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Abstract

Single-channel audio separation aims to separate individual
sources from a single-channel mixture. Most existing meth-
ods rely on supervised learning with synthetically gener-
ated paired data. However, obtaining high-quality paired data
in real-world scenarios is often difficult. This data scarcity
can degrade model performance under unseen conditions and
limit generalization ability. To this end, in this work, we ap-
proach this problem from an unsupervised perspective, fram-
ing it as a probabilistic inverse problem. Our method re-
quires only diffusion priors trained on individual sources.
Separation is then achieved by iteratively guiding an ini-
tial state toward the solution through reconstruction guid-
ance. Importantly, we introduce an advanced inverse problem
solver specifically designed for separation, which mitigates
gradient conflicts caused by interference between the diffu-
sion prior and reconstruction guidance during inverse denois-
ing. This design ensures high-quality and balanced separa-
tion performance across individual sources. Additionally, we
find that initializing the denoising process with an augmented
mixture instead of pure Gaussian noise provides an informa-
tive starting point that significantly improves the final perfor-
mance. To further enhance audio prior modeling, we design
a novel time–frequency attention-based network architecture
that demonstrates strong audio modeling capability. Collec-
tively, these improvements lead to significant performance
gains, as validated across speech–sound event, sound event,
and speech separation tasks.

Project Page — https://runwushi.github.io/unasdiff/

Introduction
Single-channel audio separation aims to recover individual
sources from a single-channel mixture and has long been an
active research topic (Makino 2018). This problem is ill-
posed with non-unique solutions and is typically addressed
in a supervised manner, which requires large amounts of
clean sources and synthetic mixtures for training. This lim-
itation is particularly evident as recent research increas-
ingly focuses on universal, multi-category audio separation
tasks, encompassing speech, environmental sound events
(e.g., keyboard keystrokes, animal vocalizations), and var-
ied background sounds (Ma et al. 2024; Saijo et al. 2025).
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Figure 1: Diffusion source model-based audio separation.

Such tasks demand extensive training mixtures to represent
diverse source combinations, which leads to a higher de-
mand for data and training resources. To address this issue,
we consider a more challenging setting without paired data,
where the model learns from unpaired individual source data
and separates audio signals through training-free guidance.

Traditional approaches for unpaired audio separation of-
ten model individual sound sources within the source model-
based paradigm. Specifically, they characterized the intrin-
sic properties of each source signal to enable separation
during inference. Such methods include Non-negative Ma-
trix Factorization (NMF) (Le Roux, Hershey, and Weninger
2015), Hidden Markov Model (HMM) (Wang, Woo, and
Dlay 2014), and Bayesian models (Benaroya, Bimbot, and
Gribonval 2005). Crucially, the priors inherent in such
source modeling can be powerfully realized through modern
deep generative models, including variational autoencoders
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(VAE) (Karamatlı, Cemgil, and Kırbız 2019), Glow-based
generative models (Zhu et al. 2022), and generative adver-
sarial networks (GAN) (Narayanaswamy et al. 2020). While
promising, these techniques encounter performance ceilings
inherent in the modeling capabilities and generative capac-
ity of their underlying source models, significantly impact-
ing separation performance. More recently, diffusion mod-
els (Cao et al. 2024) have shown unprecedented generative
power in a wide range of audio tasks such as text-to-speech
(Jung et al. 2025). Moreover, their iterative denoising infer-
ence supplies strong data priors, making diffusion models
well-suited for inverse problems, which aim to recover an
unknown signal x from noisy measurement y.

To this end, we introduce our unsupervised diffusion-
based audio separation framework, as illustrated in Fig-
ure 1. We treat separation as a specific instance of the dif-
fusion inverse problem, which involves two main consid-
erations. On the one hand, when directly applying classi-
cal gradient descent based inverse-problem solvers such as
Diffusion Posterior Sampling (DPS) (Chung et al. 2023)
and Diffusion with Spherical Gaussian constraint (DSG)
(Yang et al. 2024) to audio separation, we observe the
diffusion prior ∇xt

log p(xt) and the reconstruction guid-
ance ∇xt

Lrecon(y, ŷ) suffer from severe gradient conflicts.
These conflicts degrade separation quality and hinder ac-
curate source recovery, often resulting in noisy or incom-
plete outputs. On the other hand, widely adopted repre-
sentations like mel-spectrograms for audio diffusion mod-
els are nonlinear and therefore lack the additive property
of time-domain waveforms. Existing waveform-based dif-
fusion models (Kong et al. 2020), even those incorporating
self-attention mechanisms (Ku et al. 2025), comparatively
lack dedicated audio-specific designs for directly model-
ing fine-grained intra-frame and intra-subband features. This
fundamentally limits their capacity to capture diverse fre-
quency bands and long-range temporal dependencies in au-
dio. Hence, a more powerful model that operates directly in
the waveform space is urgently needed.

To address these issues, firstly, we propose a hybrid gra-
dient guidance strength schedule during the reverse separa-
tion process, which mitigates gradient conflicts and substan-
tially improves the separation quality. Secondly, we design
a triple-path self-attention-based U-Net diffusion backbone
as source models to perform guided sampling for the sepa-
ration task, where the diffusion modeling process and sepa-
rated audio are directly operated in the waveform space. In
addition, we find that initializing the diffusion process with a
noise-augmented mixture waveform, rather than pure Gaus-
sian noise, markedly boosts separation fidelity. To sum up,
the main contributions of this work are as follows:

• We are the first to address unpaired, general audio separa-
tion with diffusion models, framing the task as an inverse
problem solved via flexible unconditional or conditional
source models, supporting various separation tasks.

• We analyze gradient conflicts and suboptimal prior ini-
tialization in the inverse separation process, propos-
ing an effective guidance strength schedule and noise-
augmented mixture initialization for separation.

• We present a novel TF domain diffusion model design,
employing a triple-path self-attention mechanism to ef-
fectively learn priors for diverse audio types like speech
and sound events.

• Experiments across speech–sound event, sound event,
and speech separation tasks on VCTK and FSD-
Kaggle2018 datasets demonstrate the superior separation
quality of our proposed method, even achieving perfor-
mance comparable to fully supervised models.

Related Works
Single Channel Audio Separation
Audio separation can be broadly categorized into supervised
and unsupervised methods. Supervised techniques typically
learn to separate sources from paired mixture-source data,
often employing Permutation Invariant Training (PIT) to
handle output ambiguity (Yu et al. 2017). These methods
can operate in either the time-domain (Luo and Mesgarani
2019; Li, Yang, and Hu 2022) or frequency-domain (Wang
et al. 2023) to separate audio signals.

Many unsupervised approaches perform source model-
based separation using deep generative models. These ap-
proaches typically model the prior distribution of individ-
ual source signals and then infer the posterior distribution
of sources given an observed mixture. In (Narayanaswamy
et al. 2020), source-specific GAN generators served as au-
dio source priors. Separation was achieved by iteratively op-
timizing latent codes via gradient descent on a waveform
reconstruction loss. (Zhu et al. 2022) proposed music sepa-
ration using source-specific Glow models, similarly employ-
ing iterative gradient descent to optimize latent codes and
recover sources. (Jayaram and Thickstun 2020) introduced
a Bayesian approach for image separation using score-based
generative models and Glow models as source priors. Source
estimates were obtained by sampling from the posterior via
noise-annealed Langevin dynamics. (Postolache et al. 2023)
used pretrained VQ-VAEs to define source priors for image
and audio separation, estimating posterior probability via di-
rect statistical computation of dataset co-occurrences. (Mar-
iani et al. 2023) applied diffusion models to music separa-
tion by modeling the joint prior distribution of sources and
performing posterior sampling conditioned on the mixture.

Diffusion Inverse Problems and Audio Applications
Inverse problems can be modeled as y = A(x) + n,
where y is the measurement, A is the degradation model,
x is the unknown underlying signal, and n is measure-
ment noise. These problems are fundamental across many
fields, enabling tasks such as image restoration (Fei et al.
2023) and audio restoration tasks (Iashchenko et al. 2023).
Many diffusion-based inverse problem solvers, such as DPS
(Chung et al. 2023), work by iteratively refining samples
through gradient descent. DPS is a well-known frame-
work that tackles diverse inverse problems. Building upon
this, DSG (Yang et al. 2024) refines DPS. DSG optimizes
the guidance by choosing a theoretically optimal step size
(Daras et al. 2024), combining it with projected gradient
descent to achieve superior sample quality, particularly for
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high-dimensional data. For audio inverse problems, (Mo-
liner, Lehtinen, and Välimäki 2023) adopts a DPS-style
method and applies it to bandwidth extension, audio inpaint-
ing, and declipping tasks. (Xu et al. 2025) solves multi-
channel speech separation using Independent Vector Anal-
ysis (IVA) for initialization and then applies a DPS-style
method to achieve the separation.

Methodology
Score-based Diffusion Models
Score-based diffusion models are used to learn audio source
priors, which involves a forward noising process where a
clean audio sample xt gradually becomes pure noise over
time t ∈ [0, T ] (Song et al. 2020):

dx = −β(t)

2
x dt+

√
β(t) dw, (1)

where β(t) is the noise schedule and w is the Wiener pro-
cess. The corresponding reverse process is:

dx =

[
−β(t)

2
x− β(t)∇xt

log pt(xt)

]
dt+

√
β(t)dw̄,

(2)
where w̄ is the Wiener process in backward. The score func-
tion ∇xt

log pt(xt) is parametrically represented by a neu-
ral network sθ, trained via score-based denoising objectives.
This provides differentiable estimation for single-source dis-
tributions, forming the prior models for separation tasks.

Audio Separation as a Diffusion Inverse Problem
The audio separation task can be formulated as an inverse
problem: a linear mixing operator A combines the K sources
and additive noise to produce the observed mixture,

y = A(x1, . . . ,xK) + n =
K∑

k=1

xk + n, (3)

and the goal is to recover the individual sources {xk}Kk=1
from the single observation y.

Throughout the diffusion process, we write xk
t for the

state of source k at timestep t. Probabilistically, this corre-
sponds to sampling from the posterior p(x1:K |y). Within
the score-based framework, we realize this by guiding the
reverse diffusion process (2) with the conditional score
∇xk

t
log p(xk

t |y), which is decomposed by Bayes’ rule as:

∇xk
t
log p(xk

t |y) = ∇xk
t
log p(xk

t ) +∇xk
t
log p(y|xk

t ),
(4)

where ∇xk
t
log p(xk

t ) is obtained by the trained diffu-
sion source model, and ∇xk

t
log p(y|xk

t ) is the gradi-
ent of the log-likelihood. Following DPS, the likelihood
term ∇xk

t
log p(y|xk

t ) is approximated by replacing it with
∇xk

t
log p(y|x̂k

0), where x̂k
0 = E[xk

0 |xk
t ] is the estimated

clean sample computed via Tweedie’s formula (Efron 2011):

x̂k
0 ≃ (xk

t + (1− ᾱ(t))skθ(x
k
t , t))/

√
ᾱ(t), (5)

where ᾱ(t) =
∏t

j=1(1− β(j)) is the cumulative product of
the discrete variance schedule, skθ is the k th source model.

Algorithm 1: Audio Separation with Diffusion Priors
Require: number of sound sources K, diffusion time step T ,
noise levels {σj}Tj=1, gradient guidance schedule {γj}Tj=1,
initialization step t∗, diffusion source models {skθ}Kk=1
Input: mixture y, sound event label c (optional)

1: Initialization from mixture:
2: {xaug

T }Kk=1 =
√
ᾱt∗y +

√
1− ᾱt∗ϵ, ϵ ∼ N (0, I)

3: for t = T − 1 to 0 do
4: for k = 1 to K do
5: ϵt ∼ N (0, I)
6: x̂k

0 ← (xt + (1− ᾱt)s
k
θ(x

k
t , t, [c]))/

√
ᾱt

7: Prior sampling:

8: xk′

t−1 ←
√
αt(1−ᾱt−1)

1−ᾱt
xk
t +

√
ᾱt−1βt

1−ᾱt
x̂k
0 + σt ϵt

9: end for
10: ŷ =

∑K
k=1 x̂

k
0

11: Lrecons(y, ŷ) = λtimeLtime + λgroupLgroup + λstftLstft
12: for k = 1 to K do
13: Back propagation:
14: ∇xk

t
log p(y|xk

t ) ≃ γ(t)∇xk
t
Lrecons

(
y, ŷ

)
15: xk

t−1 ← xk′

t−1 −∇xk
t
log p(y|xk

t )
16: end for
17: end for
18: return {xk

0}Kk=1

With the estimated clean sources x̂k
0 , and under a Gaussian

assumption for p(y|
∑K

k=1 x
k
0), the likelihood gradient for

k th source can be approximated through backpropagation:

∇xk
t
log p(y|xk

t ) ≃ γ(t)∇xk
t
Lrecons

(
y, ŷ

)
, (6)

where ŷ =
∑K

k=1 x̂
k
0 is the reconstructed mixture, and γ(t)

is a step-dependent coefficient that controls the guidance
strength. The design of this schedule is crucial to the final
separation performance, as shown in our experiments. The
loss function Lrecons

(
y, ŷ

)
, utilized for computing guidance

gradients, is a weighted sum of reconstruction errors in both
the time and frequency domains, which is defined as:

Lrecons = λtimeLtime + λgroupLgroup + λstftLstft,

where Ltime = ∥y − ŷ∥22 measures the reconstruction error
in time domain, Lgroup = (

∑
n∥y(n)− ŷ(n)∥22)/Ng averages

the same error over Ng non-overlapping segments indexed
by n, and Lstft = ∥ | STFT(y)| − | STFT(ŷ)|∥22 compares
magnitude spectrogram in the Short-time Fourier transform
(STFT) domain. The algorithm is presented in Algorithm 1.

Design of Guidance Strength Schedule γ(t)

The performance of solving the separation problem is criti-
cally influenced by the design of the guidance schedule γ(t),
which weights the strength of gradient updates. While vari-
ous guidance strategies exist as presented in Table 1, some
are designed for general inverse problems and may not be
optimal for the specific constraints of audio separation.

To gain deeper insights, we analyze the generative behav-
ior of sources from the perspective of gradient updates. The
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Figure 2: (a) Constant guidance of DPS. (b) Noise-proportional guidance of DSG. (c) Our proposed hybrid guidance schedule.
The first row shows the gradient conflict metrics of all sources. The second row shows the SI-SDR of all sources. The third row
visualizes the mixtures, intermediate states, and the ground truth of the sources.

overall inverse sampling process can be viewed as a multi-
objective optimization problem, as discussed in (Yu et al.
2020). This involves two primary objectives:
1. Prior Objective: ∇xt

log p(xt), aiming to maintain the
learned structure and ensuring the generated sample re-
mains on the manifold of natural data, leading to a prior
gradient gprior(t).

2. Likelihood Objective: ∇xt log p(y|xt), ensuring the
sample adheres to the physical constraints ∥y −∑K

k=1 x̂
k
0∥2 imposed by the measurement y, resulting in

a conditional guidance gradient gcond(t).
Consequently, the total gradient can be expressed as:

∇xt
log p(xt|y) ∝ gprior(t) + γ(t)gcond(t). (7)

To minimize the reconstruction loss Lrecons, we require the
update direction to have a positive projection onto the con-
ditional gradient gcond(t):

(∇xt log p(xt|y))⊤gcond(t) > 0. (8)
Substituting the update formula and simplifying yields the
following condition for making progress:

γ(t) > −
gprior(t)

⊤
gcond(t)

∥gcond(t)∥2
. (9)

We define the guidance bound metric gbound(t) :=

− gprior(t)
⊤gcond(t)

∥gcond(t)∥2 . A positive gbound(t) indicates a gradient
conflict between the prior gradient gprior(t) and the con-
ditional gradient gcond(t), occurring when their dot prod-
uct is negative, indicating opposing directions. For effec-
tive progress, the guidance strength γ(t) should exceed this
bound to overcome the conflict.

As illustrated in Figure 2, we evaluated the separation pro-
cess of a 4-second audio mixture (fiddle and chime from the
FSD test dataset) using different guidance strategies: DPS,
DSG, and our proposed hybrid schedule. The top row of Fig-
ure 2 illustrates our guidance conflict metric gbound(t), while
the second row shows the Scale-Invariant Signal Distor-
tion Ratio (SI-SDR) for each source across diffusion steps.
We observed that constant guidance DPS often faces sig-
nificant gradient conflicts in early, high-noise stages (Fig-
ure 2(a)), requiring stronger initial guidance. Conversely,
noise-proportional guidance DSG effectively mitigates these
early conflicts, but its diminishing step size leads to rising
gradient conflict and imbalanced separation in the final, low-
noise regime (Figure 2(b)).

These complementary trade-offs, consistently observed
across samples, directly inspire our novel hybrid guidance
strength schedule. Our approach combines the early-stage
adaptability of the noise-proportional schedule with the late-
stage stability of the constant one. This is achieved using the
SmoothMax function:

SmoothMaxc(a, b) =
1

c
log (exp(ca) + exp(cb)) , (10)

which defines our proposed gradient strength schedule as:

γ(t) =
SmoothMaxc (σ(t), sfloor)

√
N

∥∇xt
Lrecons∥2

, (11)

where σ(t) is the noise-dependent standard deviation, de-
fined as

√
β(t)(1− ᾱ(t− 1))/1− ᾱ(t). N is the signal

length. sfloor is a constant that enforces a non-vanishing
lower bound, and c controls the sharpness of the transition.
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Guidance Strength Strategy Formulation

DPS (Chung et al. 2023):
Constant value.

γ(t) = const

DSG (Yang et al. 2024):
Proportional to σ(t).

γ(t) = σ(t)
√
N

∥∇xtLrecons∥2

Proposed: Hybrid schedule. SmoothMaxc(σ(t),sfloor)
√
N

∥∇xtLrecons∥2

Table 1: Comparison of guidance strength schedules γ(t).

Different schedules without the normalization term and
√
N

are presented in Figure 3. By integrating these complemen-
tary strengths, our hybrid approach can enhance separation
quality and source balance, as shown in Figure 2(c).
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Figure 3: Different guidance strength schedules.

Improve Separation Fidelity with Initialization
In diffusion-based inverse problems, most methods start
sampling from pure Gaussian noise (Chung et al. 2023; Yang
et al. 2024). However, this is suboptimal for audio sepa-
ration, where sources exhibit strong structure and are con-
strained by their mixture composition. Starting from noise
forces the model to explore a vast, unstructured space, essen-
tially recovering everything from scratch, which often limits
the separation quality.

To address this, we adopt a single-step initialization
(Chung, Sim, and Ye 2022): instead of pure noise, each
source is seeded by the same noised version of the mixture :

xaug
T =

√
ᾱt∗y +

√
1− ᾱt∗ϵ, ϵ ∼ N (0, I) (12)

where t∗ is a chosen time step that controls the initial
noise variance. This single latent state xaug

T thus serves as
a common starting point for all source channels, ground-
ing the subsequent separation process in a shared, coherent
context derived directly from the measurement y. The uti-
lized single-step, analytical initialization is different from
the DDPM Inversion (Liu et al. 2024), which requires an
iterative sampling process and whose performance depends
on the learned model.

Model Architecture Design
Current diffusion audio backbones typically lack fine-
grained acoustic modeling with dedicated attention mecha-
nisms, particularly in capturing inter-frame and sub-band in-
teractions, for which we design a triple-path fully attention-
based U-Net diffusion backbone that directly predicts
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Figure 4: (a) Overall architecture of the proposed model. (b)
Structure of the Intra-Frame Attention and Intra-Frequency
Attention blocks. (c) Global-Temporal Attention block.

complex-valued noise from STFT spectrograms, as shown
in Figure 4(a). Its core is three kinds of attention blocks that
capture distinct spectro-temporal correlations. Each block
uses learnable Swish Gated Linear Unit (SwiGLU) (Shazeer
2020) for both self-attention preprocessing and feed-forward
layers. The entire network is conditioned using a timestep
embedding Et obtained via sinusoidal encoding followed by
a multilayer perceptron (MLP) (Tian et al. 2024). For sound
event modeling, an additional class vector Ec from a learn-
able embedding dictionary corresponding to sound class la-
bels is also integrated. Both Et and Ec are incorporated via
the AdaLN-Zero mechanism (Peebles and Xie 2023).
Intra-Frame and Intra-Frequency Attention As shown in
Figure 4(b), this attention strategy models inter-frequency
correlations within each frame and temporal dynamics of
individual frequency bands separately. Intra-Frame Atten-
tion scans across frequency bins within each time frame,
while Intra-Frequency Attention focuses on temporal evolu-
tion within each frequency bin, collectively capturing fine-
grained spectral and temporal features. These two blocks
share the same structure while differing in scan direc-
tion. This approach has been effectively adopted in various
speech processing models (Luo, Chen, and Yoshioka 2020;
Shi, Yen, and Nakadai 2025; Xu et al. 2024).
Global-Temporal Attention The Global-Temporal Atten-
tion block, illustrated in Figure 4(c), is designed to capture
temporal relationships across all frequency bins. To reduce
computational cost, the input feature map is downsampled
along the frequency dimension and processed by a SwiGLU
module for channel projection. After attention calculation, a
convolution layer projects the feature map back. This block
is exclusively used in the latent stage of the U-Net.
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Experiments and Results
Datesets and Preprocessing
We independently train diffusion source models for speech
and sound event datasets. For speech modeling, we adopt the
VCTK dataset, which contains approximately 110 speak-
ers, using 100 speakers for training and 10 for testing.
For sound event modeling, we utilize the FSD-Kaggle2018
dataset (Fonseca et al. 2018), which comprises around
11,000 clips across 41 event categories. We use the provided
training set with 9,470 clips for training and the remaining
clips for testing. All audio samples are resampled to 16 kHz
and are cropped or padded to a fixed length of 4 seconds.

Configuration and Training
For the U-Net backbone, we adopt an STFT with a window
size of 510 and a hop length of 255. The channel size is set to
72. For Global-Temporal Attention, the number of subbands
is set to 4, and the suppressed channel is set to 16. Each
attention block employs 4 heads, and the embedding dimen-
sion is 128. As illustrated in Figure 4, the U-Net adopts a
five-stage block layout with repetitions of 2, 4, 8, 4, and
2, and the total number of parameters is 37M. Each model
is trained for 400k steps with a batch size of 12 using the
AdamW optimizer with a learning rate of 1e-4 (Loshchilov
and Hutter 2017). We train two diffusion source models on
speech and sound event datasets. Denoising training is per-
formed with T = 200 steps using a linear noise schedule
β(t) ∈ [10−4, 2 × 10−2]. sfloor is set to 0.002 and c is set to
103. λtime, λgroup, and λstft are set to 1, 0.05, and 0.1, respec-
tively. The initialization step t∗ is set to 150.

Experimental Implementation
Mixture Generation and Tasks For each of the three
distinct tasks investigated: Speech-Sound Event Separation,
Sound Event Separation, and Speech Separation, 400 unique
mixtures were synthesized. These mixtures were created by
overlapping single sources with random Root Mean Square
levels (-25 to -20 dB) and random temporal offsets.

For Speech-Sound Event Separation, we tested separating
speech from sound events in mixtures containing one speech
source with either one or two sound event sources, utilizing
an unconditional speech model and a label-guided condi-
tional sound event model. Sound Event Separation focused
on separating two or three different sound types within mix-
tures, employing a single conditional sound event model.

For speech separation, a homogeneous source separation
problem involves two speech sources. This scenario is par-
ticularly challenging for source model-based methods, since
it inherently presents permutation ambiguity, as local speech
segments may separate, but consistent speaker assignment
across time often fails because models trained on clean
speech lack speaker clues and primarily learn local acous-
tic structures (Iashchenko et al. 2023). Our results suggest
that a stronger model design can enhance such homogeneous
separation without relying on explicit speaker conditioning.

Comparison Methodologies and Metrics Comparisons
are made against two supervised separation models: the clas-
sical time-domain Conv-TasNet (Luo and Mesgarani 2019),

and the state-of-the-art frequency-domain audio separation
model TF-Locoformer (Saijo et al. 2024, 2025). We inde-
pendently train the corresponding expert model with the SI-
SDR loss function for 200 epochs for each task. Across all
comparisons, we utilize identical mixture test datasets.

For unsupervised methods, we evaluate our proposed hy-
brid guidance schedule γ(t) against DPS’s constant and
DSG’s noise-proportional schedule, all within the gradient-
descent framework and using the same initialization. Addi-
tionally, we compare with the Analytical Sampling method
(Iashchenko et al. 2023). This approach is used for additive
source separation, where the observed mixture y is an addi-
tive combination of sources y = x1 + x2. It leverages the
key insight that the conditional likelihood pt(y|x1

t ,x
2
t ) sim-

plifies to pt(y|x1
t +x2

t ). This enables the analytical compu-
tation of the log-likelihood gradient∇xk

t
log pt(y|x1

t ,x
2
t ).

For Speech Separation specifically, our full attention-
based model is compared with large Diffwave (Iashchenko
et al. 2023; Kong et al. 2020). This enhanced Diffwave
model incorporates the Squeeze-Excitation mechanism,
with 33M parameters and 48 layers. We use its publicly re-
leased checkpoint trained on 2-second VCTK segments to
compare its speech modeling performance with ours.

Performance is evaluated using standard objective met-
rics: SI-SDR for all separated sources, and PESQ for sepa-
rated speech in Speech-Sound and Speech separation tasks.
For Speech Separation specifically, we also report the sepa-
ration failure rate. Failure is defined as instances where the
average SI-SDR of separated sources falls below 0 dB.

Results
Results for Speech-Sound Event Separation, Sound Event
Separation, and Speech Separation are presented in Table 2.
As anticipated, supervised methods achieve the highest sep-
aration quality, with TF-Locoformer demonstrating supe-
rior performance across all scenarios. Among unsupervised
approaches, our proposed hybrid guidance schedule con-
sistently outperforms gradient-based alternatives across all
tasks, demonstrating its robustness. Critically, for speech-
containing tasks, our method yields significantly higher
PESQ scores and lower failure rate, indicating enhanced
speech naturalness. Notably, our proposed method yields
highly competitive results when compared to supervised
baselines, performing comparably to Conv-TasNet, and
delivering significant improvements over the unprocessed
baseline in all separation tasks. In general, gradient-based
methods universally surpass Analytical sampling across
tasks, particularly evident in the more challenging multi-
source separation tasks. Overall, the results confirm that our
schedule delivers superior performance in terms of both sep-
aration fidelity and speech naturalness.

Ablation Studies
Influence of Diffusion Model Backbone This ablation
study investigates the impact of the underlying diffusion
model architecture on speech separation performance, as
presented in Table 3. We compare our proposed attention-
based model backbone against Large Diffwave using our
gradient-based method and Analytical sampling.
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1 Speech + 1 Sound 1 Speech + 2 Sound 2 Sound 3 Sound 2 Speech
Method SI-SDR

(↑)
PESQ

(↑)
SI-SDR

(↑)
PESQ

(↑)
SI-SDR

(↑)
SI-SDR

(↑)
SI-SDR

(↑)
PESQ

(↑)
Failure
Rate (↓)

Unprocessed 0.00 1.64 -3.15 1.22 -0.01 -3.13 0.01 1.29 –

Unsupervised: Gradient+Initialization
DPS’s constant γ(t) 8.88 1.73 3.02 1.56 4.63 0.12 1.87 1.43 46.5%
DSG’s σ(t)-prop. γ(t) 12.97 1.94 7.96 1.72 9.48 4.75 5.68 1.57 31.3%
Proposed γ(t) 14.31 2.12 8.58 1.80 10.44 5.15 6.11 1.62 29.8%

Unsupervised: Analytical Sampling
(Iashchenko et al. 2023) 7.33 1.45 -0.04 1.19 1.01 -2.18 2.17 1.28 42.3%

Supervised
Conv-TasNet 14.22 1.97 7.05 1.43 11.73 5.02 9.63 1.80 –
TF-Locoformer 18.22 2.37 12.21 1.95 14.32 9.27 14.52 2.42 –

Table 2: Performance on three audio separation tasks: Speech-Sound Event Separation (1 Speech+1 Sound, 1 Speech+2 Sound),
Sound Event Separation (2 Sound, 3 Sound), and Speech Separation (2 Speech). The failure rate is reported only for speech
separation and is defined as the average SI-SDR of separated sources falling below 0 dB. Underline indicates unsupervised best.

Method SI-SDR
Succ (↑)

Failure
Rate (↓)

SI-SDR
All (↑)

Unprocessed – – 0.00/0.01

Unsupervised: Gradient+Proposed γ(t)
Large Diffwave 7.17/7.36 39%/44% 3.37/3.01
Proposed Model 9.34/9.68 28%/30% 6.04/6.11

Unsupervised: Analytical sampling
Large Diffwave 5.12/4.69 44%/41% 2.01/1.99
Proposed Model 5.32/5.27 39%/42% 2.45/2.17

Table 3: Performance of Speech Separation using different
backbones. All metrics report results for 2-second and 4-
second audio segments, presented in a 2-second / 4-second
format. SI-SDR Succ denotes successfully separated results.

Results are reported for both 2-second and 4-second
speech segments. Our proposed model largely outperforms
Large Diffwave in SI-SDR Success and Failure Rate across
gradient-based and the Analytical sampling strategy. Our
model was not specifically trained on 2-second segments,
but its performance on these shorter durations remains supe-
rior to Large Diffwave. These findings indicate that our pro-
posed diffusion model architecture is more effective at learn-
ing robust audio priors and facilitating superior separation,
thereby significantly improving overall separation quality.

Ablation of Initialization and Guidance Parameters
Table 4 presents our ablation study on the key compo-
nents for the Speech-Sound separation process. We first in-
vestigated the initialization time steps t∗. Initializing from
pure noise without augmentation yielded the lowest per-
formance, highlighting that an optimal intermediate t∗ is
crucial, as both excessively high and low noise levels are
suboptimal. Next, we examine the impact of reconstruc-
tion loss Lrecons, showing that combining time-domain and

Parameters SI-SDR (↑) PESQ (↑)
Initialization step t∗

200 (no xaug
T ) 10.21 (-4.10) 1.90 (-0.22)

175 13.73 (-0.58) 2.10 (-0.02)
125 14.31 (-0.00) 2.11 (-0.01)
100 14.07 (-0.24) 2.10 (-0.02)

Loss Type of Lrecons
Ltime 13.65 (-0.66) 1.71 (-0.41)
Ltime + Lgroup 13.20 (-1.11) 1.65 (-0.47)
Ltime + Lstft 13.03 (-1.28) 2.24 (+0.12)

Final guidance sfloor
0.005 14.20 (-0.11) 2.05 (-0.07)
0.001 13.92 (-0.39) 2.08 (-0.04)

Table 4: Ablation study of Initialization and Guidance.

frequency-domain losses yields the best performance. Fi-
nally, we evaluated the influence of the guidance constant
sfloor in the final guidance stage. We observed that while even
a minimal floor value sfloor provides a clear gain, setting it to
an intermediate value further enhances overall performance.

Conclusion
In this work, we address single-channel audio separation
from an unsupervised perspective, framing it as a proba-
bilistic inverse problem solvable with diffusion models. We
observed and analyzed the phenomenon of gradient con-
flicts between prior and conditional updates. To effectively
manage these conflicts, we proposed a hybrid guidance
strength schedule. Furthermore, we introduce an effective
noise-augmented mixture initialization strategy. These in-
novations significantly enhance separation quality and effi-
ciency, built upon a novel TF domain model for robust audio
priors learning. Our method demonstrates impressive effec-
tiveness across three distinct audio separation tasks.
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