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Abstract

In this work, we integrate a score-matching diffusion model into a standard de-
terministic architecture for time-domain musical source extraction. To address
the typically slow iterative sampling process of diffusion models, we apply con-
sistency distillation and reduce the sampling process to a single step, achieving
performance comparable to that of diffusion models, and with two or more steps,
even surpassing them. Trained on the Slakh2100 dataset for four instruments
(bass, drums, guitar, and piano), our model shows significant improvements across
objective metrics compared to baseline methods. Sound examples are available at
https://consistency-separation.github.io/.

1 Introduction

Audio source extraction and separation involve isolating individual sound elements from a mixture
of sounds. This technique is crucial in various fields, particularly in music production, restoration,
analysis, music education, transcription, etc. Recent advances in deep learning technology have
significantly impacted the field of audio source separation, leading to substantial improvements in its
quality. There are two primary approaches to audio source separation using machine learning. The
first approach involves deterministic discriminative models [1–7], which typically use mixtures for
conditioning in the training and inference process and learn how to derive one or more sources from
mixtures. On the other hand, generative models [8–17] generally learn a prior distribution of sources
and use the mixture during inference to generate separate sources. Recently, there have been several
attempts to apply diffusion models [18, 19] to audio source separation and extraction tasks [20–26].
For a detailed account on related works, please refer to Appendix A.

We propose an extension of the deterministic mixture-conditional musical source extraction model by
incorporating a generative diffusion method. First, we train a Deterministic model. Next, we introduce
a denoising score-matching diffusion model [27] that enhances the extracted sources, providing a
generative final touch. As is typical for diffusion models, this approach requires an iterative sampling
procedure, increasing the inference time for the overall model. To speed up the generation process,
we adapted methodologies presented in [28, 29] and applied Consistency Distillation (CD) to the
diffusion model, reducing the number of denoising steps. Our CD model achieved the accelerated
speed of single-step denoising without a loss of quality. Additionally, the consistency model provided
the option to trade off between quality and speed, allowing for improved quality over the diffusion
model with only 2-4 steps and a minimal increase in time compared to the Deterministic model.
We trained our model on the Slakh2100 [30] dataset, focusing on four instruments: bass, drums,
guitar, and piano. In our experiments, we compared our model with baseline models Demucs [6],
Demucs+Gibbs [14], and MSDM [26] and demonstrated significant improvements in the objective
metrics of music separation.
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Figure 1: Diagram illustrating our proposed method. (a) We first train a mixture-conditional deterministic
source extraction model. (b) We then introduce a denoising score-matching diffusion model, conditioned on
features extracted by the Deterministic model, which further enhances extraction by adding and removing noise.

Contributions Our work presents three main contributions: (i) We bridge the gap between de-
terministic and generative source separation methods, showing they can complement each other
and improve model performance. (ii) We introduce a consistency framework for raw audio and
demonstrate student CD model outperforming teacher diffusion model. (iii) We achieve significant
improvements in musical source extraction and set a new benchmark on the Slakh2100 dataset.

2 Method

Let xmix represent a time-domain audio mixture containing S individual tracks xs ∈ 1×N , where N
is the number of audio samples and s ∈ {1, . . . , S} identifies each source. The mixture is defined as
xmix =

∑S
s=1 xs. The source extraction problem is to minimize some loss function L that measures

the average error between the true source xs and its corresponding prediction x̂s. Having all S
sources extracted, the task becomes one of source separation.

2.1 Deterministic Model

We develop and train a deterministic source extraction model fθ using a U-Net encoder-decoder
architecture, as shown in the left side of Fig. 1. This network, consisting of 1D convolutional layers
with skip connections, is a common choice for time-domain source separation [6, 14, 31]. The model
has two inputs: one for the mixture signal xmix and another for the instrument of interest s. We train
our Deterministic model fθ with the following loss function:

L(θ) = Es,xmix∥xs − x̂det
s ∥22, (1)

where x̂det
s = fθ(xmix, s) is the prediction for source s.

2.2 Diffusion Model

After training the Deterministic model fθ, we freeze its parameters and integrate it into a larger
system that includes a score-matching diffusion model gϕ, as depicted in right side of Fig. 1. The
diffusion model gϕ has the same architecture as the Deterministic model but takes four inputs instead
of two: (1) a noisy version of xs, (2) the target label s, (3) the scale of noise σ added to the xs, and
(4) the intermediate features x̄det

s extracted by the frozen Deterministic model. We train the diffusion
model gϕ with the Denoising Score Matching (DSM) loss:

LDSM(ϕ) = Es,xmix,t∥xs − gϕ(xs + σtϵ, s, σt, x̄
det
s )∥22, (2)

where ϵ ∼ N (0, I) is noise sampled from a standard Gaussian distribution, and σt := σ(t) is a
monotonically increasing function that defines the noise step and the scale of the added noise.

The inference of gϕ is an iterative process of solving a numerical Ordinary Differential Equation
(ODE) over T steps. At each step, the diffusion model gϕ polishes x̂det

s using intermediate features
x̄det
s and appropriate amount of noise σtϵ for σ : [1, T ] → [σmin, σmax] where σmin and σmax show

minimum and maximum noise levels, respectively. The iterative process begins with the maximum
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noise level σmax, setting the initial prediction x̂dif
s,T−1 = Solver1(x̂det

s + σmaxϵ, s, σT , x̄
det
s ; gϕ) and

continues with the following update rule:

x̂dif
s,t−1 = Solver1(x̂dif

s,t, s, σt, x̄
det
s ; gϕ), (3)

where Solverk(. . . ; gϕ) denotes k steps of any ODE solver that uses gϕ score-based model for
data denoising. This process continues until reaching clean x̂dif

s,0. For a background on score-based
diffusion models, see Appendix B.1.

2.3 Consistency Model

To mitigate the latency introduced by the diffusion model in the inference process and make 1-2 steps
generation possible, we adopt CD [28, 29]. In this approach, our consistency model gω is designed
as an exact replica of the diffusion model and is trained using a pretrained diffusion model gϕ as a
teacher. Requiring inference of diffusion teacher model, CD is a designed as discrete process with
t ∈ [1, T ], where T denotes a total number of steps. We iteratively apply an ODE solver to predict
progressively less noisy samples along the trajectory:

x̂dif
s,t−h = Solverh(xs + σtϵ, s, σt, x̄

det
s ; gϕ), (4)

where h ∈ {1, . . . , t} is the number of ODE steps used in distilation process. This prediction is then
used to calculate the target in our CD optimization, with the following loss:

LCD(ω) = Et,h∥ gsg(ω)(x̂
dif
s,t−h, s, σt−h, x̄

det
s )︸ ︷︷ ︸

target

− gω(xs + ϵσt, s, σt, x̄
det
s︸ ︷︷ ︸

prediction

)∥22, (5)

where sg(ω) denotes the stop-gradient running EMA (Exponential Moving Average) of ω during
optimization, updated as sg(ω)← stopgrad(µsg(ω) + (1− µ)ω), with µ denoting update rate.

Inspired by the success of introducing direct signals from data by use of the DSM loss in Consistency
Trajectory Model (CTM) [29], we adopted this idea and applied the DSM loss from Eq. (2). Our
final loss is formulated as:

L(ω) = LCD(ω) + λDSMLDSM(ω), (6)
where λDSM is a balancing term between two losses. A more detailed account to CD techniques is
provided in Appendix B.2.

3 Experimental setup

For our training and evaluation experiments, we used the Slakh2100 dataset [30]. To enable direct
comparison with our baselines, we followed [26] and [14], focusing on the four most prevalent
instrument classes: Bass, Drums, Guitar, and Piano. Additionally, we used the MUSDB18 dataset [32]
for evaluation, and we report the results in Appendix D.

All of our models—Deterministic, Diffusion, and Consistency—are based on a U-Net backbone and
operate in the audio waveform domain. The diffusion model was trained following preconditioning
and training procedures from the EDM framework [33]. For the Consistency model, we applied con-
sistency distillation as described in the original work [28], but with some modifications. Specifically,
we did not use schedule functions for T or µ, and instead kept these values fixed at T = 18 and
µ = 0.999 throughout the experiments. We used of ODE steps to h ≤ 17 (compared to h = 1 in the
original). We incorporated settings from the CTM framework [29] to balance losses in the Eq. (6).
For a detailed account of the hyperparameters and training settings, please refer to Appendix C.

4 Results

We compared our Deterministic model, Diffusion model, and Consistency Distillation (CD) results
on Slakh2100 with the baselines Demucs [6], Demucs + Gibbs [14], and two different methods from
MSDM [26], including supervised and weakly-supervised models with the ‘Dirac algorithm.’ For
direct comparison, we use the scale-invariant SDR improvement (SI-SDRI) metric [34] and adopted
the exact same evaluation procedure as implemented in MSDM and Demucs + Gibbs. We evaluate
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Table 1: SI-SDRI (dB — higher is better) results for source separation on the Slakh2100 test set. We
compare our Deterministic Model, Diffusion, and Consistency Distillation results with our baselines for all stem
categories. ‘All’ reports the average across the four stems.

Model Bass Drums Guitar Piano All

Demucs [6, 14] 15.77 19.44 15.30 13.92 16.11
Demucs + Gibbs (512 steps) [14] 17.16 19.61 17.82 16.32 17.73
ISDM (Dirac with correction) [26] 19.36 20.90 14.70 14.13 17.27
MSDM (Dirac with correction) [26] 17.12 18.68 15.38 14.73 16.48

Deterministic Model 20.04 20.88 23.82 20.82 21.39
Deterministic Model double 20.93 20.97 23.56 21.14 21.65

Diffusion (T = 5, σmax = 0.01, R = 2) 21.06 21.77 25.35 22.17 22.58

CD onestep (T = 1, σmax = 0.01244) 20.99 21.91 26.10 22.73 22.93
CD multistep (T = 2, σmax = 0.2497) 21.97 22.19 27.34 23.24 23.68
CD multistep (T = 4, σmax = 0.2495) 22.39 22.45 28.09 23.96 24.22
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Figure 2: SI-SDRi Avg. vs Log(σmax) for CD and Diffusion Models across 5 Steps. Each subplot compares
the performance of the CD model (blue) and the Diffusion model (red) on different numbers of denoising steps,
with a dashed line representing the Deterministic Model’s performance.

over the test set of Slakh2100, using a sliding window with chunks of 4 seconds in length and a
2-second overlap. Additionally, we filter out silent chunks and chunks consisting of only one source,
due to the poor performance of SI-SDRI on such segments. Results are reported in Table 1 and show
the following:

(i) Our vanilla Deterministic model outperforms the baselines. We attribute this to the slightly larger
size and improved architecture (self-attention instead of LSTM in Demucs).

(ii) Adding a diffusion model further improved separation quality. We found that for inference using
stochastic sampler presented in EDM [33] with T = 5 timesteps, R = 2 correction steps (10 actual
steps) and a starting noise standard deviation of σmax = 0.01 yielded optimal performance, boosting
overall quality by approximately 1.2 dB. We also evaluated a double Deterministic model without
diffusion to assess whether the improvement was due to increased model size or diffusion itself.
As shown in the 5th row of the table, double Deterministic model offered only slight improvement
over the single one, with the best performance around 150 epochs before overfitting occurred. This
suggests that the improvement with diffusion models is not merely due to increased model size.

(iii) Our CD method not only reduces denoising steps but also further improves quality. As observed
in the last three rows of the table, CD with 1 step maintains the best performance of the Diffusion
model. Furthermore, CD with 2 steps adds almost 1 dB improvement compared to the Diffusion
model, demonstrating the "student beating the teacher" effect. To the best of our knowledge, we
are the first to demonstrate a CD model outperforming diffusion without the use of GANs, which
was demonstrated for image data in CTM [29]. Finally, the last row shows the best-performing CD
model with T = 4 denoising steps, which provides an additional improvement over the 2-step CD,
leading to a dramatic 3 dB improvement compared to Deterministic model and 6.5 dB improvement
compared to the best baseline model, setting a new benchmark for music source separation on the
Slakh2100 dataset.

Diffusion vs CD We conducted a hyperparameter search to evaluate the efficiency of CD model
compared the diffusion at a lower number of steps. We performed sweeps with number of steps
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Table 2: Performance and efficiency comparison. We compare the inference times for separating
a single ∼12s mixture, number of parameters, and real-time factors (RTF) of our models with the
baselines. The inference times of our models are multiplied by 4 as our model performs source
extraction, requiring about this tabel4 iterations to generate all tracks from the mixture.

Model Inference Time (s) # of parameters RTF

Demucs (no shift trick) [6] 0.1285 265.7M 0.010
Demucs + Gibbs (512 steps) [14] 0.1285× 512 = 65.80 ∼ 265.7M 5.529
Demucs + Gibbs (256 steps) [14] 0.1285× 256 = 32.9 ∼ 265.7M 2.764

ISDM (correction) [26] 4.6× 4 = 18.4 405M ×4 1.546
MSDM (correction) [26] 4.6 405M 0.386

Deterministic Model 0.0285× 4 = 0.114 405M 0.009
Deterministic Model double 0.0570× 4 = 0.228 405M ×2 0.019

Diffusion N ×R = 10 steps 0.3498× 4 = 1.399 405M ×2 0.117

CD T = 1 steps 0.0690 ×4 = 0.276 405M ×2 0.023
CD T = 2 steps 0.0963 ×4 = 0.385 405M ×2 0.032
CD T = 4 steps 0.1547 ×4 = 0.618 405M ×2 0.051

T ∈ [1, 5] (Note: for the Diffusion model, the solver has correction steps and the number of actual
denoising steps T ×R is used) and starting noise level σmax ∈ [0.001, 80.0] for both models. Figure 2
presents the SI-SDRi Avg results for both models across these parameters, showing σmax on log scale.
Although the Diffusion model shows some improvement over the Deterministic model benchmark
(green dashed line at 21.22 dB), it does not perform optimally at higher noise levels and low step
counts, particularly in the 1-2 step scenarios, peaking only at T = 10 actual steps (as reported in
Table 1). In contrast, the CD model not only achieves performance equal to the Diffusion model’s
best with just one step, but also consistently outperforms the Diffusion model across all σmax values
and steps.

Speed and Model Efficiency We compared our models with baselines in terms of speed and
efficiency. Table 2 shows inference time, number of parameters, and real-time factor (RTF) for
separating a 12-second mixture. Unlike Demucs, Demucs+Gibbs, and MSDM, which extract all 4
tracks simultaneously, our models extracts one source at a time, multiplying inference times by 4.
Despite this, our Deterministic Model is the most efficient, with an inference time of 0.114 seconds
and an RTF of 0.009, comparable to Demucs. We report the fastest configuration of Demucs without
the shift trick, which slows down inference time as described in [6]. Our diffusion model, while
slower with 1.399 seconds and an RTF of 0.117, still outperforms generative baselines like ISDM and
MSDM, which are both parameter-heavy and slow. Demucs+Gibbs, requiring many inference steps,
also shows slower performance. Our CD models, especially at T = 1, achieve an RTF of 0.023, only
twice as slow as the discriminative models and comparable with double Deterministic model, while
providing significant audio quality improvement. Notably, our best-performing CD model with 4
steps, though 5 times slower than the Deterministic model, remains still significantly faster than other
diffusion-based models (including ours), far below the real-time generation benchmark.

5 Conclusion

In this work, we introduced a framework that integrates discriminative and generative models for
time-domain musical source extraction by combining a score-matching diffusion model with a
Deterministic model to enhance extraction quality. To overcome the typically slow sampling process
of diffusion models, we applied Consistency Distillation, which accelerated sampling to speeds
comparable to the Deterministic model without compromising quality, while offering significant
improvements in exchange for a slight speed trade-off. Notably, this work not only represents the
first application of consistency models in the audio waveform domain but also achieves significant
improvements across objective metrics, establishing new state-of-the-art source extraction/separation
results on the Slakh2100 dataset. These results underscore the strong potential of generative models
for advancing the field of source separation.
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A Related Work

Audio source separation has seen significant advances, driven by the development of deep learning
techniques and the availability of large-scale datasets. A significant body of work in source separation
operates on time-frequency representations like the Short-Time Fourier Transform (STFT). The field
of audio source separation initially focused on speech separation [35], and later expanded to include
music [36–40]. State-of-the-art models for music source separation in the spectrogram domain
include MMDenseLSTM [7], which combines convolutional and recurrent networks, D3Net [41],
which uses dilated convolutions, and Spleeter [42], based on a U-Net architecture.

In recent years, there has been a shift in focus towards models that operate directly on raw waveforms.
The pioneering waveform-based audio separation model [3] was built on the WaveNet architecture
[43], followed by Wave-U-Net [31], which is based on the U-Net architecture. However, both
models underperformed compared to spectrogram-based models at a time. Conv-TasNet [5], utilizing
stacked dilated 1-D convolutional blocks, was the first waveform-based model to surpass spectrogram-
based approaches in speech source separation. Demucs [6], inspired by music synthesis models,
extended the U-Net architecture by incorporating bidirectional LSTM layers between the encoder
and decoder. Building on Demucs, the source separation problem was reframed as an Orderless
Neural Autoregressive Density Estimator (NADE) by Demucs+Gibbs [14], using a Gibbs sampling
procedure to iteratively improve separation performance by conditioning each source estimate on
those from previous steps. These latest two works serve as the primary baselines for our approach.

Similar to our work, MSDM [26] introduced a denoising score-matching [27] diffusion-based U-
Net architecture for the musical sourse separation in the waveform domain. MSDM operates in a
multichannel manner and is fully generative, proposing a novel inference-time conditioning scheme
based on the Dirac delta function for posterior sampling. Unlike our approach and most separation
models, MSDM is also capable of synthesizing music and creating arrangements, which makes it not
a direct comparison to our work. Nevertheless, we include it in our baselines due to the architectural
and methodological similarities.

A similar approach to ours, which combines discriminative and generative models, has recently been
proposed in several works, primarily for speech separation, enhancement and generation [44–46].

B Preliminary

B.1 Score-based Diffusion Models

Score-based diffusion models [27], like other diffusion models [18, 19], are designed to learn data
representations by introducing controlled noise and learning to iteratively remove it from the data.
Score-based models are a class of generative models that rely on learning the gradient of the data
distribution, known as the score function of the target distribution p(x), namely ∇x log p(x).

Given a data point x0 from the true data distribution p(x0), the model generates a sequence of
noise-corrupted samples xt by adding Gaussian noise to x0 as xt = x0 + σtϵ, where ϵ ∼ N (0, I)
represents Gaussian noise, and σt defines the amount of noise added at time t. In score-based
diffusion, this process is typically continuous, and with the choice σt = t. Often, as in EDM [33],
in training time σ can be sampled from a distribution. As t approaches T , where T is a sufficiently
large value, the process results in isotropic Gaussian noise, with xT ∼ N (0, I). As described by [47],
the noise removal reverse process in diffusion can be formulated using a probability flow Ordinary
Differential Equation (ODE) as follows:

dxt = σt∇xt log p(xt) dt. (7)

By training a neural network to approximate the score function, we can enable a generative process
that generates data from noise. For this, the score function is often defined as ∇xt

log p(xt) =
gθ(xt,σt)−xt

σ2
t

, where gθ is the neural network. The model can be trained with the Denoising Score
Matching (DSM) loss, given by:

L(θ) = Et,x

[
λ(σt) ∥gθ(xt, σt)− x0∥22

]
, (8)

where λ(σt) is a noise level dependent loss weighting function.
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Algorithm 1 Heun’s 2nd order deterministic sampler.

1: procedure HEUN SAMPLER(Solverk(xt, σt; gϕ))
2: sample xT ∼ N

(
0, σ2

max I
)

▷ Generate initial sample at T (σT = σmax)
3: for t = T, . . . , 1 do ▷ Solve over T time steps
4: d← xt−gϕ(xt,σt)

σt
▷ Evaluate derivative at t

5: xt−1 ← xt + (σt−1 − σt)d ▷ Euler step from t to t− 1
6: if σt−1 ̸= 0 then ▷ Apply 2nd order correction unless next σ is zero
7: d′ ← xt−1−gϕ(xt−1,σt−1)

σt−1
▷ Evaluate derivative at t− 1

8: xt−1 ← xt + (σt−1 − σt)
1
2
(d+ d′) ▷ Explicit trapezoidal rule at t− 1

9: end if
10: end for
11: return x0 ▷ Return noise-free last sample at t = 1, gives x0

12: end procedure

Additionally, for effective training of the network, it is advisable to keep input and output signal
magnitudes fixed, for example, to unit variance. To avoid large variations in gradient magnitudes, a
common practice is not to represent gθ as a neural network directly, but to train a different network,
g′θ, from which gθ is derived. EDM describes a preconditioning setup defined as:

gθ(xt;σt) = cskip(σt)xt + cout(σt)g
′
θ

(
cin(σt)xt, cnoise(σt)

)
, (9)

where g′θ is a neural network. The preconditioning parameters regulate the network’s skip connection
to xt, outputs, inputs, and noise levels respectively as follows:

cskip(σt) =
σ2

data

σ2
t + σ2

data
, cout(σt) =

σt · σdata√
σ2

data + σ2
t

,

cin(σt) =
1√

σ2
t + σ2

data

, cnoise(σt) =
1

4
ln(σt).

(10)

where σdata is the expected standard deviation of the clean data.

In the time of inference, solving an ODE numerically requires approximating the true solution trajec-
tory. In the reverse diffusion process, σt is a discrete function with finite steps t ∈ [1, T ], such that
σT = σmax and σ1 = σmin. (Note: often in the score-based diffusion literature, this parametrization
is reversed, with σ1 = σmax and σT = σmin; however, to be consistent with consistency distilla-
tion, which also uses this noise scheduler, we adopt the reverse scheduling paradigm.) EDM [33]
introduced an effective non-linear schedule for time discretization, given by:

σt =

(
σ

1
ρ

min +
t− 1

T − 1

(
σ

1
ρ
max − σ

1
ρ

min

))ρ

, (11)

where ρ controls the curvature or "bend" of the noise schedule.

There are many ODE solvers in the score-based diffusion literature. ODE solvers can be categorized
by their order of accuracy, deterministic vs. stochastic nature, etc. For instance, DDIM [48] and
the Euler sampler [47] correspond to 1st-order deterministic solvers, while EDM [33] introduces a
deterministic 2nd-order Heun solver. The DPM2 sampler [49] uses a 2nd-order deterministic solver,
while Euler-Maruyama [47] represents a first-order stochastic solver.

Following CTM [29], we denote solvers with Solverk(xt, σt, [c]; gϕ), where c is a placeholder for
conditioning information, xt is the starting sample, gϕ is a neural network trained to approximate the
score, σt is the current noise level, and k is the number of steps the solver performs (solver produces
clean sample from pure noise XT when k = T ). In the Algorithms 1 and 2 we show examples of
deterministic and stochastic solvers used in our experiments.

In Algorithm 1, we present Heun’s 2nd order deterministic sampler, which applies a two-step
correction mechanism for sampling from a diffusion model. It begins by generating an initial sample
at the maximum noise level, σmax, and iteratively reduces noise over time using an Euler step followed
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Algorithm 2 EDM sampler with stochasticity and correction mechanism.

1: procedure EDM SAMPLER(Solverk(xt, σt; gϕ))
2: sample x = xT ∼ N

(
0, σ2

max I
)

▷ Generate initial sample at T (σT = σmax)
3: γ ← min(Schurn/T,

√
2− 1) ▷ Calculate γ value that controls increased noise levels

4: for t = T, . . . , 1 do ▷ Solve over T time steps
5: for r = R− 1, . . . , 0 do ▷ Iterate over R correction steps
6: σ̂ ← σt · (γ + 1) ▷ Calculate temporarily increased noise level σ̂
7: sample ϵ ∼ N (0, I) ▷ Sample noise
8: x̂← x+

√
σ̂2 − σ2

t ϵ ▷ Add noise to move to temporarily increased noise level
9: d← x̂−gϕ(x̂,σ̂)

σ̂
▷ Evaluate derivative at t̂

10: x← x̂+ (σt−1 − σ̂)d ▷ Euler step from t̂ to t− 1
11: if r > 0 then ▷ If not last resample step
12: sample ϵ ∼ N (0, I) ▷ Sample noise

13: x← x+
√

σ2
t − σ2

t−1ϵ ▷ Renoise
14: end if
15: end for
16: end for
17: return x ▷ Return noise-free sample after last step t = 1
18: end procedure

by a 2nd order correction, based on the trapezoidal rule. This approach improves the accuracy of the
generated samples by accounting for the slope at both the current and the next time step, ensuring
more precise sampling throughout the process.

Algorithm 2 describes the EDM sampler (also used in MSDM with a little variations). In this sampler,
the stochasticity is controlled by the parameter Schurn and it introduces a correction mechanism
with R steps for adjusting the trajectories of generated samples. A γ value, calculated using Schurn,
temporarily increases the noise at each step, followed by a resampling procedure that helps correct
errors in the diffusion process. The EDM sampler includes R iterations at each time step, resulting in
T ×R actual steps in the sampler.

B.2 Consistency Models

Consistency models [28] are a novel class of generative models closely related to diffusion models,
designed for few-step or even one-step generation. The core idea of consistency models is the concept
of self-consistency. Consistency function g directly connects any timestep point of the diffusion
trajectory to the trajectory’s starting point g(xt, t)→ xδ , where δ → 0+ represents an infinitesimally
small positive value, indicating the very low noise step at the start of the trajectory. This property of
the consistency function can also be written as g(xt, t) = g(xt′ , t

′), ∀t, t′ ∈ [δ, T ], indicating that
any noise level on the given trajectory results in the same output.

The consistency function is typically learned with a deep neural network gω from the data, enforcing
the self-consistency property across all timesteps. Consistency models are trained to perform single-
step denoising from any time step t to 0, either through Consistency Distillation (CD) [28], distilling
pretrained teacher diffusion model, or from scratch [50]. Similar to inference of score-based models,
the time horizon of CD is discretized into T steps and noise levels σ are defined following the
function the Eq. 11 with boundaries σ : [1, T ]→ [σmin, σmax]. For the consistency function to hold
it’s boundary condition, which is gω(x1, σmin) = x1 = x0 + ϵσmin the consistency model gω, is
parameterized as follows:

gω(xt, σt) = cskip(σt)xt + cout(σt)g
′
ω(xt, σt), (12)

where g′ω is a deep neural network. The preconditioning cskip(σt) and cout(σt) are differentiable
functions, and are usually chosen as:

cskip(σt) =
σ2

data

(σt − σmin)2 + σ2
data

, cout(t) =
σdata(σt − σmin)√

σ2
data + t2

, (13)
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which satisfies cskip(σmin) = 1 and cout(σmin) = 0.

In the original CD [28], the optimization of the consistency model gω is done through minimizing
discrepancies between successive estimates of the data at different timesteps. The process begins
with a noisy data point xt. The target for the loss is first calculated by taking a single denoising
step with an ODE solver, which uses the pretrained score-matching diffusion model gϕ, acting as a
teacher, obtaining an estimate of the data at the t− 1 step, x̂ϕ

t−1 = Solver1(xt, σt; gϕ). Then, the
stop-gradient EMA updated copy of the student model performs a step from t− 1 to 0. The estimate
for the loss is calculated by the student model gω , which directly jumps from t to 0. The loss is then
defined as follows:

LCD(ω) = Ex,t

[
d(gsg(ω)(x̂

ϕ
t−1, σt−1)︸ ︷︷ ︸

target

, gω(xt, σt)︸ ︷︷ ︸
estimate

)
]
, (14)

where sg(θ) denotes the stop-gradient running EMA updated gω during optimization, and d(·, ·) is
any function used to measure the distance between the model’s predictions.

The Consistency Trajectory Model (CTM) [29] presented a unified approach that integrates score-
based and consistency distillation models by allowing both infinitesimally small and long-step jumps
along the Probability Flow ODE trajectory. CTM trains a neural network gω(xt, σt, σt′) to predict the
solution of the ODE from an initial time t to a final time t′, with t′ < t, enabling any-step-to-any-step
predictions. The preconditioning for the network is as follows:

gω(xt, σt, σt′) =
σt′

σt
xt +

(
1− σt′

σt

)
g′ω(xt, σt, σt′), (15)

where g′ω is a neural network, and thus gω automatically satisfies the initial boundary condition.
Using same discrete noise scheduling, we have gω(x1, σmin, σmin) = x1 = x0 + ϵσmin.

For the distillation loss in CTM, the teacher model first takes steps from t to u, where the noise
level u is randomly chosen between the start and end as u ∈ [t′, t). Thus, we obtain an estimate
x̂ϕ
u = Solvert−u(xt, σt; gϕ). Then, the stop-gradient student model proceeds and jumps from u

to t′, followed by a step to 0 to calculate the target. For the estimate, the student model directly
transitions from t to t′, and similarly proceeds to 0 using the stop-gradient model. The optimization
of the consistency model gω is done through minimizing the loss, which is calculated as follows:

LCTM(ω) = Et,t′,u

[
d
(
gsg(ω)(gsg(ω)

(
x̂ϕ
u, σu, σt′

)
, σt′ , 0)︸ ︷︷ ︸

target

, gsg(ω)(gω(xt, σt, σt′), σt′ , 0)︸ ︷︷ ︸
estimate

)
)]
. (16)

Additionally, in the CTM framework, two auxiliary losses are used. First, the model is trained to
approximate infinitesimally small neural jumps when t′ → t, using the DSM loss:

LDSM(ω) = Et

[
∥x0 − gω(xt, σt, σt)∥22

]
. (17)

The second auxiliary loss is introduced by incorporating an additional GAN component into the
system, introducing the GAN loss, and making the final loss a weighted sum of these terms:

L(ω, η) = LCTM(ω) + λDSMLDSM(ω) + λGANLGAN(ω, η), (18)

where λDSM and λGAN are adaptive weights to stabilize training by balancing the gradient scale of
each term.

C Additional Experimental Details

C.1 Dataset

For our experiments, we used the Slakh2100 dataset, a widely recognized and extensively used
benchmark for music source separation. Beyond its compatibility with baseline models and general
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quality, our choice was driven by the high data requirements of diffusion models, making Slakh an
ideal candidate for training. Slakh consists of 2100 tracks, with 1500 allocated for training, 375 for
validation, and 225 for testing. It is a synthetically generated multi-track audio waveform dataset
created from MIDI files using virtual instruments. The dataset contains 31 instrument classes. We
downsampled the audio to 22kHz and used a duration of approximately 11.9 seconds per audio file.
We focused on four instruments—Bass, Drums, Guitar, and Piano—due to their prevalence in the
dataset and to ensure direct comparability with baseline models. The presence of these instruments in
the dataset is 94.7% for Bass, 99.3% for Drums, 100.0% for Guitar, and 99.3% for Piano.

In addition to Slakh2100, we also trained and evaluated our models using the MUSDB18 [32] dataset,
which is another widely used data for music source separation. The dataset consists of 150 tracks,
with 100 designated for training and 50 for testing, totaling approximately 10 hours of professional-
grade audio. Each track is divided into stems: Bass, Drums, Vocals, and Other. For the results on
MUSDB18 dataset please refer to Appendix D.

C.2 Deterministic Model

For our Deterministic Model, we adopted U-Net architecture consisting of 1D CNNs with self-
attention and enhanced convolutional blocks. The U-Net, originally introduced for biomedical
imaging [51], consists of convolutional layers in both the encoder and decoder, connected by skip
connections. Our design of U-Net operates in the audio waveform domain and follows the structure
of generative U-Net models from Moûsai [52] and MSDM [26], with a minor modifications of adding
a one-hot encoded instrument label as a conditioning input.

We adopted the hyperparameter setting used by MSDM [26], with the modification of using a single
channel instead of four and using U-Net without a diffusion part. The model implementation is based
on the publicly available repository audio-diffusion-pytorch/v0.0.432†. Our U-Net encoder
consists of six layers, each containing two convolutional ResNet blocks. The first three layers do not
incorporate attention, while the last three include multi-head attention with 8 heads and 128 attention
features. The downsampling factor is 4 in the first three layers and 2 in the last three layers. The
number of channels in the encoder is [256, 512, 1024, 1024, 1024, 1024]. The bottleneck includes a
ResNet block, followed by a self-attention mechanism, and another ResNet block, all maintaining
1024 channels. The decoder mirrors the encoder, following a symmetric structure in reverse. We
trained the Deterministic Model model using the Adam optimizer with a learning rate of 1× 10−4

for 170 epochs until convergence.

C.3 Diffusion Model

For the diffusion, we used the same architecture and set of hyperparameters for the backbone U-Net
as in the Deterministic Model, wrapping it within the diffusion model framework. The standard
deviation of the data was set to σdata = 0.2. During training, we sampled σ from a log-normal
distribution with ln(σ) ∼ N (Pmean, P

2
std), where Pmean = −3 and Pstd = 1. The loss weighting was

performed using λ(σt) =
1

cout(σt)2
, where cout(σt) is taken from Eq. (10). We trained the diffusion

model conditioned with the Deterministic model features, using the Adam optimizer with a learning
rate of 1× 10−4 for 280 epochs until convergence.

For inference, we found the EDM sampler, given in Algorithm 2, to be most effective for our diffusion
model. In our experiments, we set the minimum noise parameter to σmin = 0.0001 and found that
ρ = 9 and Schurn = 20.0 were optimal. The best results for our diffusion model were achieved with
T = 5 sampling steps, R = 2 correction steps, and σmax = 0.01. Additionally, the parameter σmax
was varied between 0.001 and 80, and the impact of these values can be observed in Figure 2 in the
results section.

C.4 Consistency Distillation

We used the same architecture for the consistency models as in the diffusion models. For effective
distillation, we initialized the consistency model with pre-trained diffusion model weights and trained
it using the Rectified Adam optimizer [53], without applying learning rate decay, warm-up, or weight

†https://github.com/archinetai/audio-diffusion-pytorch/tree/v0.0.43
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decay, and with a fixed learning rate of 1× 10−5. Additionally, we applied an Exponential Moving
Average (EMA) with a value of 0.9999 to the weights of the student model. The σ-schedule for the
DSM loss followed a half-lognormal distribution with Pmean = −3 and Pstd = 1, where half of the
batch in each iteration was sampled from this lognormal distribution, and the other half was sampled
by uniformly selecting t and calculating σt from Eq. (11). Aslo, noise scheduling for the CD loss
fully adhered to the discrete form in Eq. (11). We set σmin = 0.0001, σmax = 10.0 and ρ = 9.0 for
the CD training. For learning trajectories, a Heun’s 2nd-order deterministic ODE solver, shown in
Algorithm 1, was used with the teacher model. The number of ODE steps was uniformly sampled
from h ∼ U [1, 17]. We experimented with weight scheduling for both the LCD and LDSM losses.
We found that using uniform weighting for LCD and applying λ(σt) =

1
cout(σt)2

(as in the diffusion
model from Eq. (10)) for LDSM provided the best training stability and performance. Additionally,
we tested adaptive balance weighting between these losses, as defined in Eq. (6), and found that
setting λDSM = 1 was optimal for our CD training.

For inference, we employed the onestep and multistep algorithms, as described in [28]. However, as
mentioned earlier, instead of initializing the diffusion process with pure noise xT ∼ N (0, σ2

maxI),
we start with a sum of noise and the output x̂det

s of the Deterministic model as: xT = x̂det
s + σmax · ϵ,

where ϵ ∼ N (0, I). As evident from our results, small values of σmax ∈ [0.001, 0.5] resulted in the
best performance during the inference process.

Table 3: Comparison of results of out model with MSDM, Demucs v2 and Demucs + Gibbs on
MUSDB18 test set [32]. We report the SI-SDRI values in dB (higher is better).

Model Trained on Bass Drums Other Vocals All

Demucs v2 [26] MUSDB 13.28 11.53 8.59 16.80 12.55
MSDM [26] MUSDB 4.87 3.28 1.97 6.83 4.24

Demucs (as reported in [14]) MUSDB 6.80 5.25 -1.30 3.90 3.66
Demucs + Gibbs (as reported in [14]) MUSDB 9.00 7.15 1.00 11.30 7.61

MSDM [26] Slakh -0.83 -0.94 - - -0.88

Deterministic Model Slakh 3.55 5.19 - - 4.37
Diffusion Slakh 3.50 5.15 - - 4.32
CD 1 step Slakh 3.54 5.14 - - 4.34
CD 2 step Slakh 3.83 5.04 - - 4.43
CD 4 step Slakh 3.70 4.90 - - 4.30

Deterministic Model MUSDB 9.93 8.19 4.59 12.32 8.75
Diffusion (σmax = 0.0001) MUSDB 8.75 7.14 3.82 11.82 7.88

D Results on MUSDB dataset

Reported in the Table 3, we compared the performance of our model with MSDM, Demucs v2, and
Demucs + Gibbs on the MUSDB18 [32] test set, reporting SI-SDRI values (dB). First, we evaluated
our model trained on Slakh2100 without any training or fine-tuning on MUSDB18, reporting results
only for bass and drums, as our model is not trained on the other and vocals categories in this setting.
We found that our model, when evaluated on the MUSDB18 test set, outperformed MSDM trained
on Slakh2100 and even MSDM trained on MUSDB18 (as reported in their paper). However, we
observed that the diffusion and CD extensions of our model did not show any additional improvement
over the Deterministic model on the MUSDB dataset.

Next, we trained our Deterministic model on the MUSDB18 dataset and found that it outperformed
both Demucs and Demucs + Gibbs as reported in their work [14]. However, our Deterministic model
did not outperform Demucs v2, as reported in the MSDM paper. Furthermore, when we trained the
diffusion model on the MUSDB dataset, we observed no improvement over the Deterministic model.
Although, due to our architecture, infinitesimally small σmax values should at least allow the diffusion
model to achieve performance comparable to the Deterministic model, our results revealed a 1 dB
decrease in extraction quality even when using σmax = 0.0001. This suggests that the diffusion-based
approach does not work in the case of the MUSDB dataset.
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Although our model performed somewhat adequately on MUSDB18 dataset, we attribute these results
to the relatively small size of MUSDB18 (10 hours compared to 145 hours in the Slakh2100 dataset),
which was insufficient to fully exploit the potential of our diffusion-based systems. We reserve the
adaptation of our approach to smaller dataset size for future work.
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