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ABSTRACT

Recent advances in deep generative modeling have en-
abled high-quality models for musical audio synthesis.
However, these approaches remain difficult to control, con-
fined to simple, static attributes and, most importantly, en-
tail retraining a different computationally-heavy architec-
ture for each new control. This is inefficient and impracti-
cal as it requires substantial computational resources.

In this paper, we propose a novel approach allowing to
add time-varying musical controls on top of any pretrained
generative models with an exposed latent space (e.g. neu-
ral audio codecs), without retraining or finetuning. Our
method supports both discrete and continuous attributes by
adapting a rectified flow approach with a latent diffusion
transformer. We learn an invertible mapping between pre-
trained latent variables and a new space disentangling ex-
plicit control attributes and style variables that capture the
remaining factors of variation. This enables both feature
extraction from an input, but also editing those features to
generate transformed audio samples. Finally, this also in-
troduces the ability to perform synthesis directly from the
audio descriptors. We validate our method with 4 datasets
going from different musical instruments up to full music
recordings, on which we outperform state-of-the-art task-
specific baselines in terms of both generation quality and
accuracy of the control by inferring transferred attributes.
Our code is available on the supporting webpage 1.

1. INTRODUCTION

Since the pioneering autoregressive model WaveNet [1],
significant advances have been made in deep generative
modeling for raw audio waveform synthesis. In particu-
lar, neural audio codecs [2–4] recently enabled fast high-
quality audio generation with sampling rates up to 48kHz.
These models directly compress the raw audio waveform
into a temporal latent space that captures high-level audio

*Equal contribution
1https://acids-ircam.github.io/platune/
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Figure 1: Our approach enhances pretrained neural codecs
with a new control-style space supporting both discrete and
continuous time-varying musical controls, enabling fea-
tures extraction, audio editing and conditional synthesis.

features. However, these latent representations are diffi-
cult to interpret and highly entangled, precluding their use
as straightforward controls [5]. To address this, existing
methods usually rely on explicit conditioning techniques,
bypassing the latent information [6, 7], adding adversarial
regularization [8], or learning an additional model to con-
dition the latent codes [9–11]. However, these approaches
are often limited in the types of controls usable [6, 9] and,
most importantly, they require to retrain [8, 11] or finetune
the underlying large synthesis model [10], which is inef-
ficient and impossible for many as it requires substantial
amount of data and computational resources.

Although neural codecs address the technical difficul-
ties of modeling high-dimensional audio waveforms, the
remaining challenge is to find interpretable control over
the latent variables, which are usually restrained to fol-
low a simple Gaussian prior distribution [2]. In this pa-
per, we aim to give the ability to the end user to define its
own controls by reshaping the structure of the pretrained
latent space. Hence, we propose a new method to add tem-
poral musical controls on top of any pretrained generative
model with an exposed latent space without requiring re-
training nor finetuning. As depicted in Fig. 1, our method
supports both discrete and continuous features, allowing
to combine any types of control including both static and

https://acids-ircam.github.io/platune/


time-varying ones such as instrument labels, MIDI inputs
or continuous descriptors. Furthermore, our method is able
to be trained very efficiently on top of any frozen pre-
trained codec by adapting the PluGeN [5] approach. This
method proposed to transform the entangled latent rep-
resentation of pretrained generative models into a multi-
dimensional control-style space where latent features are
splited between control variables modeling the selected at-
tributes and style variables capturing the remaining factors
of variations. It uses discrete labels to parameterize the
control distributions and relies on Normalizing Flows [12]
(NFs) to learn an invertible mapping between both spaces.
Although PluGeN provides the ability to add new controls
on pretrained synthesis models, it is limited to static label
attributes and was only applied for conditional generation
of static images. Here, we enhance pretrained neural au-
dio codecs with a new control-style space by extending the
PluGeN approach to time-varying musical controls. As
dealing with audio signals implies more complex tempo-
ral latent spaces and NFs suffer from training instability
and lack scalability with strong architecture constraints, we
also propose a more efficient way to define the mapping be-
tween both spaces by adapting the deterministic diffusion-
based rectified flow approach [13] to temporal latent spaces
using a Latent Diffusion Transformer [14].

Thanks to the invertible mapping, our proposed method
becomes highly versatile and enables (1) feature extrac-
tion, (2) input audio editing, as well as (3) explicit condi-
tional synthesis, as illustrated in Fig 1. We benchmark our
model on each of these 3 tasks with 4 increasingly com-
plex datasets composed of recordings ranging from mono-
phonic musical instruments up to full music pieces. We
show that our model efficiently extracts and improves the
control of multiple complex audio features compared to
state-of-the-art baselines, while maintaining the generation
quality and enabling conditioning with unseen combina-
tions of attributes.

2. BACKGROUND

2.1 Diffusion models

Deep generative models aim to model the underlying
distribution p(x) of a given dataset. Diffusion Models
(DMs) achieve this by corrupting the data with noise and
then learning to reverse this process through denoising.
Given a series of noise levels σ0 < σ1 < ... < σN ,
we can define a set of mollified distributions pσt(xt) =∫
p(x)N (xt;x, σ

2
t I)dx, obtained by adding i.i.d Gaussian

noise to the data. Although many formulations of diffusion
exists, a common approach is to train a denoiser network
Dθ, typically a neural network to minimize the following
denoising score matching objective

Ex∼pdataEn∼N (0,σ2I)∥D(x+ n;σ)− x∥22. (1)

The model implicitly learns to approximate the score of
each perturbed distribution sθ(x, t) ≈ ∇x log pσt

(x) =
D(x;σ)−x

σ2 and hence can generate new samples using an-
nealed Langevin dynamics. Starting from xN ∼ N (0, I),

it follows the score functions towards the data by itera-
tively updating xt−1 = xt+

1
T ∗∇x log pσt

(xt) until con-
verging to a sample x0 from p(x). DMs currently achieve
state-of-the-art results in image [15–17] and audio gener-
ation [18, 19], offering high-quality synthesis with stable
training and strong conditioning abilities.

2.2 Rectified flow

Rectified Flow (RF) [13] is a recent proposal that builds
upon diffusion models and optimal transport ideas, aim-
ing to directly learn transport maps between data distribu-
tions. Unlike diffusion models, which are constrained to
a Gaussian noise prior, RFs generalize to any distribution
and have demonstrated superior performance in latent gen-
eration tasks [20]. Considering two arbitrary distributions
π0 and π1, RF constructs a deterministic continuous-time
flow by learning an ordinary differential equation (ODE)
model that connects observations (x0 ∼ π0,x1 ∼ π1)
through straight paths. Formally, the rectified flow induced
from (x0, x1) is defined by the ODE

dzt = v(zt, t)dt, (2)

where zt represents the data point at time t ∈ [0, 1]2,
and v : Rd → Rd is the drift force, typically parameterized
by a neural network which is trained to minimize

min
v

∫ 1

0

E
[
∥v(xt, t)− (x1 − x0)∥2

]
dt,

with xt = (1− t)x0 + tx1.

(3)

This objectives encourages the flow to follow straight
paths between x0 and x1, leading to an efficient and in-
vertible deterministic mapping between π0 and π1.

2.3 Neural audio codecs

Neural audio codecs such as RAVE [2], EnCodec [3], or
Music2Latent [4] enable fast high-quality waveform syn-
thesis. By leveraging autoencoder schemes, it directly
compresses the input audio signal into a time series of la-
tent variables z ∈ RD×N (where D and N are respectively
the embedding and time dimensions) defined in a lower-
dimensional latent space. In addition to their computa-
tional efficiency, these models are also powerful represen-
tation learning frameworks. During training, the encoder
captures high-level features from the input data, while the
decoder learns to reconstruct the original waveform from
its latent representation. However, these latent variables
are very difficult to interpret and highly entangled which
precludes straightforward control over these models.

2.4 Control of deep generative models

To provide explicit controls, prior works rely on condition-
ing techniques [21, 22] and directly use the audio features
as additional training inputs to the synthesis model [6, 7].

2refers to the parametrization in the ODE and not musical time
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(b) Mapping controls to latent trajectories using rectified flow.

Figure 2: Detailed overview of our approach mapping pretrained latent codes to explicit control and style variables.

FaderRave [8] proposed to condition RAVE [2] with non-
differentiable time-varying descriptors using an adversar-
ial criterion [22], but requires to retrain the codec from
scratch. Recently, latent diffusion prior models were
also introduced to achieve efficient conditional generation
[16, 17]. The AFTER [11] model provides explicit con-
trols and example-based style transfer on neural codecs by
adapting the DiffAE [23] approach. They train two seman-
tic encoders with a latent diffusion model to disentangle
global timbre properties and time-varying musical struc-
ture. However, most existing approaches are limited in
the types of control they provide [6, 9] and require to re-
train [7, 8] or fine-tune [10] the synthesis model.

Recently, PluGeN [5] enhanced pretrained generative
models with multi-label attributes conditioning to control
image generation without retraining. It transforms the
entangled latent representation into a multi-dimensional
space disentangling attributes across individual dimen-
sions. This new space is composed of control variables
c, defined as independent one-dimensional Gaussian mix-
ture distributions, and style variables s supposed to capture
the remaining factors of variations. To learn an invertible
mapping between the two spaces, PluGeN relies on Nor-
malizing Flows [12] (NFs) preserving the dimensionality.
Each example x ∈ Rdx is paired with discrete multi-labels
y = (y1, ..., yK) ∈ J1,MkKK , where Mk is the number of
classes for each attribute yk. The flow transforms the latent
code z ∈ RD into (c, s) = (c1, ..., cK , s1, ..., sD−K) ∈
RD such that the target distribution corresponds to

pC,S|Y=y(c, s) =

K∏
k=1

pCk|Yk=yk
(ck) · pS(s), (4)

where style variables are modeled by a standard Gaussian

pS = N (0, ID−K), (5)

and control variables with a mixture of Gaussians

pCk|Yk=yk
=

Mk∏
i=1

N (µi, σ
2
i )

1yk=i , (6)

where µi are evenly distributed between -1 and 1, σi are
user-defined parameters, and 1yk=i is the indicator func-
tion which equals 1 if yk = i and 0 otherwise.

3. PROPOSED METHOD

Our approach aims to add temporal musical controls on top
of any pretrained generative model with an exposed latent
space, without requiring retraining. We adapt PluGeN [5]
for time-varying attributes to create a new space that dis-
entangles explicit control features from the remaining style
variations. We introduce a rectified flow model to learn
an invertible mapping between the control-style space and
the pretrained latent space, which directly transports the
control signals into its latent trajectory. Once trained, we
can use this space to extract musical features, edit audio
samples by shifting the control trajectories or transferring
attributes, and perform explicit conditional synthesis. Our
overall approach is depicted in Fig. 2.

3.1 Defining the time-varying control-style space

The training data x ∈ Rdx are paired with K attributes
a = (ad,ac) ∈ RK×N , where ad and ac refer to discrete
and continuous features, resampled to align with the latent
trajectory z = E(x) ∈ RD×N . As in eq. 6, we parameter-
ize the control distributions as time-evolving mixtures of
Gaussians for each control variable ck(n) which leads to

pck|adk(n)(ck, n) =

Mk∏
i=1

N (ck|µ(i)
k (n), σ2

k)
1adk(n)=i , (7)

for discrete attributes, where µk
(i) corresponds to the mean

of the i-th class control distribution, uniformly distributed
between -1 and 1 for all Mk classes.

For continuous ones, we consider

pck|ak(n)(ck, n) = N (ck|µk(n), σ
2
k), (8)

where the means µk(n) correspond to the attribute val-
ues normalized between -1 and 1 3. We sample the re-
maining style variables s ∈ R(D−K)×N from a standard
Gaussian as in eq. 5 and define the control-style space with
the joint distribution

pc,s|a((c, s), n) =

K∏
k=1

pck|ak(n)(ck, n) · ps(s, n). (9)

3minimum and maximum values of each attributes amin and amax

are computed for the whole dataset.



3.2 Mapping temporal latent and control distributions

As depicted in Fig. 2b, we rely on a rectified flow to di-
rectly map the temporal control-style space to the pre-
trained latent space. We use eq. 9 to define the input distri-
bution π0 from Sec. 2.2, and sample a control-style trajec-
tory zt=0 = (c, s) ∼ pc,s|a. We use the associated latent
trajectory z = zt=1 ∼ pz as the target signal. Then, we
uniformly sample a time step t ∼ U(0, 1) to compute the
intermediate temporal representation

zt = (1− t)× zt=0 + t× zt=1. (10)

We parametrize the drift force of the flow vθ with a Latent
Diffusion Transformer (DiT) [14] and optimize

Lθ = E t∼U(0,1)
zt=0∼pc,s|a
zt=1∼pz

∥vθ(zt, t)− (zt=1 − zt=0)∥2 . (11)

The full training procedure is described in Algorithm 1.

Algorithm 1 Training procedure for our method

1: Input: data x ∈ D, attributes a = (ad,ac), control
variances σ2

c , encoder E of the pretrained audio codec,
denoising diffusion model vθ, learning rate γ

2: for each training step do
3: Encode E(x) = z = [z1, ..., zN ] = zt=1

4: Align a = [a1, ...,aN ]
5: Compute µc = 2× a−amin

amax−amin
− 1

6: Define pc = N (µc, σc
2)

7: Sample control c ∼ pc
8: Sample style s ∼ ps = N (0, I)
9: zt=0 = (c, s)

10: Sample time step t ∼ U(0, 1)
11: Compute zt = (1− t)× zt=0 + t× zt=1

12: Compute Lθ = E
[
||vθ(zt, t)− (zt=1 − zt=0)||2

]
13: Update θ ← θ − γ∇θLθ

14: end for
15: return ϵθ

3.3 Inference

Once the deterministic mapping from controls to latents
is learned, we can leverage the disentangling properties
of our method to infer the attributes â of a given audio
sample x in each pre-defined control dimension by revers-
ing the diffusion process to predict ẑt=0 = (ĉ, s) from
zt=1 = E(x) by applying

zt−1 = zt − vθ(zt, t)× dt. (12)

for T sampling steps, where dt = 1
T . We can then edit

the sample’s features by directly manipulating the control
variables or perform conditional synthesis by sampling and
mapping the new (c̃, s) representation to the pretrained la-
tent space through

zt+1 = zt + vθ(zt, t)× dt. (13)

Finally, we use the pretrained decoder D to reconstruct the
waveform x̃ = D(z̃t=1).

4. EXPERIMENTS

We aim to assess the control abilities of our proposed
method for our 3 target tasks, namely, musical features re-
trieval, audio editing, and conditional synthesis. We evalu-
ate our approach on time-varying and static attributes, both
discrete and continuous, on 4 datasets ranging from mono-
phonic instruments up to full music recordings. We pro-
vide audio examples on the supporting webpage 4.

4.1 Datasets

Monophonic instruments We benchmark our 3 tasks on
the URMP [24] and MedleySolos [25] datasets composed
of musical pieces played by diverse instruments. We re-
tained only the monophonic instruments with 13 categories
for URMP and 6 for MedleySolos, resulting in 2,600 and
13,000 examples of 6 and 3 seconds respectively. We de-
fine the instrument label as a control dimension and use the
MIDI information extracted with BasicPitch [26] to con-
trol the melody defined by pitch, octave, onsets and dy-
namics features each encoded in individual dimension. We
also use continuous descriptors, namely, centroid, band-
width, integrated loudness 5 and higher-level timbral fea-
tures, sharpness and booming 6, computed frame-wise di-
rectly from audio samples. Hence, we evaluate on both
discrete and continuous, static and time-varying attributes.

Polyphonic instrument We rely on the MaestroV3 [25]
dataset composed of piano recordings of classical pieces.
We split the audio files into 12-second chunks, resulting
in 27,000 examples. Using the music21 library 7, we com-
pute high-level MIDI descriptors that characterise the play-
ing techniques and melodic content, namely average note
duration, note density, central pitch and pitch range. To
obtain time-varying features, we compute the descriptors
on a 4 second sliding window with a 0.5 second hop size.
Full music Finally, we evaluate our method on the large-
scale open source Jamendo [27] dataset, containing a di-
verse collection of musical recordings, covering various
genres and labeled with emotion tags. To evaluate our
model on high-level perceptual descriptors, we rely on
Music2Emotion [28] 8, a pretrained emotion recognition
model trained on the same dataset. Using a simple cross-
correlation analysis we retain four relatively independent
tags among the most represented in the dataset : "dark",
"fast", "emotional", "children". We use the classification
output of Music2Emotion for those 4 tags, computed on
a sliding window of 10 seconds to obtain a time-varying
measure of each emotion. We normalize and resample
those features to obtain our control signals.

4.2 Evaluation metrics

To evaluate our method, we assess both its audio synthesis
quality, but also its ability to correctly extract features, and

4https://acids-ircam.github.io/platune/
5computed with https://github.com/csteinmetz1/pyloudnorm
6https://github.com/AudioCommons/timbral_models
7https://www.music21.org/
8https://github.com/AMAAI-Lab/Music2Emotion
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Extract Quality (FAD) ↓ Onset F1 score ↑ Instrument Acc. (%) ↑
mel↓ inst↑ Rec. Edit Synth. Rec. Edit Synth Rec. Edit Synth.

M
ed

le
y

S. AFTER [11] - - 0.308 0.330 0.415 0.422 0.355 0.322 91.7 76.9 -

PluGeN [5] 0.127 99.26 1.267 0.847 1.271 0.002 0.026 0.002 12.54 36.85 12.23

Ours 0.208 94.32 0.188 0.203 0.216 0.427 0.375 0.386 91.28 79.97 82.72

U
R

M
P AFTER [11] - - 0.235 0.271 0.402 0.536 0.487 0.441 82.0 57.8 -

PluGeN [5] 0.078 86.46 1.516 0.758 1.518 0.001 0.121 0.007 8.59 21.88 8.59

Ours 0.192 58.53 0.265 0.318 0.304 0.521 0.294 0.433 77.34 28.13 36.71

Table 1: Comparison of different models for the features extraction, editing and conditioning tasks with melody and
instrument controls. MSE on the normalized attributes is used for melody extraction and accuracy for instrument. Lower
FAD indicates better quality, while higher onset F1 score and Instrument Accuracy indicate better performance.

resynthesize audio with accurately transformed features.
Features retrieval We compare the attributes inferred by
the model with the groundtruth attributes by using the
Mean Square Error (MSE) on the normalized control di-
mensions, except for the instrument where we compute a
prediction accuracy score of belonging to the correct Gaus-
sian of the mixture.
Attributes editing and transfer We extract the control-
style representations from the audio inputs and randomly
swap the attribute that we aim to evaluate. For instance, we
keep the melody and associated style representation but up-
date the instrument dimension with a random pick among
the available categories. This enables us to assess the dis-
entanglement properties of our method by also giving un-
seen combinations of attributes. First, we evaluate the im-
pact of this change over the generation quality using the
Frechet audio Distance [29] (FAD) on the CLAP [30] em-
beddings computed with the generated waveforms. Then,
we evaluate the accuracy of control by extracting the up-
dated attribute from the generated waveform and compare
it to the target attribute. For the melody control, we ex-
tract the MIDI with BasicPitch [26] and compare it using
the Onset F1 score from mir-eval, where two notes are
considered identical if the pitch and onsets are the same
within ±50ms of each other. For instrument prediction,
we trained a classifier on CLAP embeddings of the training
set, and use it to predict an accuracy score. For continuous
attributes, we simply use the MSE as mentioned above.
Conditional synthesis We evaluate conditional synthesis
by randomly selecting a combination of ground truths con-
trols and sampling a style representation from the standard
Gaussian distribution to generate a new waveform. We
evaluate the synthesis quality with FAD and compute the
control precision similarly to editing.

4.3 Implementation details

We rely on Music2Latent [4] as pretrained neural codec,
using the the official implementation and weights 9 that
compresses waveforms sampled at 44.1kHz into 64-
dimensional time-varying latent codes with a time com-

9 https://github.com/SonyCSLParis/music2latent

pression ratio of 4096. The model architecture is a Latent
DiT [14] with 15M parameters for the monophonic instru-
ment experiments, scaled up to 27M parameters for Mae-
stro and Jamendo datasets. All models are trained for 300k
steps using AdamW [32] optimizer with a constant learn-
ing rate of 1e-4.

4.4 Baselines

PluGeN [5] The approach most closely related to our work
is PluGeN which can be evaluated on the 3 tasks similarly.
However, it was applied only to static attributes for im-
age data. To use it as a straightforward fair baseline that
takes into account the time-varying features, we adapt the
WaveGlow [33] architecture on top of the latent space of
the pretrained Music2Latent removing the conditioning on
mel-spectrograms. This enables to directly map the tem-
poral latent trajectory to the control-style space with affine
coupling flow layers as in the original paper.
AFTER [11] We train the midi-to-audio configuration of
AFTER using the most recent available implementation 10.
For instrument editing we use the timbre embedding of a
randomly sampled example matching the target label, and
for synthesis we randomly sample the timbre space.
SDEdit [31] To compare our approach with an existing
editing strategy, we train a conditional rectified flow model
vθ(zt, c, t) to map samples between a Gaussian noise dis-
tribution π̃0 ∼ N (0, I) and the latent data distribution π1.
To perform editing, we first invert a data sample (z1, c)
to its corresponding noise z0 (which can be seen as ana-
loguous to the style vector s from our proposal) following
zt−1 = zt − vθ(zt, c, t)× dt. Then, we generate an edited
version with controls cswap through the denoising process
zt+1 = zt + vθ(zt, cswap, t)× dt starting from z0.

5. RESULTS

5.1 Monophonic instruments

First, we evaluate our method on the 3 tasks for mono-
phonic instruments (MedleySolos and URMP datasets)
and present our results in Table 1 and Table 2.

10https://github.com/acids-ircam/AFTER
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Quality (FAD) ↓ Onset F1 score ↑ Inst. Acc. (%) ↑ Cont. Feat. MSE ↓
Rec. Edit Synth. Rec. Edit Synth. Rec. Edit Synth. Rec. Edit Synth.

SDEdit [31] 0.131 0.154 0.289 0.552 0.264 0.267 93.8 36.2 38.5 0.042 0.048 0.058
PluGeN [5] 1.248 0.946 1.239 0.001 0.007 0.001 15.60 25.38 15.90 0.310 0.329 0.305
Ours 0.201 0.211 0.319 0.374 0.144 0.110 88.07 51.68 58.56 0.061 0.070 0.079

Table 2: Comparison on MedleySolos for editing and conditioning tasks combining both discrete and continuous controls.

5.1.1 Features retrieval

Although PluGeN generally achieves better results for the
features extraction task, our method remains competitive
on MedleySolos and manages to extract the correct in-
strument from the original waveform. We believe that the
lower results on URMP are due to the lack of data in the
training set, making it more difficult for the model to gen-
eralize to the 3 tasks simultaneously. Moreover, the Nor-
malizing Flows [12] training objective of PluGeN explic-
itly penalize the model on the control accuracy while the
feature extraction is implicitly learned with our method.

5.1.2 Audio Editing

As shown in Table 1, our method outperforms both
PluGeN and AFTER on Medley Solos for independent
melody and instrument editing. This demonstrates the
strong disentanglement abilities of our approach, that re-
mains robust to unseen combinations of attributes created
by swapping randomly the target control dimension. This
is especially the case for the instrument control with high
prediction accuracy, which implies that all the instrument
information is well-encoded in the control variable and not
the style representation. On the contrary, PluGeN com-
pletely fails to follow the target controls, indicating that
most of the information is encoded in the style dimen-
sion. Furthermore, our method ensures good generation
quality and achieves the lowest FAD score on MedleySo-
los on all scenarios. However, AFTER demonstrates bet-
ter performance on URMP, especially in melody control,
which might also suggest a minimum amount of data re-
quired by our method.We present our results for the com-
bination of melody, instrument and audio descriptors in Ta-
ble 2. Although SDEdit achieves better FAD and melody
control, our method achieves a better instrument control,
indicating that some features are difficult to edit with sim-
ple conditioning. Introducing descriptors control degrades
the melody accuracy, which can be explained by correla-
tions between controls like pitch contour and centroid.

5.1.3 Conditional synthesis

We now evaluate our model on conditional synthesis, for
both paired (Rec.) and unpaired (Synth.) attributes. Our
method still outperfoms AFTER on Medley Solos. In-
terestingly, the gap between paired and unpaired melody
accuracy seems to be greater for AFTER, suggesting that
our method provides a better disentanglement between at-
tributes, independently of the global conditioning strength.
This is also supported by the stronger increase in FAD for

Extract Generation

MSE ↓ FAD ↓ Edit ↓ Synth. ↓

M
ae

st
ro SDEdit [31] - 0.008 0.364 0.362

Ours 0.267 0.021 0.340 0.325

Ja
m

ed
o SDEdit [31] - 0.054 0.068 0.060

Ours 0.079 0.105 0.047 0.033

Table 3: Comparison on the Jamendo and MaestroV3
datasets. Control accuracy is averaged across features.

AFTER, while our model maintains more consistent audio
quality across configurations.

5.2 Application to high-level controls

We present our results on MaestroV3 and Jamendo datasets
for high-level control tasks in Table 3. Our approach con-
sistently outperforms SDEdit, with particularly significant
improvements on Jamendo, which focuses on the challeng-
ing task of emotion-based editing. The underlying princi-
ple of conditional diffusion models is that the condition-
ing signal provides additional information during training
to guide the denoiser and reduce the denoising loss. How-
ever, these models tend to exhibit lower performance when
dealing with high-level features that have complex, non-
trivial relationships with the data. In contrast, our method
explicitly learns an invertible mapping between the con-
trol and data spaces, improving the control efficiency over
high-level attributes, on top of providing control extrac-
tion capabilities. Finally, qualitative analysis reveals that,
for both datasets, the style vector effectively captures the
majority of the melodic content and, for Jamendo, even
the lyrics and orchestration. This property enables users
to generate meaningful variations of a given track or even
create hybrids between emotions or playstyles.

6. CONCLUSION

We presented a new efficient method to add controls on
pretrained neural audio codecs. To the best of our knowl-
edge, this is the first approach defining an invertible map-
ping between arbitrary controls and audio latent codes en-
abling a large variety of applications. We leave for future
works, improvements on the low shot performance, aiming
to provide more personalized controls on small datasets for
creative applications.
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