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ABSTRACT

Automatic music mixing aims to combine multitrack
recordings into a balanced and coherent musical piece.
Because the content of different songs and the subjec-
tive preferences of mixing engineers jointly shape the final
outcome, a practical system should deliver well-balanced
mixes while allowing for controllable stylistic variation.
However, most existing methods treat automatic mixing
and mixing style control as separate tasks, making it dif-
ficult for a single system to produce high-quality mixes
while remaining editable and style-aware. To address this
limitation, this paper presents Diff2Mix, a generative auto-
matic mixing system based on diffusion models and a dif-
ferentiable mixing console. This system offers two levels
of optional user control: a reference audio enables overall
production style control, and the differentiable mixing con-
sole provides explicit audio effects parameters for inter-
pretability and fine-grained optimization. We demonstrate
our system’s competitive performance through both objec-
tive and subjective evaluations in terms of mixing quality
and control ability. We provide code and audio samples at

our project page ! .

1. INTRODUCTION

Music mixing is a core stage of music production, where
individual tracks are combined into a coherent and expres-
sive final song through the application of audio effects such
as equalization, compression, panning, and reverberation.
In practice, mixing involves a tightly coupled set of techni-
cal and creative decisions. These include balancing audio
sources, reducing masking, shaping the dynamics, control-
ling the spatial impression, and attaining an overall aes-
thetic goal [1]. Since these decisions depend both on the
musical content and the subjective intent of the mix engi-
neer, producing a high-quality mix remains a difficult and
time-consuming task that typically requires substantial ex-
pertise. This challenge has motivated growing interest in
intelligent music production systems that can automate or
assist professional mixing workflows.
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© Y. Zong, J. Shi and J. Reiss. Licensed under a Creative

Commons Attribution 4.0 International License (CC BY 4.0). Attribu-
tion: Y. Zong, J. Shi and J. Reiss, “Diff2Mix: Controllable Music Mix-
ing via Diffusion Models and Differentiable Audio Effects”, in Proc. of
the 27th Int. Society for Music Information Retrieval Conf., Abu Dhabi,
UAE, 2026.

n Reference Song

!

Dry Tracks Audio FX
Q Encoder
H B ) FX
Content FX Embedding
—> —>| Parameter
2 Encoder Generator
I'/ Decoder

b4 wixng consore e st |

Figure 1. System overview of Diff2Mix.

Early approaches were dependent on hand-crafted rules
derived from engineering practice, offering interpretabil-
ity but limited flexibility and weak generalization to di-
verse musical material [2]. Later methods employed ma-
chine learning to learn mixing decisions directly from
data. Among these methods, deep learning methods have
achieved significant progress. These deep learning ap-
proaches can be generally classified into black-box sys-
tems [3, 4], which predict processed audio or full mixes in
an end-to-end manner, and parameter estimation systems
[5, 6], which infer control values for audio effects. Black-
box models are capable of capturing complex nonlinear
mappings; nevertheless, they might generate artifacts or
overly averaged results. The applications of Differentiable
Digital Signal Processing (DDSP) [7] in the audio research
field have promoted the development of differentiable au-
dio effects [8—10]. This presents a promising solution by
incorporating audio effects into end-to-end parameter es-
timation systems [5, 11], enabling greater interpretability
and control. However, they are commonly restricted to
fixed effect chains and differentiable effects. Moreover,
these methods typically formulate automatic mixing as a
deterministic one-to-one mapping from input tracks to a
single target mix. In practice, the same multitrack session
can support multiple valid mixes, reflecting different pro-
duction styles and artistic preferences. Recently, genera-
tive model approaches [12, 13] for automatic mixing have
been put forward, which take into account the variety of
mixing decisions and have achieved state-of-the-art mix-
ing quality.

A central limitation of many previous approaches is that



they lack control over the production style, which is of
great significance for collaboration with users. A substan-
tial amount of research on production style transfer aims to
capture the reference style and map it onto the target audio,
including black-box methods [14, 15], parameter estima-
tion methods [6, 16], and training-free optimization meth-
ods [17]. With the rapid advancement of large language
models and multimodal models, text control could become
a novel and promising production style control interface
[18, 19]. However, the majority of these methods con-
duct style control on the mixes rather than the dry tracks.
Such systems may struggle to capture the track-specific
characteristics and inter-track interactions, and they have
not been integrated with automatic mixing systems. Some
work [6, 15] can perform style transfer of multitrack in-
put given a reference, yet these systems only consider style
similarity, not overall balance, which limits output mixing
quality.

In this work, we propose a diffusion-based automatic
multitrack mixing system that controls the overall produc-
tion style using a reference song. First, we train a track-
level audio effects embedding diffusion model conditioned
on the musical content of dry tracks and the audio effects
features of the reference song. Then, we compare two
methods for translating the embedding into audio effects
parameters via a differentiable mixing console: directly es-
timating the parameter using spectral loss, and estimating
the parameter combination distribution. We conduct ob-
jective and subjective evaluations of both mixing quality
and style transfer to demonstrate the effectiveness of our
proposed method.

2. METHOD

The system architecture is shown in Figure 1. The first
component is a diffusion model conditioned on a reference
song’s production style, which generates the track-level au-
dio effects embeddings. Subsequently, these embeddings
are translated into the audio effects parameters via an au-
dio effects parameter decoder, and these parameters and
dry tracks are then passed to a differentiable mixing con-
sole to generate the mix.

2.1 Conditional Audio Effects Embedding Diffusion
Model

Our diffusion model backbone is adapted from MEGAMI
[12], a diffusion framework operating in the track-level au-
dio effects embedding space. Let Z = {z;}?_; denote the
target audio effects embeddings and C' = {¢; }"_; the con-
tent embeddings extracted from the input dry tracks, where
n is the number of tracks. Given a reference song y,.c ¢, our
aim is to extract a global production-style embedding 2.
and model the conditional distribution pg(Z | C, zrey). In
line with the EDM formulation [20], generation is cast as
denoising under a continuous family of Gaussian pertur-
bations rather than a discrete-time forward Markov chain.
The forward diffusion process is defined as:

Zio =2z +o0€, €¢~N(@OIp), i=1,....,n (1)

where z; denotes the clean audio effects embedding of
the i-th track, z; , is its noised latent at noise level o, ¢;
is Gaussian noise, and Ip is the D x D identity matrix
with D the embedding dimension. The denoiser is trained
to recover the clean embedding from the noised input con-
ditioned on the content embeddings C' and the reference
style embedding z,.s. Equivalently, the network can be

interpreted as learning the conditional score:
50(Z5,0,C, 2pef) = V. ogp(Zy | C, 2rep)  (2)

The score network is designed to be permutation-
equivariant with respect to the track set, so permuting the
conditioning tracks leads to the same permutation in the
predicted outputs. We implement this property with a Dif-
fusion Transformer (DiT) [21] that applies self-attention
over the noised embedding set Z, and cross-attention to
the conditioning set. In our setting, the reference style em-
bedding z;.. is concatenated to each content embedding c;
before conditioning, so the network jointly receives track-
wise musical content and global production-style informa-
tion. To maintain correspondence between tracks across
the noised embeddings and the conditioning inputs, we ap-
pend a one-hot index encoding of track position to the rep-
resentation of each track element. During training, track
order is randomly permuted so that the model does not rely
on any fixed sequence position as a proxy for instrument
identity or musical role.

Since our objective is to achieve optional reference style
control, and it is highly likely that the content of the dry
tracks and the reference song will differ, it is necessary to
disentangle the control signals of the audio effects style
and musical content during training. To support both auto-
matic and reference-guided mixing, we use classifier-free
guidance (CFG) [22] for both style and content condition-
ing. Inspired by CFG settings for multiple conditioning
in [23], during training, the model observes three condi-
tioning states: full conditioning (C, z,.s), content-only
conditioning (C, &), and unconditional input (&, &). The
latter two states are obtained by randomly masking the ref-
erence style embedding z,.; or masking both the content
and reference embeddings C' and z;..s. The score estimate
is:

S9 = Sp (ZU,O’;@,@)
+ we [89 (ZU,O';C, @) — Sp (Zmo;@,@)}

+ Wyef [59 (Zg, o;C, Z,-ef> — Sp (Zg, o;C, @) }
3
where we and w,.. s are the guidance strengths for the two
conditioning respectively.

We utilize a pretrained audio effects encoder, FxEn-
coder++ [24], to extract the content-invariant audio effects
features for Z and z,..¢. Following MEGAMI [12], the
content encoder combines CLAP [25] with a wet-to-dry
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Figure 2. Training pipeline of proposed methods. (a) represents the training of the conditional diffusion model. (b)

represents the training of the audio effects parameter decoder.

domain adaptor. The adaptor aligns the CLAP embeddings
of dry tracks and their processed versions, enabling effects-
invariant content features to be extracted solely from wet
audio without requiring real wet-dry pairs.

2.2 Audio Effects Parameter Decoder

At this stage, our purpose is to translate the audio effects
embeddings into audio effects parameters for each track
and then pass them to the mixing console to carry out the
mixing task. To accomplish this, we need to train a model
to execute the audio effects parameter estimation task. Pre-
vious research [26, 27] regards this task as directly opti-
mizing the parameter loss by applying audio effects with
random parameters. However, this is a suboptimal objec-
tive since different parameter configurations may yield the
same sounds, and it is challenging to generalize to out-of-
domain data. DDSP enables a deep learning system to di-
rectly optimize the spectral loss [28, 29], and some recent
studies [30, 31] model the probability distribution of the
parameter configuration instead of directly predicting the
parameters. We compare these two methods to build our
decoder.

2.2.1 Explicit Parameter Estimation

The first method is to optimize the network directly using
spectral loss. We augment the single dry track ¥4, to the
wet track .+ by applying the same audio effects with ran-
dom parameters in the mixing console as the input to the
audio effects encoder. Subsequently, the embedding output
from the encoder is passed through a 3-layer Multilayer
perceptron (MLP) and then a sigmoid layer to output the
audio effects parameters. Next, the differentiable mixing
console transforms /4, into the predicted wet track ez,
and the loss is calculated between y,e; and §y,e:. We use
the stereo version of multi-resolution STFT (MSS) loss [5]
and the audio effects embedding loss [12] for training:

Lpec = LMSS 4, + LMSS,_, + LFXenc )

where LMSS;, represents the loss of the sum of the left
and right channel, LMSS;_, represents loss of the differ-
ence between the two channels, and LFXenc is the cosine

distance between the embeddings from the audio encoder.
We denote the model using this decoder as Diff2Mix-P.

2.2.2 Modelling Distribution in Parameter Space

Instead of directly predicting the parameters, we extend the
idea of a parameter mode distribution modelling method
[30] to construct our decoder for the audio effects chain.
Given the track-level audio effects embedding z;, it is first
encoded into the mean p and variance o of a multivariate
Gaussian distribution py(zo|z;) via a 2-layer MLP. Then,
zo 1s sampled from this distribution and passed through a 2-
layer deep sigmoidal flow (DSF) [32] and a sigmoid layer
to output the audio effects parameters. Compared to the
loss to train Diff2Mix-P, a regularization entropy term is
added to balance the estimation accuracy and diversity:

L= Espec - 57'[(170(20|Zz)) (5)
H(po(20|2i)) = %ln\det(afﬂ + g(l +In(27))  (6)

where 3 is a weighting coefficient, which is set to 0.1 in
our experiments, and NV is the number of audio effects pa-
rameters. More derivation details can be found in [30].
During the training stage, 2z is randomly sampled. At the
inference stage for evaluation, we select the most probable
point . of the distribution to mitigate the influence of ran-
domness in the decoder. It should be noted that the mean
of the Gaussian distribution does not guarantee the best
parameter combination perceptually. We denote the model
using this decoder as Diff2Mix-D.

2.2.3 Mixing Console

Based on the design of the parameter decoder, our mix-
ing console has an identical fixed audio effects chain for
each track. All audio effect processors are differentiable to
enable gradient backpropagation during training, and we
adopt the implementation in dasp-pytorch?. As shown in
Figure 3, the audio effects chain is structured as Gain—
Parametric Equalizer (EQ)— Dynamic Range Compressor
(DRC)— Stereo Panning— Artificial Reverberation (Re-
verb). Reverb is applied as a send effect; that is, the Reverb

2 https://github.com/csteinmetz 1/dasp-pytorch/
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Figure 3. Differentiable Mixing Console

processes a copy of the input signal and mixes it back with
the input signal. This allows the network to learn the ap-
propriate amount of reverberation by controlling the added
wet signal [4].

3. EXPERIMENTS
3.1 Data

We curated 196 multitracks from MedleyDB [33, 34] and
240 multitracks from MoisesDB [35], of which 90% were
allocated for diffusion model training, and the remain-
ing 10% were for objective evaluation. For the training
of the parameter estimation model, similar to MEGAMI,
we used multiple datasets including MedleyDB [33, 34],
OpenSinger [36], IDMT-SMT Drums [37]/Bass [38]/Gui-
tar [39] and GuitarSet [40]. This enables our model to learn
how to handle a variety of music materials.

3.2 Baselines

We compared our models against multiple baselines in
mixing quality and style controllability.

3.2.1 Mixing Quality Baselines

For automatic mixing quality, we compared against 3 base-
lines.

* Equal Loudness: A perceptual loudness balancing
method.

¢ FxNorm-automix [4]: a supervised deep learn-
ing baseline trained with effect-normalized out-of-
domain data. We evaluated the best-performing
Ours-S-Lb version of this model.

* MEGAMI [12]: a generative automatic mixing
framework operating in an effect-embedding space,
which maintains the state-of-the-art performance in
automatic mixing. We evaluated the public version
that is trained on the same datasets as ours.

3.2.2 Style Transfer Baselines

For style controllability, we compared against two base-
lines.

AFxRep FxEncoder FxEncoder++
Equal Loudness 40.40 45.33 31.15
FxNorm-automix 21.83 33.69 23.99
MEGAMI 18.82 33.18 12.33
Diff2Mix-P 29.21 41.69 15.45
Diff2Mix-D 29.27 30.60 15.83

Table 1. Kernel Audio Distance

‘ SCE, RMS| LUFS|] MSD|] Sw| SI|

Diff-MST | 1490.00  5.28 3.18 1.37 334 021
ST-ITO 1393.15 575 5.24 1.28 13.04 0.57
Diff2Mix-P | 1400.93  3.90 3.10 1.12 1.79 0.63
Diff2Mix-D | 1288.95  4.18 2.22 1.10 1.86  0.61

Table 2. Style Transfer Audio Features Difference

* Diff-MST [6]: a reference-guided multitrack mix-
ing style transfer system with a differentiable mixing
console. We retrained the best-performing model
AF-16 on MedleyDB and multitrack data from Cam-
bridge Music Technology (Cambridge-mt) 3 .

ST-ITO [17]: an inference-time optimization
method for audio production style transfer over ef-
fect parameters. We evaluated the model to control
the VST version of the audio effects chain, which
includes distortion, EQ, DRC, feedback delay, and
Reverb. Note that ST-ITO directly conducts the style
transfer on the mixes rather than the multitrack in-
put. Therefore, to use this method, we employed
equal-loudness mixes as its input. This might have a
strong impact on the output quality since the model
is designed for well-produced songs.

3.3 Evaluation Metrics

For evaluating the audio mixing quality, we selected Ker-
nel Audio Distance (KAD) [41] as in MEGAMI. KAD is
a distributional metric based on Maximum Mean Discrep-
ancy between embeddings. We calculated KAD between
model outputs and human mixes using several models that
produce audio effects embeddings: AFxRep [17], FXEn-
coder [15], and FxEncoder++ [24].

For evaluating the style control ability, we report high-
level audio feature loss associated with audio produc-
tion styles, including dynamics, spatialization and spec-
tral attributes. These features are spectral centroid error
(SCE), RMS energy error (RMS), perceptual loudness er-
ror (LUFS), mel-spectral distance (MSD), stereo width er-
ror (SW) and stereo imbalance error (SI).

4. OBJECTIVE EVALUATION
4.1 Mixing Quality

To evaluate the automatic mixing quality, we inferred our
Diff2Mix-P and Diff2Mix-D without the input of a refer-
ence song. In practice, we masked the global mix audio ef-

3 https://cambridge-mt.com/
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reference song, and the three plots in the second row are ratings corresponding to each multitrack. The plot on the right

side shows the overall ratings.

fects embedding and concatenated it with the content em-
bedding. We compared the KAD scores of our proposed
models and three baselines mentioned in Section 3.2.1.
Table 1 summarizes the objective mixing quality results
measured by KAD, where lower values indicate that the
generated mix distribution is closer to the reference distri-
bution in the corresponding embedding space. Note that
FxEncoder++ embedding is used to train MEGAMI and
our models, so it may not fairly reflect the model per-
formance. Our models and MEGAMI generally exhibit
more competitive performance compared to equal loud-
ness and FxNorm-automix. MEGAMI achieves the best
performance among AFxRep and FxEncoder++ represen-
tations, while Diff2Mix-D achieves the best in FxEncoder.
This is consistent with expectations since MEGAMI trans-
lates the audio effects embeddings to wet audio through
a black-box model, which is free from the restrictions of
fixed audio effects and chain order. However, black-box

methods cannot provide the same level of interpretability
and control ability as the DDSP method, which signifi-
cantly limits their application in practical work. Compared
to Diff2Mix-D, Diff2Mix-P achieves slightly better results
in AFxRep and FxEncoder++, but it performs worse in Fx-
Encoder. We selected the mean of the base distribution to
infer Diff2Mix-D, so that potentially sampling better re-
sults can be achieved.

4.2 Style Control

To evaluate the production style control ability, we con-
duct a style transfer task and calculate the audio feature
difference metrics listed in Section 3.3 between model out-
puts and reference songs. We select three songs from
Cambridge-mt as our references. Table 2 reports the style
transfer feature loss. Overall, our methods show the best
performance under these metrics. Diff2Mix-D achieves



Model Equal Loudness ~ FxNorm-AutoMix MEGAMI  Diff2Mix-D  Diff2Mix-P  Human

Equal Loudness — < 0.05 < 0.01 < 0.001 < 0.001 < 0.001
FxNorm-AutoMix <0.05 — < 0.01 < 0.001 < 0.001 < 0.001
MEGAMI < 0.01 < 0.01 — < 0.05 < 0.01 < 0.01
Diff2Mix-D < 0.001 < 0.001 <0.05 — <0.05 < 0.01
Diff2Mix-P < 0.001 < 0.001 < 0.01 < 0.05 —_ > 0.05
Human < 0.001 < 0.001 < 0.01 < 0.01 > 0.05 —

Table 3. Holm-adjusted p-values for pairwise Wilcoxon
signed-rank post hoc comparisons for all songs’ subjective
automatic mixing quality ratings. Red text indicates the
difference between these two methods is not statistically
significant.

Model Diff-MST  ST-ITO  Diff2Mix-P  Diff2Mix-D  Human I ~ Human 2
Diff-MST — > 0.05 < 0.001 < 0.001 < 0.001 < 0.001
ST-ITO > 0.05 — < 0.001 < 0.001 < 0.001 < 0.001
Diff2Mix-P < 0.001 < 0.001 — > 0.05 < 0.001 > 0.05
Diff2Mix-D < 0.001 < 0.001 > 0.05 — < 0.01 > 0.05
Human 1 < 0.001 < 0.001 < 0.001 < 0.01 — < 0.05
Human 2 < 0.001 < 0.001 > 0.05 > 0.05 < 0.05 —

Table 4. Holm-adjusted p-values for pairwise Wilcoxon
signed-rank post hoc comparisons for all songs’ subjective
style similarity ratings. Red text indicates the difference
between these two methods is not statistically significant.

the best performance on SCE, LUFS, and MSD, while re-
maining close to the best model on SW. Diff2Mix-P per-
forms optimally on RMS and SW, potentially indicating
that direct parameter estimation can better preserve some
energy and spatial-related attributes. In contrast, the base-
line methods are only competitive on SI. Overall, both of
the proposed variants demonstrate certain advantages, with
Diff2Mix-D showing stronger consistency in overall pro-
duction style, while Diff2Mix-P also has capabilities very
close to those of the former.

5. SUBJECTIVE EVALUATION

We conducted a listening test to compare the perfor-
mance of the models. We selected three multitrack and
three reference songs from different musical genres in the
Cambridge-mt dataset. Then, we formulated three ques-
tions regarding automatic mixing quality for each multi-
track song and nine questions about production style simi-
larity for each multitrack-reference pair, resulting in a total
of 12 questions. For the mixing quality questions, we com-
pared our models, the models in Section 3.2.1, and pro-
fessional level human mixes of the multitracks. For the
style transfer questions, instead of using our models and
the baselines in Section 3.2.2, we recruited two mix engi-
neers to mix the multitracks, with the mixing style being
based on the provided reference. We asked the participants
to rate the mixing quality and the style similarity to the
reference on a scale from 0 to 100. Additionally, we in-
structed them to rate the best one above 80 and the worst
below 20 to fully utilize the scale. The listening test was
carried out online using webMUSHRA [42]. In total, we
obtained ratings from 20 valid participants who had pro-
fessional audio mixing experience.

Figure 4 shows per multitrack and overall subjective rat-
ings for automatic mixing quality; the corresponding sta-
tistical test results are shown in Table 3. Overall, the pro-
posed systems receive consistently stronger listener prefer-
ence compared with equal loudness and FxNorm-automix.

Diff2Mix-P reaches the level of human mixing and is likely
to be overall better than Diff2Mix-D (0.01 < p < 0.05),
and Diff2Mix-D is also likely to be better than MEGAMI
(0.01 < p < 0.05). In the case of per multitrack analy-
sis, Diff2Mix-P, Diff2Mix-D and MEGAMI all perform at
the human level of the song in the soft rock genre. How-
ever, only Diff2Mix-P maintains this level in the dream
pop song, and it slightly outperforms Diff2Mix-D and
MEGAMI in the folk pop song. Our objective evalua-
tion suggests MEGAMI is overall better than the proposed
methods, which is consistent with our experience in our pi-
lot listening study, where MEGAMI is more stable in some
cases. Due to the limitation of listening tests, in which only
three multitracks were included, MEGAMI might be un-
derrated because of the low ratings in the dream pop song
case.

Figure 5 reports the style similarity ratings in rela-
tion to the reference songs, with statistical test results
shown in Table 4. Overall, our proposed methods achieve
human-level performance and outperform the baselines.
Diff2Mix-P, Diff2Mix-D and Human 2 show similar per-
formance, and they all perform slightly worse than Human
1. In terms of each multitrack, the models’ performance
is consistent with the overall trend. In terms of each refer-
ence, the proposed models still perform consistently with
the overall results for the electropop and soul references,
but they all fail in the case of the rock song. A possible
explanation is that the reference song is represented by a
single global style embedding, while some rock-specific
mixing characteristics depend on track-specific and inter-
track interactions that are more difficult to capture with this
shared conditioning signal.

6. CONCLUSION

In this paper, we presented Diff2Mix, a controllable au-
tomatic mixing framework that integrates a reference-
conditioned diffusion model in the track-level audio ef-
fects embedding space with a differentiable mixing con-
sole. The framework supports user control at two lev-
els: high-level guidance of the overall production style
via a reference song and low-level adjustment through
explicit audio effects parameters. To convert generated
embeddings into effect controls, we investigated both di-
rect parameter estimation and distribution-based parame-
ter modelling. Objective evaluations demonstrate compet-
itive mixing quality and strong performance on produc-
tion style related metrics, while subjective listening tests
indicate that Diff2Mix produces perceptually convincing
mixes and effectively transfers production style from a ref-
erence song. These findings highlight the potential of com-
bining diffusion-based, style-conditioned generation with
differentiable audio processing for controllable intelligent
music production. Future work will extend the framework
to more diverse or dynamic effect chains, and introduce
more user control, such as a text control interface. A
lightweight, low-latency implementation could be another
promising research direction for real-time mixing.
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