texture, timbre, and lo-
cal harmonic variations. Prior analyses of rectified flows
[32, 35] establish that the flow trajectory is not semantically
uniform. FlowEdit operationalizes this property by allow-
ing users to truncate editing to a subinterval [tmin, tmax],
thereby deciding how much global structure and how much
fine-scale detail should be rewritten.

To clarify how this mechanism functions, we provide a
more detailed description of FlowEdit’s editing dynamics.
During the semantic editing phase (t → [tmin, tmax]), the
noisy source state is reconstructed by:

Zsrc
ti = (1↓ ti)X

src + tiNti , (18)

where Xsrc is the clean source latent, Nti is the noise sam-
ple associated with time ti, and Zsrc

ti denotes the recon-
structed source trajectory at step ti. A target-aligned per-
turbation is then constructed by:

Ztar
ti = ZFE

ti + Zsrc
ti ↓Xsrc, (19)

where ZFE
ti is the current edited latent at time ti and Ztar

ti
inherits target semantics (through ZFE

ti ) while maintaining
the structural offset between the reconstructed and clean
source. This construction injects target semantics while pre-
serving the structural offset from the reconstructed source.

Semantic deviation between target and source flows is cap-
tured by the velocity difference:

V !
ti = V tar(Ztar

ti , ti) ↓ V src(Zsrc
ti , ti), (20)

where V tar and V src denote the velocity fields (i.e., flow
derivatives) for the target and source conditions, respec-
tively. And V !

ti measures the semantic shift required to
steer the source trajectory toward the target style. This
equation can be integrated into the edited state via:

ZFE
ti→1

= ZFE
ti + (ti→1 ↓ ti)V

!
ti . (21)

This step is the only part of the trajectory where the model
is allowed to modify semantic content; therefore the inter-
val [tmin, tmax] fully determines the region where editing
occurs.

Once the trajectory reaches tmin, FlowEdit enters a sec-
ond deterministic refinement pass. Here, no further seman-
tic differences are applied; instead, the edited state is trans-
ported purely under the target flow so that it remains con-
sistent with the target distribution while avoiding unneces-
sary perturbation of low-level details. This refinement is
expressed by:

Ztar
ti→1

= Ztar
ti + (ti→1 ↓ ti)V

tar(Ztar
ti , ti), (22)

for all ti ↗ tmin. Unlike the editing phase, this step pre-
serves the fine-scale structure already established, effec-
tively “locking in” the edited content as it approaches t = 0.

When adapting this mechanism to audio-based style
transfer, we observe clear domain-specific behavior. As
shown in Fig. 5, varying tmax has little audible effect,
consistent with the fact that early-time flow states encode
coarse structural cues that typically do not require modifi-
cation. In contrast, changes to tmin produce pronounced
differences in melodic and stylistic outcomes. Since states
near t = 0 contain fine-grained harmonic and temporal de-
tails, deeper editing in this region directly influences musi-
cally salient structure. The chroma visualizations confirm
this: smaller tmin values increase editing depth but risk



Figure 6. Distribution of the 16 annotated musical genres in our multimodal dataset ( about 15k samples). The corpus is relatively balanced,
with Folk, Electronic, and Classical containing slightly more samples and the remaining categories distributed evenly.

melody drift, whereas larger values better preserve pitch-
class identity.

These findings support the broader theoretical consensus
that temporal coordinates in rectified flows exhibit seman-
tic non-uniformity: early steps correspond to global struc-
ture, and late steps encode local detail. For music, where
fine-scale harmonic and melodic structure is crucial, tmin

emerges as the dominant control parameter. Our truncated
inversion-free editing therefore places primary emphasis on
tuning tmin, which provides a principled mechanism for
balancing musical fidelity against stylistic transformation.
In practice, we perform hyperparameter search on the vali-
dation set and select tmax = 23 and tmin = 15 as the opti-
mal configuration.

A.3 Experiments Setup
Train Configuration. For our method, we adopt Make An
Audio 3 (MAA3) [70] as the backbone given its strong flow-
based performance and efficient inference. The backbone is
frozen, and only the cross-adapter is trained. Training is
performed for 20 epochs with a learning rate of 1 ↘ 10→5

and a batch size of 16. The melody-guided rate ϖ is set to
1 ↘ 10→4 with a step size of 2 and a weight ϱchr of 1. The
dataset is split into training, validation, and test sets with an
8:1:1 ratio, with identical data splits and prompt settings for
fair comparison. All models are implemented in PyTorch
and trained on L40S GPUs.
Dataset. We construct a unified multimodal corpus by reor-
ganizing and extending samples from MeLBench and Mu-
sicCaps into coherent triplets ≃I, T,M⇐, where each triplet
contains a visually descriptive image, a text prompt, and an
audio clip. Because the original music captions from these
datasets are often noisy, stylistically inconsistent, or overly
literal, we apply an LLM-assisted refinement procedure to
obtain clean genre annotations and structured semantic de-

scriptions in two stages.
In the first stage, GPT-4 is prompted to classify each

sample into one of sixteen predefined musical genres.
Given a raw caption such as “This song is a pop tune with
a medium tempo, featuring an electric guitar,” the model
selects the most suitable genre from a fixed list, ensuring
consistency by repeating the classification twice indepen-
dently and accepting only samples with matching predic-
tions. This procedure yields a reasonably balanced genre
distribution: folk, electronic, and classical contain moder-
ately more samples, followed by pop, while the remain-
ing genres have roughly comparable counts (visualized in
Fig. 6).

In the second stage, we convert every free-form cap-
tion into a structured representation that minimizes linguis-
tic noise and improves conditioning stability. For instance,
the caption above is rewritten as “{clean e-guitar playing
& all}, {live performance ambiance & all}”, which dis-
entangles instrumentation, ambience, and stylistic factors
into a compact semantic form. This structured normaliza-
tion helps the model align text, image, and music more re-
liably during style transfer. Finally, to focus on melodic
and harmonic content, we apply Demucs to remove vocals
from all audio tracks, keeping purely instrumental stems
across the corpus. The resulting dataset provides mul-
timodally aligned, genre-aware, and stylistically coherent
samples suitable for fine-grained music style transfer.
Evaluation Metrics. To comprehensively assess the ef-
fectiveness of our multimodal music style transfer frame-
work, we evaluate both objective and subjective aspects of
the generated audio. Objective metrics quantify structural
fidelity, stylistic alignment, and multimodal consistency,
while subjective ratings capture human perception of audio
quality, prompt relevance, and melodic similarity. Together,
these metrics provide a holistic view of how well a model



Figure 7. Effect of text length on multimodal conditioning. The orange curve (“txt cap + img cap”) uses the full textual input, meaning
the model is conditioned on both the music-description caption and the image-description caption, while the gray dashed line corresponds
to conditioning on the music prompt together with the image.

preserves musical identity while adapting to the target style.
1) Objective Evaluation. Our objective evaluation focuses
on two key dimensions of music style transfer: (1) structural
preservation – melody, harmony, and tonal integrity with re-
spect to the source, and (2) stylistic consistency – alignment
with the target domain and multimodal prompts. To this
end, we employ five complementary metrics: FAD and FD
for distributional style similarity, IMSM for cross-modal
coherence, and F0-PCC and Chroma-CQT for melody and
harmonic preservation. Below, we briefly summarize each
metric and its relevance to MST performance.

• Fréchet Audio Distance (FAD). FAD [24] extends the
Fréchet Inception Distance (FID) [17] from images to au-
dio by comparing the mean and covariance of embed-
dings extracted from a pretrained VGGish network [16]
between generated and reference (target-style) audio sets.
It quantifies overall perceptual distributional distance and
correlates well with human judgments of quality.

• Fréchet Distance (FD). FD adopts the same Gaussian-
assumption formulation as FAD but employs PANNs [25]
as the embedding extractor, offering a complementary
measure of distributional alignment between generated
and target-style music.

• Image–Music Similarity Metric (IMSM). IMSM [4]
measures multimodal consistency between generated mu-
sic and its textual–visual prompts by combining CLIP-
based image–text and CLAP-based audio–text similari-
ties. The similarity matrix AIMSM = ACLIPA↑

CLAP cap-
tures joint semantic alignment across modalities.

• Fundamental Frequency Correlation (F0-PCC). To
evaluate melody preservation, we compute the Pearson
correlation coefficient [3] between the F0 contours of
source and transferred audio. This metric emphasizes
pitch-contour consistency while being robust to timbral
variation [28, 45].

• Chroma-CQT Similarity. Chroma features summarize
energy across the 12 pitch classes (C–B) independent of
octave, capturing harmonic and tonal information while

being largely invariant to timbre. We extract chroma fea-
tures using the Constant-Q Transform (CQT) [55] and
compute the cosine similarity between source and trans-
ferred chromagrams. Higher Chroma-CQT values indi-
cate better preservation of harmonic and tonal structure.

2) Subjective Evaluation. We employ three subjective
metrics to assess perceptual quality: Overall Audio Quality
(OVL), Relevance to Prompt (REL), and Melodic Consis-
tency (MOScon). All ratings are collected on a 0–100 scale,
with 15 participants evaluating randomized samples to min-
imize bias.
• Overall Audio Quality (OVL). OVL measures the per-

ceived realism and clarity of the generated music. Partici-
pants are asked to rate how natural, coherent, and artifact-
free each audio clip sounds, following the MOS protocol.

• Relevance to Prompt (REL). REL quantifies how well
the generated audio aligns semantically and stylistically
with the conditioning inputs (image and/or text). Listen-
ers examine the provided prompt and evaluate thematic,
emotional, and stylistic correspondence.

• Melodic Consistency (MOScon). MOScon assesses the
preservation of melodic structure between source and
transferred audio. Raters listen to paired samples and
score the perceptual similarity of their melodic contours,
ignoring timbral or instrumentation differences.

A.4 Additional Experiments
Effect of Text Length. To examine how textual length
influences multimodal conditioning, we analyze caption
length under two settings: (1) a text-only configuration,
where the model receives a concatenation of the music
description and the image caption, and (2) a combined
text–image configuration, where the raw image serves as
an additional conditioning modality. As shown in Fig. 7,
increasing caption length in the text-only setting generally
improves performance, since richer descriptions provide
stronger semantic grounding. However, excessively long



Table 5. Comparison of different encoder configurations.

Encoder(s) FAD⇒ FD⇒ IMSM⇑ OVL⇑ REL⇑ MOScon⇑

CLIP + ViT 2.43 24.06 0.828 89.27 88.13 89.20
CLIP 2.68 25.33 0.807 87.93 86.47 88.27
ViT 3.12 26.47 0.792 86.67 85.73 87.07

Table 6. Variability across genre-to-genre transfers. Embedding similarity indicates stylistic similarity; lower values suggest closer styles
and easier transfer.

Source → Target Similarity FAD⇒ FD⇒ IMSM⇑ F0-PCC⇑ CCS⇑ OVL⇑ REL⇑ MOScon⇑
Blues → Metal 0.57 2.87 25.18 0.794 0.425 0.880 87.60 87.27 87.67
Blues → Jazz 0.69 2.38 23.25 0.836 0.408 0.872 89.53 88.20 89.40

Blues → Classical 0.62 2.61 24.10 0.812 0.417 0.876 88.40 87.73 88.53

Rock → Metal 0.71 2.20 22.85 0.848 0.402 0.870 90.13 89.13 90.33
Rock → Jazz 0.59 2.78 24.95 0.803 0.430 0.884 87.07 86.47 87.80

Rock → Classical 0.60 2.73 24.40 0.815 0.423 0.879 87.67 86.93 88.07

captions introduce redundant or noisy information, leading
to a slight degradation in performance. In contrast, the com-
bined text–image configuration, evaluated using the optimal
caption length selected via hyperparameter search, achieves
consistently superior performance compared to all text-only
variants, indicating that the visual modality supplies concise
and unambiguous stylistic cues, and the model relies less on
highly verbose text.

Effect of Visual Encoders. To examine the role of different
visual encoders in our multimodal conditioning pipeline,
we evaluate three configurations, as shown in Tab. 5, the
system that uses both CLIP and ViT, the system that uses
only CLIP, and a system that uses only ViT. The configura-
tion employing both encoders achieves the strongest over-
all performance. We conjecture that this advantage arises
from the complementary nature of the two architectures.
CLIP tends to capture higher-level semantic and stylistic at-
tributes, whereas ViT is more attuned to global spatial com-
position and visual structure. When combined, these dis-
tinct forms of information appear to provide richer visual
conditioning signals, which in turn lead to more stable style
transfer.

Variability Across Genre-to-Genre Transfers. We eval-
uate multiple source–target genre pairs to investigate how
stylistic similarity influences transfer quality. As summa-
rized in Tab. 6, genre pairs with higher similarity generally
achieve better objective and subjective scores, while pairs
with lower similarity exhibit moderate declines, particularly
in target-oriented metrics such as FAD, FD, IMSM, OVL,
and MOScon. Despite these variations, the overall differ-
ences remain modest, indicating that the model maintains
stable performance across diverse genre transitions.

A.5 User Study
To assess perceptual quality and multimodal alignment,
we conducted a controlled subjective evaluation with fif-
teen volunteers from our institution, each compensated
$10 USD. Participants rated three perceptual dimensions
of the generated audio – overall quality, stylistic relevance,
and melodic consistency. Each participant completed two
evaluation sessions corresponding to our two conditioning
modes: a text-only session, where only the caption was pro-
vided, and a text+image session, where both the visual ref-
erence and caption were shown. This setup enables a di-
rect measurement of how visual cues influence human judg-
ments of stylistic alignment. Each participant evaluated 20
samples per condition (40 total), presented in randomized
order and freely replayable, with an average study duration
of about 18 minutes.

The evaluation interface (Fig. 8) was implemented as a
web-based tool. For each sample, the interface displayed
the conditioning prompt(s) alongside two audio players:
one for the source clip and one for the generated output.
Participants assigned 0–10 scores for Overall Audio Qual-
ity (OVL), Style Relevance (REL), and Melodic Consis-
tency using slider controls, and selected their participant
ID prior to submission. All responses were automatically
logged with timestamps and associated metadata.

A.6 Additional Cases
We present additional qualitative examples in Figs. 9–15 to
illustrate how our model responds to different text–image
prompts. Each case shows the input conditions and the
resulting Mel-spectrograms, enabling visual inspection of



Figure 8. Participants are presented with the conditioning prompts (image, text, or both), along with the source audio and the generated
audio. They rate each sample along three dimensions – Overall Audio Quality (OVL), Style Relevance (REL), and Melodic Consistency –
using 0–10 sliders. A participant ID dropdown ensures proper tracking before submission.

stylistic changes and the preservation of melodic structure.
These examples complement the main results and offer a
clearer view of the model’s multimodal editing behavior.
For completeness, we also include the corresponding audio
samples in the supplementary materials.



Figure 9. The Classical to Jazz style transfer. The figure shows the visual–text prompt with the source classical mel-spectrogram, followed
by the same prompt paired with the generated jazz mel-spectrogram.

Figure 10. The Traditional to Blues style transfer.



Figure 11. The Blues to Classical style transfer.

Figure 12. The Rock to Classical style transfer.



Figure 13. The Folk to Latin style transfer.

Figure 14. The Jazz to Blues style transfer.



Figure 15. The Folk to New Age style transfer.
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