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Abstract—This paper addresses unsupervised diffusion-based single-
channel speech enhancement (SE). Prior work in this direction com-
bines a score-based diffusion model trained on clean speech with a
Gaussian noise model whose covariance is structured by non-negative
matrix factorization (NMF). This combination is used within an
iterative expectation—-maximization (EM) scheme, in which a diffusion-
based posterior-sampling E-step estimates the clean speech. We first
revisit this framework and propose to explicitly model both speech and
acoustic noise as latent variables, jointly sampling them in the E-step
instead of sampling speech alone as in previous approaches. We then
introduce a new semi-supervised SE framework that replaces the NMF
noise prior with a diffusion-based noise model, learned jointly with the
speech prior in a single conditional score model. Within this framework,
we derive two variants: one that implicitly accounts for noise and one
that explicitly treats noise as a latent variable. Experiments on WSJ0-
QUT and VoiceBank-DEMAND show that explicit noise modeling
systematically improves SE performance for both NMF-based and
diffusion-based noise priors. Under matched conditions, the diffusion-
based noise model attains the best overall quality and intelligibility
among unsupervised methods, while under mismatched conditions the
proposed NMF-based explicit-noise framework is more robust and
suffers less degradation than several supervised baselines. Code, demo,
and supplementary materials are publicly availableE]

Index Terms—Unsupervised speech enhancement, diffusion models,
posterior sampling, non-negative matrix factorization.

I. INTRODUCTION

Speech enhancement (SE) is a widely studied speech restoration
task that aims to recover an underlying clean speech signal from
a noisy recording. With the rise of deep neural networks (DNNs)
and the development of diverse architectures and learning paradigms,
substantial progress has been achieved in SE [1]], in both supervised
and unsupervised settings. Supervised methods require clean—noisy
speech training pairs, whereas unsupervised methods rely on clean
speech only, noisy speech only, or unpaired clean and noisy speech
data, but never on clean—noisy speech pairs. These broad families
of SE methods can be further refined by distinguishing between
generative and non-generative training, leading to four categories:
supervised non-generative [1]|-[4], supervised generative [5]-[9],
unsupervised non-generative [10]-[14]], and unsupervised generative
[15]-[21]]. The main motivation for unsupervised methods is to
improve the generalization of trained DNNs to unseen (mismatched)
conditions, without requiring large and diverse paired datasets, which
are often impractical to collect in real-world scenarios. Nevertheless,
under matched conditions, they typically exhibit a performance gap
compared to their supervised counterparts [18].

Generative SE methods explicitly or implicitly model the prior
distribution of speech and/or noise, and have recently gained renewed
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interest with the advent of diffusion models [22]. Indeed, the high
quality of images, videos, and audio generated by diffusion models
demonstrates their ability to act as powerful data priors. This has
encouraged research on diffusion-based SE in both supervised and
unsupervised settings. The particular case of unsupervised diffusion-
based SE, which is the focus of this paper, offers the possibility of
using diffusion models as strong priors over audio data (for both
speech and noise), without relying on paired datasets.

An early line of work on this topic is that of Berné et al. [19], fol-
lowed by [20], [21]], where a score-based diffusion model trained on
a clean-speech corpus is used as a generative prior for speech, while
the acoustic noise prior is modeled as a Gaussian distribution with
a non-negative matrix factorization (NMF)-structured covariance. To
perform SE, an iterative Expectation-Maximization (EM) procedure
is implemented, where the E-step applies diffusion posterior sampling
to estimate the clean speech, and the M-step updates the noise
parameters. Such a methodology provides a task-agnostic pre-trained
prior, which could be reused for different restoration tasks without
retraining [22]]. This approach is not limited to speech processing. In
image restoration, for example, a diffusion model is trained on a clean
image dataset and leveraged at inference together with optimized
parametric operators modeling the degradation affecting the images
[23]]. For blind image deblurring, Chung et al. [24] train two diffusion
models, one serving as a clean-image prior and the other as a
deblurring-kernel prior.

In the audio processing domain, similar ideas of using parallel
diffusion models over both speech and acoustic noise have been
proposed [25]], [26]. Yemini et al. [25] perform audio-visual speech
separation in the presence of noise by training a diffusion model as
a clean speech prior conditioned on lips video, and another diffusion
model as an acoustic noise prior. In the context of music source
separation, Mariani et al. [26] train separate diffusion models for
each independent source, and accordingly perform diffusion posterior
sampling at inference to estimate the sources.

In the unsupervised diffusion-based SE works [19]-[21]], the
sampled clean speech and the estimated noise parameters during
inference must jointly reconstruct the observed noisy speech to ensure
data consistency in the likelihood. Noticeably, while the clean speech
is sampled from its posterior distribution during the E-step, the noise
is not explicitly sampled from a posterior distribution. Instead, only
the NMF parameters defining the noise covariance are estimated
during the M-step. This avoids the need to handle the joint speech—
noise posterior, but it also means that the noise signal itself is never
explicitly reconstructed during inference. We argue that optimizing
the noise parameters in the M-step, without explicitly reconstructing
the noisy observation as the sum of the estimated clean speech and
acoustic noise, may lead either to poor data consistency or to well-
verified data consistency but poor speech estimates due to inaccurate
acoustic noise modeling. Besides, we hypothesize that modeling the
acoustic noise with a more powerful model than NMF might improve
SE.

In light of these findings, we propose new unsupervised diffusion-
based SE frameworks that further reduce the performance gap with
supervised approaches. Our contributions are threefold. Firstly, we
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present a comprehensive and unified description of previous work
on unsupervised diffusion-based SE before introducing our new
approaches, which build upon this unified formulation. Secondly,
we go beyond [20], which models the acoustic noise as a Gaussian
distribution with a covariance structured by NMF, and propose to
explicitly sample the acoustic noise from its posterior distribution.
This entails treating the acoustic noise, similarly to the speech
signal, as a latent variable within the observed noisy speech. The
main technical difficulty is that this leads to an intractable joint
posterior over speech and noise. We address this by deriving a
practical approximate EM inference scheme, in which the E-step
uses Gibbs sampling to alternate between diffusion-based posterior
sampling of speech and an explicit posterior update of noise, while
the M-step updates the NMF parameters. Thirdly, we propose to
use a pre-trained diffusion-based prior model for noise, analogous
to the approach used for speech, instead of the NMF-based model.
Specifically, we present two algorithmic variants: one that does not
treat the acoustic noise as a latent variable, and another that does,
performing alternating diffusion-based posterior sampling to estimate
both the clean speech and the acoustic noise. Contrary to [24]-[26]],
which use separate diffusion models for the independent components
of the mixture, our diffusion-based priors for speech and noise are
trained jointly, thus reducing the number of models that must be
trained. Moreover, the likelihood approximation technique used in
the posterior inference of our approach is much simpler and lighter.

Experiments on the WSJO-QUT [27] and VoiceBank-DEMAND
[28] datasets demonstrate that modeling noise as a latent variable,
whose prior is either a Gaussian with an NMF-based covariance
structure or a diffusion-based prior, improves the SE performance.
Under mismatched conditions, the framework with an NMF-based
noise covariance and explicit latent noise modeling outperforms its
diffusion-based counterparts and exhibits less performance degrada-
tion than supervised baselines when evaluated on unseen data.

We structure the remainder of the paper as follows. In Sections
and we review the fundamentals of score-based diffusion models
(training and prior sampling), as well as unsupervised SE meth-
ods [[19]-[21]] that combine diffusion models with NMF. Section
introduces our approach, which explicitly considers acoustic noise
as a latent variable and performs SE using diffusion models with
NME. Section |V| presents our framework that uses diffusion-based
prior models for both speech and noise data. The experimental setup
and results are provided in Section [VI} Finally, we conclude in
Section

II. AUDIO GENERATIVE MODELING WITH DIFFUSION

In this section, we review the score-based generative diffusion
model, which forms the basis for both the previously proposed
unsupervised SE methods and the new approaches introduced in
this work. We model audio in the complex-valued short-time Fourier
transform (STFT) domain. For simplicity, a 2D STFT array with F’
frequency bins and L time frames is represented by a flattened 1D
vector a € CF'Z. We use a to denote a generic audio signal (either
speech or background noise), so that all equations apply to both cases.
When needed, we write s and n specifically for speech and noise,
respectively.

A. Diffusion modeling framework

Given a training set of audio data, the goal of a score-based
diffusion model is to approximate the underlying data distribution
Pdata(@). This line of work builds on score matching, which seeks to
approximate the (generally intractable) score function Va log p(a)
so that new samples can be generated using this estimated score.
In particular, denoising score matching [29] learns a neural network

So to predict the gradient of the log-density of data that have been
corrupted by additive Gaussian noise. [30] generalizes this idea
by introducing multiple noise scales, and [31]] further extends it
by defining a continuous-time corruption process via a stochastic
differential equation (SDE) that gradually transforms data samples
into Gaussian noise. This continuous-time corruption process is
defined by the forward SDE:

da; = f(a¢)dt + g(t)dw, (1)

where w denotes a standard Wiener process, f is the drift coefficient,
and g¢(¢) is the diffusion coefficient controlling the noise scale. We
set f(a:) = —~ya¢, where « is a constant parameter.

The perturbation kernel associated with this SDE allows us to
sample a; directly from a clean sample a:

pot(at|a) = Ne(8:a, 0 (t)*1), )

where §; = exp(—~t) and o(t)? is derived from the SDE.
To learn the score function, a neural network Sy (a¢,t) is trained
using the following objective:

0" = argminEy o [||a(t)Sg(at,t) n cH%], 3)

where ¢ ~ N¢(0, I) is the complex-valued zero-mean Gaussian noise
used to corrupt the input data. Once trained, the score network can
be used to generate new data samples via the reverse SDE, which
under mild regularity assumptions, is given by [31]:

da; = [f(a;) — g(t)*Va, logpe(ar)]dt + g()dw,  (4)

where W is a standard Wiener process running backward in time, and
dt¢ is a negative time increment.

This reverse SDE progressively transforms a Gaussian noise
sample into a clean data sample. Since the score Va, logp:(a:)
is unknown, it is approximated by the learned score network Sy.
Sampling is then performed by numerically solving the reverse
SDE. In our work, we adopt the Predictor-Corrector (PC) sampler
from [31]], [32]], which is described in the next section.

B. Diffusion prior sampling formulation

The predictor step of the PC sampler uses the Euler—Maruyama
method to numerically integrate the reverse SDE (@) in discrete time.
This yields a finite sequence of latent variables {a; N

i—o forming a
Markov chain ap — a; — ... — an, whose joint distribution
factorizes as

N

.,an) = p(an) Hp(az‘A | &i). )

i=1

pao, ..

Discretizing (@) and inserting the score model leads to:
a;—1 = a; —fiAT—Fg,Q.ng* (ai,Ti)AT—an\/ATC (6)

with ay ~ Ng(0,1). Here, {1,...,7v} = {i.T/N}Y, is an
equally spaced sequence of time steps in [0, 7] with a discretization
width of A7 = T/N, ¢ ~ N¢(0,1), and f; = —~a,. Applying
a similar discretization to the forward SDE in (I), we obtain the
perturbation kernel:
p(ailag) = Nc(Siao,07,1), i>1, & =exp(—ym). (7)
The predictor step given by (6) can be refined by first applying
a corrector step to its input a,;. Following [31]], we use Langevin
Markov Chain Monte Carlo (MCMC) sampling as the corrector. This



consists of updating a; via a gradient-ascent step on the log-density,
augmented with Gaussian noise, so as to move towards regions of
higher probability, where the gradient term is the estimated score
function. Overall, the prior sampling is then characterized by the
following backward transition distribution:

p(ai-1lai) = Nc (ubaCk(ai% 25“") ®)
with
p*(a;) = h(a;) — ;AT + g2, Se+ (h(a;), 7)) AT
{ Sback — gZiATI, ®
where h(a;) is the result of one-step Langevin MCMC:
h(a;) = a; + €,,S¢+(a;, 1) + \/EC, ¢ ~Nc(0,I). (10)

Note that €,, = (o, - r)? denotes the Langevin step size (r > 0)
[33]]. Starting from Gaussian noise, i.e., ay ~ Nc(0,I), the above
conditional sampling procedure is iterated to ultimately generate an
audio signal ap from the learned distribution.

C. Tweedie’s formula

Numerous works use Tweedie’s formula [34]] to solve inverse
problems with diffusion models. Tweedie’s formula provides an
expression for the posterior mean of the intractable distribution
p(aola;). Given the Gaussian conditional density p(a;|ag) in (7)),
the posterior mean K, (ay|a;)[20] can be approximated as

a; + 02, Se~(a;, ;)
0

ap,; = ]Epio(ao\az‘)[ao] ~ 1)
This expectation corresponds to a Gaussian denoising operation
applied to the perturbed signal a;, yielding an estimate of ao at every

reverse iteration.

III. PRIOR WORK: DIFFUSION-BASED SPEECH AND NMF-BASED
NOISE PRIORS WITH IMPLICIT NOISE MODELING

A. Problem formulation

To perform SE, we assume the additive mixture model

X=s8+4n, (12)
where x, s, and n denote the STFT arrays of noisy speech, clean
speech, and background noise, respectively. The additive noise is
modeled as n ~ N¢(0,diag(vy)), where vy, = vec(WH), W
and H are low-rank, non-negative matrices, and vec(-) denotes the
vectorization operator. Concretely, W' contains spectral templates,
and H encodes their time-varying activations [35]. The product
WH is intended to approximate the true noise spectrogram. This
assumption follows the Gaussian Composite Model used in NMF-
based audio source modeling, where complex STFT coefficients are
modeled as independent proper complex Gaussian variables with
variances given by the source power spectrogram [35], [36]. Here,
this model is used only for background noise.

In the unsupervised SE setting considered in prior work, the goal
is to estimate the clean speech s together with the noise parameters
¢ = {W,H}. This amounts to maximizing the observed-data log-
likelihood given by:

L(p;x) = logpe(x) = 10g/p¢(x, s)ds, (13)

which is intractable to compute. Instead, an EM procedure is followed
by iteratively optimizing the following expected complete-data log-
likelihood over ¢:

Q(¢a ¢C) = Ep¢c(s\x) [1ng¢(x7s)]7 (14)
where ¢. denotes the current estimate of ¢. In the E-step, the
intractable expectation is approximated via Monte Carlo, by drawing
samples from the posterior py,(s|x) given the current parameter
estimate ¢.. More precisely, we have:

B
O(; pe) = Zlogm x,s"), (15)
b:

where s® ~ pg_ (s|x) and B is the number of posterior samples. The
M-step corresponds to the optimization problem below:

" & argmax [Q(5; . )] (16)
>0
(x —s? —s%);
= ar max— +logve i, (17)
i ZZ v e

which is solved using the multiplicative update rules [36]. In the
above formula, the subscript j denotes the 5™ entries of the associated
variables, and H is the conjugate transpose.

Recall that the goal of SE is to recover an accurate estimate of the
clean speech signal. In the EM framework, this objective is achieved
by sampling from the posterior in the E-step. The more accurate the
speech prior and the noise parameters ¢ are, the more reliable the
posterior samples of s become. What remains is to clarify how to
sample from this posterior using the diffusion model. Depending on
the chosen construction, this leads to different E-step algorithms.

As discussed in Section unconditional sampling from the
clean-speech distribution is performed by estimating the score func-
tion Vs, logpi(s;) and integrating the reverse SDE (6). In a similar
spirit, a common way to sample from the posterior pe.(s|x), given
the current noise parameter ¢. obtained at the previous M-step, is
to approximate the posterior score. By Bayes’ rule, py.(s|x) o
Do, (X|8) p(s), so the corresponding score decomposes as a sum of
a likelihood term and the prior score:

(18)

Vs, log pe, (si|x) = Vs, log pe, (x|si) + Vs, log pi(s:).

Replacing the second term with the learned score model, the asso-
ciated reverse SDE used to sample from the posterior at the current
EM iteration can then be written as:

si-1 =i — LAT + g7, [V, log ps, (x[si) + S5+ (si, 7:)] AT
+9r, VATC.

Regarding the likelihood term py_ (x|s;), marginalizing over s gives

19)

poc (xl5:) = [ po. (i) plslso) ds. 0)
which is intractable due to p(s|s;). A large body of work has
proposed approximations of this likelihood in the context of inverse
problems with diffusion models [23|]. In the following subsections,
we briefly review how [[19]-[21] approximate p (x|s;) and perform
the posterior sampling required in the E-step.

B. UDiffSE

To simplify the likelihood computation at inference, a non-
informative prior assumption was proposed by [37|], which leads
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Fig. 1: Schematic diagram of the D1 £ fUSEEN algorithm.

to p(s|s;) o< p(si|s)p(s) x p(si|s). UDif£SE [19] leverages this
assumption, which combined with (7) leads to:

2
~ S; 0'7'7'
p(s|s:) = p(s|si) = ./\/'c(—, —2/1). (21
0; 07
This results in an approximate likelihood, referred to as the noise-
perturbed pseudo-likelihood, defined as:

~ Si
Po (xlsi) = Ne (5 is. ). 22)
0_2
where J;,¢, = 1+ diag(ve, ). Therefore, we have
~ 1.4 S;
Vs logs, (x|si) = 53, (x - 5*) (23)

Note that J is a diagonal matrix and that all its diagonal entries are
non-zero, so it can be accurately inverted.

A scaling factor J\; is introduced to balance the contributions of the
prior score and the likelihood score in the posterior sampling step
formulated below:

s;i—1 =8; — AT+ gfi |:)‘Zv51 10g;5¢c (X|Si)+

(24)

S (si, TZ):| AT+ g, VATC.
At each E-step, the reverse SDE iterations in (24) are performed,
starting from Gaussian noise. The resulting samples are then used in
the M-step to update the parameter ¢, and the EM steps are repeated
until convergence (typically within five iterations) [[19].

C. UDiffSE+

To reduce the inference time of UDif fSE, [20|] propose interleav-
ing the M-step with the reverse iterations in (24), and using Tweedie’s
formula (IT) to obtain the clean-speech estimate required to update
¢. In this way, the noise parameters are updated progressively during
the reverse pass, rather than only after it is complete, which reduces
the overall number of reverse passes to a single round.

D. DEPSE-IL and DEPSE-TL

Instead of explicitly incorporating the likelihood gradient term
Vs, log pg. (x]s;) to guide the generation of clean speech from noisy
observations, [21]] propose to model directly the transition distribution

Po. (8i—1[8i, %) o< Py, (X[si-1) P(si-1]si),

where p(si—1|s;) is the prior transition used in (). This approach,
called DEPSE-IL, removes the need for the scaling factor \;, but
still requires an approximation of the likelihood term.

In addition, [21] introduce an alternative strategy, DEPSE-TL,
which applies the forward diffusion process to the noisy speech (using

the discretized form of (2) applied to x). This yields a modified
transition distribution

P (Si—18i,Xi—1) X Po, (Xi—1]8i—1) p(si—1]s:),

for which the likelihood term pg, (xi—1]s;—1) is fully tractable.

IV. DIFFUSION-BASED SPEECH AND NMF-BASED NOISE PRIORS
WITH EXPLICIT NOISE MODELING

In the previous sections, we reviewed unsupervised SE methods
that rely on a diffusion-based speech prior and NMF-based noise
modeling, where only the speech s is treated as a latent variable. The
noise n affects inference only through its NMF-structured covariance
in the likelihood term p(x|s). This simplifies inference, but the
noise signal itself is neither reconstructed nor sampled from its
posterior distribution. As a result, mixture consistency is enforced
only implicitly through an NMF-weighted likelihood term, which
may be poorly conditioned when the NMF noise model is inaccurate.

To address this limitation, we introduce Dif fUSEEN (Diffusion-
based Unsupervised Speech Enhancement with Explicit Noise Mod-
eling), illustrated in Fig. [T} The key idea is to treat both s and n
as latent variables and to make this formulation tractable through an
approximate EM procedure: the E-step alternates between diffusion-
based posterior sampling of speech and an explicit posterior update
of noise, while the M-step updates the NMF parameters. This enables
explicit speech—noise reconstruction and better enforces the mixture
constraint X &~ § + n. This formulation also prepares the ground
for Section [V] where we replace NMF-based noise modeling with a
learned diffusion prior.

In the proposed approach, we explicitly model the noise n as
a latent variable with prior n ~ Nc¢(0,diag(vy)), parameterized
by NMF as before. We further introduce a small Gaussian residual
term, which yields a tractable likelihood and turns the hard mixture
constraint into a soft consistency term. Specifically, we assume:

X=s4+n+4r, (25)
where r ~ Nc(0,021I), and o2 is a known, small constant.

The noise parameters ¢ are estimated by maximizing the observed-
data log-likelihood logpe(x), similarly to (I3), which, however,
leads to an intractable expression. To address this, we follow the
EM procedure and instead optimize the expected complete-data log-
likelihood over ¢:

Q(¢7 ¢0)

where ¢. denotes the current estimate of ¢.

To approximate the expectation in (26) via Monte Carlo, we
sample from the joint posterior py, (s, n|x). We do so using Gibbs
sampling, decomposing the joint draw into two conditional updates:
first, we sample s from p(s|x,n) given the current estimate of n;

= Epd)c (s,n|x) [Ing¢(X7S7 n)]7 (26)



then, we sample n from pg, (n|x,s) using the newly updated s.
Mathematically,

(27a)

s ~ p(s|x, n),
(27b)

n -~ p. (nfx,s).
In practice, the exact speech conditional distribution is intractable and
is approximated through diffusion-based posterior sampling, whereas
the noise conditional admits a tractable Gaussian form under the
likelihood approximation introduced below.

1) E-step for sampling s: To sample s in (27a), we follow the
procedure of UDi££SE+ [20] by replacing Vs, log p;(s;) in (6) with
the following posterior-based score term:

Vs, log p(si|x,n) = Vg, log p(x[si,n) + Vs, logpi(si). (28)

We also need to approximate the intractable likelihood p(x|s;, n):
p(xlsim) = [ plx,solss, m)dso

— | bloxlso. ) plsals:) dso 29)
Here, p(x|so,n) = Nc(so + n,o2I). Assuming an uninformative
prior p(so) and using (7), we obtain the following Gaussian ap-
proximation, which makes the likelihood tractable but may introduce
approximation bias:

- Sq

Bx[si,m) = Ne (3 +n,0%1), (30)
where 02 = 02, /67 + o7. Compared to (22)), the covariance matrix

here is diagonal, and the mixture consistency is explicitly taken into
account. The likelihood score term in (28) is then approximated as:

Vs, log p(x|si,n) = %U%(X . ((Ss—z + n))

Finally, the clean speech samples are drawn using the reverse SDE:

(31

si_1=s; — LAT+ gi [/\ivsi log p(x|s;, n)+

(32)

S5 (si, Tz)] AT+ g, VATC.
In practice, A; is set using a scheduler function. Moreover, the reverse
SDE (32) is numerically solved by first running a prior sampling step,
as done in (8)-(I0), followed by a data-consistency update (via the
posterior score), to take into account x.

2) E-step for sampling n: To sample n, we need to compute the
posterior in within the reverse diffusion steps, that is

Po. (0%, 8i) o< p(x[si, n) py,. (n). (33)

We approximate the intractable likelihood term using (30), which
yields the following Gaussian approximation to the noise posterior

Po. (n]x,8:) = Ne(pin, Bn), (34)

where Ve, si
Bn = m(x - 57)7 (35a)
=, = Oga% (35b)

Here, divisions and multiplications are to be interpreted element-wise.
When computing (35a), we replace s;/8; with the Tweedie-based
speech estimate 8o ; given in (TI), as it performs much better in our
experiments. The posterior mean g, is used as the current estimate

of n in (32).

Algorithm 1 DiffUSEEN
Input: x, N, \, 02, ¢ = {W,,Hy}
1: sy ~ Ne(x, 02 T), AT =
2: fori =N,...,1do
3 T; < @A, \; < SCHEDULER (%)
4. Compute {p**(s;), 22} using @)

s s (i) + V/EPHC, ¢~ Ne(0,1)

2 -1
6 8o =20; (sl; + 02,85 (s, 7'1)>

> (Predictor-Corrector)

> Estimate of so
7: Compute {ftn, X5} via 33) with s = 8¢ ; > Noise posterior

8: Si—1 < s2 + Xig? Vg, log pyi (x| st wn) AT

9: (15271 = NMF(|HH|2+271)
10: end for

> Parameters update

11: Output: § = sp

3) M-step: As stated earlier, the M-step maximizes (26) with
respect to ¢, which can be rewritten as

md?X Epd)c (s,n|x) [logp¢(n)}. (36)

By factorizing pg, (s,n|x) = pe.(n|x,s)p(s|x) and noting that
p(s|x) does not depend on ¢, this simplifies to
max By, (ajx.s)[logps(n)]- @37

Substituting the prior distribution of n, the above problem becomes

Vo,j

2
. n;
min By, e [ 325+ logug, ] (38)
¢ € ; Vg, j
which, by incorporating the noise posterior (34), results in
. |pm,5 1245,
min . = + log vy, j, 39
i XJ: gV, (39)

where the subscript j denotes the 5™ entry of the associated variables.
This is a standard NMF problem with the Itakura-Saito (IS) diver-
gence loss, which can be solved using the same multiplicative update
rules as in the previous algorithms. The overall algorithm iterates over
all the steps discussed above and is summarized in Alg. [I]

V. DIFFUSION-BASED SPEECH AND NOISE PRIORS

In the previous methods, noise was modeled by imposing an
NMEF structure on its covariance. Despite the success of this strategy,
we hypothesize that performance can be improved with a more
expressive noise model. Therefore, we propose to model the noise
prior distribution with a diffusion model, as is done for clean speech.
Furthermore, instead of learning two separate score models for speech
and noise, we train a joint score model conditioned on a label x
indicating whether the input is speech (x = 1) or noise (k = 0).

In this framework, SE is addressed purely through diffusion-based
posterior sampling. Since no noise-related parameter is optimized at
inference, there is no M-step, in contrast to the previous EM-based
approaches; only a posterior sampling procedure is required. We refer
to this framework as ParaDiffUSE (Parallel Diffusion Model for
Unsupervised Speech Enhancement), depicted in Fig. 2] It can be
seen as a semi-supervised method rather than a fully unsupervised
one, as it uses noise data in addition to clean speech data. Within
ParaDiffUSE, we propose two variants: ParaDiffUSE-IN,
which implicitly accounts for noise in the posterior sampling, and
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Fig. 2: Schematic diagram of the ParaDiffUSE algorithm.

Algorithm 2 ParaDiffUSE-IN
Input: x, N, A

1. sn f\/./\/‘(r;(x7 UENI),AT «— %

2. fori=N,...,1do

3:

T; < @A, \; <= SCHEDULER (%)

4 Compute {p®*(s;), X5*} using @) > (Predictor-Corrector)
S s (s £ /SR, o~ AG(0,T)

6 M+ x—0;7(sP*—0.,¢), ¢~ Nc(0,I)

7 Vb log p(x|[st**) < —6; 'S (n;,7)

8 s;_q 8Pk 4 Aigfvsgack log p(x|sb*) AT > X-consistency
9: end for

10: Output: § = sg

ParaDiffUSE-EN, which explicitly samples from the posterior
noise distribution. In both cases, we assume access to a pre-trained
joint speech—noise score model, denoted Sy (s¢, ¢, k). For brevity, we
write S, (s¢,t) = Sy (st,t, 1) and S7(ny, t) = Sy (ns,1,0).
Compared to [23], which uses separate models for speech and
acoustic noise, our joint model can naturally be extended to multiple
labels, {speech, noise1, noises, . ..}, which is useful when the noise
type is known or can be estimated beforehand. A separate-model
approach would then require training and maintaining several distinct
noise models, which may be impractical. Unlike supervised methods,
ParaDiffUSE-type models do not require paired clean—noisy data,
since separate speech and noise corpora are sufficient. This avoids
relying on predefined mixtures and allows the noise branch to be fine-
tuned on target-domain noise without constructing new noisy data.

A. Implicit noise modeling: ParaDiffUSE-IN

We first adopt an implicit noise-modeling framework, as in the
previous methods [I9]-[2I]], with the key difference that the noise
prior is now modeled by a diffusion process instead of NMF. Using
the observation model in (I2), our goal is to recover the clean speech
signal via posterior sampling, leveraging the pre-trained (joint) speech
and noise diffusion model. To this end, we follow the UDiffSE+
framework, in which the likelihood is written as

[ plxcsis)as = [ pixls)pisls:) as
_ /pn(x — s)p(ss:) ds.

p(x[si)

(40)

The intractable conditional distribution p(s|s;) is approximated as
in ZI). By performing the change of variable

s—ﬂ—i—
=3

we can rewrite (40) as

Or,

z
&

z ~ Nc(0,1),

S;
i

or,

i

(41

2)].
Approximating this expectation with a single Monte Carlo sample
yields

plxls:) ~ plxls:) = Eanicto [po(x -

S

di

or;

di

B(x]si) ~ pn(x - z), z~Nc(0,). (42)

The approximate likelihood score is obtained via the chain rule as

1
5. Va; logpn(ni)]

Vs, log p(x[si) ~ — ngx i %Tig
1
~—— Sh«(ng, 7 s om
61' » (n T)‘nizx—ﬁ— 5, 4
1 _.n Si Or
-5 Sw*(x 55 z,n). 43)

The clean speech is then sampled iteratively by applying

Si—1 = 8S; — fZ'AT

2 A’L n
+% 5 83-(x
+ g, VATC.

where ¢ denotes standard complex Gaussian noise. The overall
ParaDiffUSE-IN algorithm is summarized in Alg. [}

S

d;

or;

d;

z, Ti) + S5« (si, TZ)] AT

(44)

B. Explicit noise modeling: ParaDiffUSE—-EN

In this section, we follow an approach similar to DiffUSEEN
by explicitly modeling the noise as a latent variable. We adopt the
observation model in (25) and formulate SE as a joint posterior
sampling problem, i.e., (s,n) ~ p(s,n|x). To this end, we proceed
as in the E-step of DiffUSEEN and use Gibbs sampling to draw
from the joint posterior. Specifically, given a noise estimate n*, we
sample the clean speech from

p(s|x,n") o« p(x|s,n") p(s),
and, given a speech estimate s*, we sample the noise from

p(n|x,s") o< p(x|s™,n) p(n).



Within the reverse iterations, we approximate the posterior scores as
follows:

Vs, log pi(si|x, No,;) = Vs, log p(x|si, No,;) + Vs, log pi(s:),
when sampling s, and similarly:
Vi, log pi(n;|x,80,:) = Vn, log p(x|80,s, n;) + Vi, log pi(n;),

when sampling n. Here, n* and s* are replaced by the Tweedie
estimates No,; and So,;, respectively.

To simplify the likelihood terms p(x|s;, No;) and p(x|So,:, n;),
we employ the uninformative prior assumption. Specifically, we
derive:

p(X|Si,fl07i) = /p(X,S|Si,IA10’i) dS, (45)

:/p(x|s, No,;) p(s|si) ds. (46)

Using p(x|s,fio;) = Nc(s + fio,021) together with @ZI), we
perform the following approximation

2
~ ~ N Si N O,
plocs o) i) = N (3 + s (55 +a2)1)
' @7)
The corresponding likelihood score is given by:

- . 1 0'72_.
Ve logp (xlsi o) = 5[ 55

S EC o7 - (x= 3 = f0.). @8

di
An analogous derivation applies to p(x|So,:, n;), yielding:
n; o2
P(x[80,i,mi) = Ne (6— + 80,4, (6—; + 03)1) . (49

with its score:

iy 03} 71(" -5 SO) .

L 1
Vn,logp (x[80,i, 1) = 57_[ 3,

Finally, the clean speech and noise are iteratively sampled using
the following updates:

Si—1 =8; — flAT + 972'1 [szs, logﬁ(x\si, ﬁD,i)

(51)
+ S5 (si, TZ):| AT+ g, VAT,
and
n,_1=n; — AT+ g, [ANni log p(x|n;, 80,:)
(52)

+ S+ (14, n)] AT+ g, VATC.

At the end of the sampling, we apply Wiener filtering as a post-
processing step to improve the SE performance and reinforce con-
sistency with the observed mixture. Algorithm [3| summarizes the full
procedure. Note that, although the uninformative prior used here for
likelihood approximation is not accurate, it enables faster inference.
In contrast, the approach used in concurrent works [24], [25] requires
differentiating the score model with respect to the sampling variable
to obtain the likelihood gradient [38], which adds a non-negligible
computational overhead at inference time.

Table [Il summarizes the differences between the diffusion-based
algorithms discussed in Sections and

Algorithm 3 ParaDiffUSE-EN

Input: x, N, \, o2
i sy ~ Ne(x,I),ny ~ Ne(x — sy, I), AT+ +
2 fori=N,...;1do
3: Ti = 1A, A; <~ SCHEDULER} ()

4 forac {s,n}do

s: Compute {p™%*(a;), 2>} using @) with h(a;) = a;
6 aP™  pPH(a;) + /IR, ()~ Ne(0,1)

7 ag,; (51_1 (a?“k + 0'72—73 Z* (a‘i’“k, 7'1))

8: end for

9% it (H(‘jé +gg)1]*1

10: Vs, logp(x|s§’a'Ck7 No;) < ¢ (x — (51-_15?aCk + ﬁo,i))
1: Va, log p(x|80,i, %) «— ¢; (x — (6; 'nb 4 éo,i))
12: Si—1 + S22 4+ X2 Vs, log p(x[s2*, fig ;) AT

13: n;_1 < n®@% 4 /\igfvni log p(x]80,, n?aCk)AT

14: end for

15: Wiener filtering:
i/ (ap)

lao]
VIs01©2+[no|©2

17: return § = sp, N = ng

16: ag < |x|e , Yae {s,n}

VI. EXPERIMENTS AND RESULTS

A. Experimental settings

Baselines. The proposed algorithms (D1ffUSEEN,
ParaDiffUSE-IN, ParaDiffUSE-EN) are compared against
the previous unsupervised diffusion-based SE algorithms reviewed in
Section namely UDiffSE [19], UDiffSE+ [20], DEPSE-IL,
and DEPSE-TL [21I]. We also include the recurrent variational
autoencoder (RVAE) for SE presented in [[18], [27] as an
unsupervised VAE-based generative baseline. In addition, we
consider one representative model from each of the other groups
of SE methods discussed in Section [I] For the unsupervised non-
generative group, we select RemixIT [[13]], a teacher—student-based
model. For the supervised generative group, we use SGMSE+ [32].
Conv-TasNet [2] represents the supervised non-generative group.
It should be noted that our objective is robustness under domain
mismatch rather than achieving state-of-the-art (SOTA) results, so
the models used here are not necessarily SOTA.

Dataset. As in the previous works [[18], [21], we use the Wall Street
Journal corpus (WSJO0) [39] and the Voice Bank corpus (VB) [40] for
the training of the algorithms requiring generative speech prior. When
training the diffusion-based noise prior for ParaDif fUSE, the QUT-
Noise dataset [41] or the DEMAND dataset [42] is used. The training
noises of QUT are collected in kitchen, street, car, and cafeteria,
while for the test, they are from living room, cafeteria, car, and street.
Regarding the DEMAND dataset, the training noises are from office
meeting room, cafeteria, restaurant, subway station, car, metro, busy
traffic, and additional synthetically created speech-shaped and babble
noises. The test noises are recorded in living room, office space, bus,
cafeteria, and public square. For methods requiring noisy speech in
the training process, we use the synthetically created noisy speech of



Noise modeling with

Explicit noise modeling

No likelihood approx. No A hyperparam. Tweedie for faster

diffusion inference
UDif£SE [19] X X X X X
UDiffSE+ [20] X X X X 4
DEPSE-IL [21] X X X v v
DEPSE-TL [21] X X v v v
DiffUSEEN (proposed) X 4 X X v
ParaDiffUSE-IN (proposed) 4 X X X 4
ParaDiffUSE-EN (proposed) v 4 X X v

TABLE I: Comparison of diffusion-based frameworks for unsupervised speech enhancement.

WSJO-QUT [27]] or VB-DMD |[28] datasets, which are, respectively,
created by mixing the training set of WSJO (25 hours) with QUT-
Noise [41] or the VB corpus with the DEMAND dataset [42]]. The
corresponding test set of WSJO-QUT (1.48 hours) and the VB-DMD
test set (0.58 hour) are used to evaluate the proposed algorithms and
the baselines in matched and mismatched settings. In both training
and test sets of WSJO-QUT, the SNRs are {-5, 0, 5} dB. The training
SNRs in VB-DMD are {0, 5, 10, 15} dB and those of the test are
{2.5, 7.5, 12.5, 17.5} dB. In VB-DMD, noise signals are added to
the speech segment that are effectively active according to the ITU-T
P.56 method [43]], while in WSJO-QUT, active speech segments are
detected following the ITU-R BS.1770-4 method [44] and SNR is
computed using loudness K-weighted relative to full scale (LKFS).
This latter weighting leads to lower SNR values, compared to the
sum of the squared signal coefficients method [27].

Evaluation metrics. We evaluate the SE performance using standard
instrumental evaluation metrics: scale-invariant signal-to-distortion
ratio (SI-SDR) in dB [45], the extended short-time objective intelli-
gibility (ESTOI) measure [46| ([0, 1]), and the perceptual evaluation
of speech quality (PESQ) score [47] ([-0.5, 4.5]). Additionally we
use the DNS-MOS P.SO overall quality score [48], a non-intrusive
objective metric ranging from 1 to 5 [49].

Model architecture. The neural network used for the unsupervised
diffusion-based algorithms, as well as for SGMSE+, is a lightweight
variant of the Noise Conditional Score Network (NCSN++) [32],
with 5.2 million parameters. To condition the score model on the
label (either speech or noise) in the ParaDiffUSE algorithms,
we use the FILM fusion [50] to inject both the diffusion timestep
and label embeddings into the residual blocks of the network. This
yields a single joint model with 5.9 million parameters, instead
of two separate models with 5.2 million parameters each. For the
RVAE baseline [18|], we adopt a non-causal architecture based on
bidirectional LSTMs. For RemixIT, we adopt the setup provided
in the UDASE challenge baselineﬂ [51]. The teacher model is a
pretrained Sudo rm -rf checkpoint [52], trained in a non-generative
supervised fashion on LibrilMix, and the student shares the same
architecture. All neural networks are trained from scratch.

Hyperparameters setting. All signals are sampled at 16 kHz. For
all diffusion-based frameworks, the STFT and SDE hyperparameters
follow those of SGMSE+ [32]. Specifically, we use a Hann window
of size 510 with a hop length of 128 for STFT computation, and
discretize the reverse SDE into N = 30 steps. The remaining
baselines use their default hyperparameters. When the number of
training epochs is not specified in the original code, we train for 200
epochs. For RemixIT, the teacher model is updated every 30 epochs
[53]. The RVAE model uses a latent space of dimension 16.
Regarding )\;, which balances the prior score and the gradi-
ent of the noisy-speech log-likelihood, we use a constant value
across diffusion steps for UDiffSE, UDiffSE+, DiffUSEEN,

Zhttps://github.com/microsoft/DNS-Challenge/blob/DNSMOS/dnsmos_local.py
3https:/github.com/UDASE-CHiME2023/baseline

and ParaDiffUSE-IN. Concretely, we set A\; to 1.5 (follow-
ing [19]), 1.5 (following [20]]), 1.75, and 1, respectively. The values
for DiffUSEEN and ParaDiffUSE-IN are selected based on a
grid search over the validation set. For ParaDiffUSE-EN, we
found that setting \; proportional to the standard deviation of the
perturbation kernel (7)) associated with the forward SDE yields better
enhancement. Specifically, we define \; = A X o, with A = 5.75.
For the manually added Gaussian noise r in DiffUSEEN and
ParaDiffUSE-EN, we set o, = 5 x 10™* after grid-searching.
The NMF rank is set to 4 for all diffusion-based frameworks using
NME, following [19]].

B. Results

Table [[I] presents the average metrics for the different algorithms
under matched and mismatched conditions. We boldface and under-
line the values that represent statistically significant improvements
(p < 0.05), either as the best or second-best scores, based on paired
Welch’s t-tests for related samples.

1. Impact of explicit noise modeling in unsupervised methods

We investigate the effect of modeling noise explicitly as a latent
variable at inference time for the unsupervised diffusion-based meth-
ods, comparing both diffusion-based, i.e., ParaDiffUSE-EN, and
NMF-based noise prior models, i.e., Di f fUSEEN.

Diffusion-based speech and noise priors. Modeling the noise with
diffusion without explicitly representing it as a latent variable, as in
ParaDiffUSE-IN, leads to notably poorer performance compared
to ParaDiffUSE-EN. We observe that ParaDi ffUSE-IN con-
sistently lags behind all other diffusion-based SE frameworks across
SI-SDR, PESQ, ESTOI, and DNS-MOS metrics in all configurations,
except in the matched condition of VB-DMD. This underperformance
may also be partially attributed to the approximations made in the
score-likelihood computation. Further investigation is needed to better
understand the limitations of ParaDiffUSE-IN.

Diffusion-based noise prior and NMF-based noise prior. Com-
paring DiffUSEEN to the other diffusion-based methods that do
not require acoustic noise data during training (in contrast to
ParaDiffUSE-IN and ParaDiffUSE-EN), we observe that it
achieves the best performance in terms of SI-SDR, PESQ, and ESTOI
across all conditions and on both datasets. Its overall enhancement
quality, as measured by DNS-MOS, is also among the best in this
category. This is noteworthy, as DiffUSEEN attains these results
with fewer inference iterations than UDif fSE.

Another clear pattern emerges when comparing Dif fUSEEN with
UDiffSE+. Both algorithms use a diffusion model as the speech
prior and a Gaussian distribution with an NMF-based covariance
to model the noise. The key difference is that, in the proposed
DiffUSEEN algorithm, the noise component of the noisy speech
is treated as a latent variable, whereas this is not the case in
UDiffSE+. DiffUSEEN substantially reduces artifacts, as indicated
by the SI-SAR scores (for instance, in the mismatched condition


https://github.com/microsoft/DNS-Challenge/blob/591184a9fcb2cbdec02520fed81a32bbbf9d73ff/DNSMOS/dnsmos_local.py
https://github.com/UDASE-CHiME2023/baseline

TABLE II: Average results on WSJO—QUT (left block) and VB-DMD (right block) under matched and mismatched training conditions (overall best, second best).
“Unsup.” indicates if the SE framework is unsupervised, “Gen.” indicates if the method is generative. The upper left panel indicates that the models are trained and
evaluated on WSJO-QUT (matched WSJO-QUT), the upper right panel indicates that the models are trained and evaluated on VB-DMD (matched VB-DMD). The lower
left panel indicates that the models are trained on VB-DMD and evaluated on WSJO-QUT (mismatched WSJ0-QUT), and the lower right panel indicates that the models

are trained on WSJO-QUT and evaluated on VB-DMD (mismatched VB-DMD).

WSJ0-QUT ‘ VB-DMD
Method Unsup. Gen. SI-SDR SI-SIR SI-SAR PESQ ESTOI DNS-MOS ‘ SI-SDR SI-SIR SI-SAR PESQ ESTOI DNS-MOS
Input - - -2.60 -2.60 46.66 1.83 0.50 2.69 ‘ 8.45 8.45 47.51 3.02 0.79 3.07
SGMSE+ [32] X v 8.53 24.65 8.72 2.61 0.76 3.63 17.16 28.89 17.65 351 0.85 351
Conv-TasNet [2] X X 12.63 29.88 12.75 2.86 0.83 3.57 19.26 32.36 19.80 3.40 0.85 3.31
RemixIT [13] v X 4.14 22.45 432 221 0.68 3.06 1.58 9.22 3.32 2.13 0.64 2.90
9
% RVAE [18] 4 v 6.22 14.18 7.70 2.33 0.64 3.25 17.03 27.63 17.85 3.18 0.81 3.29
E"“ UDiffSE [19] 4 v 4.35 9.63 6.24 2.20 0.61 3.06 13.62 20.08 15.43 3.34 0.82 3.31
UDiff£SE+ [20] v v 3.24 12.14 423 2.21 0.58 3.19 10.40 2245 11.04 3.30 0.77 3.27
DEPSE-IL [21] v v 3.25 9.63 4.85 2.20 0.59 3.11 10.48 19.70 11.54 3.35 0.78 3.26
DEPSE-TL [21] v v 3.53 572 8.05 2.17 0.61 3.04 13.84 16.36 18.36 341 0.82 3.31
DiffUSEEN v v 537 9.69 797 233 0.67 3.16 14.32 17.40 18.56 343 0.83 3.33
ParaDiffUSE-IN 4 v 2.02 4.86 6.42 2.16 0.56 3.24 13.55 20.72 15.38 341 0.80 3.33
ParaDiffUSE-EN 4 v 8.49 21.54 8.90 2.61 0.73 3.44 17.85 29.65 18.41 3.4 0.84 342
SGMSE+ [32] X v 3.02 12.79 3.86 2.08 0.61 3.59 10.06 12.43 17.13 3.29 0.82 3.30
Conv-TasNet [2] X X 5.83 17.07 6.36 221 0.63 3.07 11.13 15.22 15.90 3.28 0.83 327
RemixIT [13] 4 X 3.35 19.88 3.62 2.13 0.65 2.94 1.17 7.04 3.38 2.10 0.63 2.86
E RVAE [18] 4 v 4.98 11.66 6.75 217 0.59 3.10 12.77 37.64 12.85 3.11 0.76 3.28
E UDiffSE [19] 4 v 1.66 8.51 3.14 2.10 0.56 3.07 14.08 21.66 15.35 3.31 0.81 329
g UDiff£SE+ [20] v v 0.06 8.72 1.21 2.05 0.52 3.13 10.87 28.27 11.02 3.30 0.77 3.26
s DEPSE-IL [21] v v 0.24 6.63 1.91 2.06 0.53 3.05 11.14 24.32 11.53 333 0.78 323
DEPSE-TL [21] v v 2.66 5.96 6.07 2.16 0.59 3.05 13.85 17.15 17.43 3.34 0.81 328
DiffUSEEN 4 v 4.59 11.79 6.15 2.31 0.64 3.23 14.61 19.06 17.28 335 0.82 3.30
ParaDiffUSE-IN 4 v -0.39 3.18 2.78 1.98 0.50 3.17 8.52 10.04 15.79 3.26 0.77 3.26
ParaDiffUSE-EN 4 v 3.65 11.34 4.93 217 0.60 3.27 10.71 12.82 17.65 3.34 0.83 3.35

on the WSJO-QUT test set, we obtain 1.21 dB for UDiffSE+ vs.
6.15 dB for DiffUSEEN, while in the matched condition on the
VB-DMD test set, we obtain 11.02 dB for UDif£SE+ vs. 17.28 dB
for DiffUSEEN). This means that, although DiffUSEEN’s SI-
SIR may degrade, the higher SI-SAR maintains a favorable balance
with SI-SIR, leading to an overall improvement in SI-SDR. We
conjecture that, compared to UD1iffSE+, explicitly modeling noise
as a latent variable in DiffUSEEN allows us to better capture the
interaction between speech and noise. Even though NMF may not
perfectly model the acoustic noise in either algorithm, this explicit
noise representation helps avoid treating parts of the speech signal as
noise (i.e., it removes less energy where speech is present), thereby
reducing distortion, as reflected in the improved SI-SAR scores. We
conclude that the proposed methodology in Di £ fUSEEN, namely EM
inference with alternating sampling of speech and noise in the E-step,
improves enhancement performance compared to UDiffSE+, where
EM inference is performed with only clean-speech sampling in the
E-step.

Diffusion-based vs. NMF-based noise prior. In the matched sce-
nario, learning the noise prior with a diffusion model and explicitly
modeling the noise as a latent variable, as in ParaDiffUSE-EN,
consistently outperforms DiffUSEEN. Both SI-SIR and SI-SAR
of ParaDiffUSE-EN are improved compared to DiffUSEEN
and the other unsupervised methods, and the same holds for the
remaining metrics. For example, in the matched condition on WSJO-
QUT, ParaDiffUSE-EN achieves SI-SIR and SI-SAR scores of
21.54 dB and 8.90 dB, respectively, whereas Di ffUSEEN attains
9.69 dB and 7.97 dB, and UDiffSE+ 12.14 dB and 4.23 dB.
Thus, in the matched scenario, ParaDiffUSE-EN is able to more
effectively remove noise while introducing fewer artifacts than the
unsupervised baselines, which is also reflected in its high DNS-MOS
score, indicating good overall quality. This supports the hypothesis
that, at least in the matched setting and when noise is explicitly
modeled as a latent variable, (pre-trained) diffusion-based noise priors
are preferable to (untrained) NMF-based ones.

However, in the mismatched case, Di f fUSEEN often outperforms

ParaDiffUSE-EN. The comparison suggests that shifts in speech
and noise distributions at test time more severely affect the model that
relies on data-driven priors for both speech and noise. Consequently,
ParaDiffUSE-EN exhibits weaker noise-removal performance in
the mismatched scenario, as also reflected by its pronounced SI-
SIR drop compared to Di £ fUSEEN. Since ParaDiffUSE-EN and
DiffUSEEN mainly differ in how they model noise (the former uses
a noise model pre-trained on noise data and kept frozen at inference,
while the latter relies on NMF parameters learned during inference),
we hypothesize that this inference-time adaptation provides greater
robustness to DiffUSEEN under the considered mismatched con-
ditions. Attempts to fine-tune the ParaDiffUSE-EN noise model
during inference on each noisy utterance were inconclusive and are
therefore not reported here.

2. Comparing matched & mismatched conditions

As expected, the supervised methods SGMSE+ and Conv-TasNet
achieve the highest performance in matched conditions, except for SI-
SDR, SI-SIR, and SI-SAR on VB-DMD, where ParaDiffUSE-EN
competes with SGMSE+ (17.85 dB vs. 17.16 dB, 29.65 dB vs.
28.89 dB, and 18.41 dB vs. 17.65 dB, respectively). RemixIT shows
low performance on VB-DMD in both matched and mismatched
settings. We also note that RVAE often outperforms DiffUSEEN
in SI-SDR, SI-SIR, and SI-SAR (mainly under matched conditions),
whereas DiffUSEEN performs better on quality and intelligibility
metrics (PESQ, ESTOI, DNS-MOS). Furthermore, Dif fUSEEN re-
mains more robust (less performance degradation) in the mismatched
conditions, especially on VB-DMD.

On average, training and testing on different corpora results in a
significant performance drop for methods that use noise data during
training. Our best baseline in the matched condition, the supervised
non-generative method Conv-TasNet, is non-negligibly affected by
distribution shift, although it remains among the best-performing
frameworks for some metrics. For mismatched WSJO-QUT, its SI-
SDR drops by 53.84% (12.63 — 5.83), and for mismatched VB-DMD
by 42.21% (19.26 — 11.13). This degradation is also more or less
visible on the other metrics. In particular for PESQ, there is a drop



B matched

Ly

2.0

iR
|

-10

DNS-MOS

PESQ

<

SI-SDR (dB)

x ¢ & ) &S N
DG R A i A A G
S ST g & § s £ ~ N
< & < o e (el
I B % 5
e &
DL L

Methods

Fig. 3: Violin plots showing the DNS-MOS, PESQ and SI-SDR
distributions for the matched and mismatched conditions on the VB-
DMD test set, with dashed and dotted lines indicating the median
and quartiles, respectively.

of 22.72% (2.86 — 2.21) for mismatched WSJO-QUT and 3.52%
(340 — 3.28) for mismatched VB-DMD. ParaDiffUSE-EN
is similarly affected by such shifts, particularly when training on
VB-DMD and evaluating on WSJO-QUT (i.e. mismatched WSJO-
QUT). Specifically, in the mismatched WSJO-QUT scenario, the SI-
SDR of ParaDiffUSE-EN drops by 57% (8.49 — 3.65), and
the PESQ drops by 20.27% (2.61 — 2.17), whereas the SI-SDR
and PESQ of DiffUSEEN decreases respectively by only 14.52%
(5.37 — 4.59) and 0.85%(2.33 — 2.31). In the mismatched VB-
DMD scenario, ParaDi £ fUSE-EN exhibits a 40% drop in SI-SDR
(17.85 — 10.71), while D1 £fUSEEN even slightly improves, with
a 2.13% increase (14.51 — 14.82). Regarding PESQ, ESTOI and
DNS-MOS metrics, the declines in mismatched VB-DMD scenario
are less striking.

To further highlight the impact of the mismatched data, we show in
Fig. 3] violin plots of DNS-MOS, PESQ and SI-SDR distributions for
different methods on the VB-DMD test set in both matched and mis-
matched conditions. Similar matched and mismatched distributions
for a given method indicate robustness to distribution shift in unseen
test conditions and, thus, greater generalization capacity (at least on
the datasets used here). For DNS-MOS, most methods show similar
distribution shapes in matched and mismatched scenarios on the VB-
DMD test set, suggesting limited perceptual differences according
to this non-intrusive metric. However, methods trained with both
speech and noise data, such as the ParaDi f fUSE variants, RemixIT
to a lesser degree, and SGMSE+, show discrepancies between the
quartiles of the matched and mismatched distributions. SGMSE+

TABLE III: Impact of noise-dataset fine-tuning on ParaDiffUSE. Average
results on WSJO-QUT and VB-DMD under mismatched training conditions. For
mismatched WSJO-QUT, the joint diffusion model without fine-tuning is trained on
VB-DMD (DiffUSEEN uses only the VB dataset), and fine-tuning is performed
on VB-QUT. For mismatched VB-DMD, the joint diffusion model without fine-
tuning is trained on WSJO-QUT (DiffUSEEN uses only the WSJO dataset), and
fine-tuning is performed on WSJO-DMD. The highest average within each pair
(without fine-tuning vs. with fine-tuning) is shown in bold.

Method Fine- SI-SDR PESQ ESTOI
tuning

Input - 260 4016 183 +0.02 050 + 0.01
Mismatched D1 EEUSEEN X 459 £+ 0.22 2.31 + 0.02 0.64 £ 0.01
WSJ0-QUT x 0394027 1984002 050 + 0.0
ParaDiffUSE-IN v 172 + 027 205+ 002 052 + 0.01
. x 3654020 2174003 060 % 0.1
ParabiffUSE-EN v 5614020 222+ 002  0.62 + 0.01
Tnput - 8454020 3024002 079 + 0.0l
Mismatched pj £ FuSEEN b 14.61 4+ 0.14 335 £0.02 082 £ 0.00

VB-DMD
. P 8524+ 0.8 326001 077 £ 0.00
ParaDiffUSE-IN v 1241 £000  335+001 079 £ 0.00
‘ P 1071 +£ 019 334 4+ 002 083 + 0.00
ParaDiffUSE-EN v 1496 £009  326+002 081 +0.00

exhibits larger dispersion in the mismatched scenario, while RemixIT
obtains lower DNS-MOS values than the other methods in both
scenarios.

For the PESQ distributions, as for DNS-MOS, the distribution
shape changes only moderately between matched and mismatched
scenarios for most algorithms. However, SGMSE+, Conv-TasNet,
DEPSE-TL, DiffUSEEN, and ParaDif fUSE-IN show downward
shifts in the quartiles under mismatch. This may indicate that PESQ,
being intrusive, is more sensitive to mismatch than DNS-MOS,
although the perceptual differences on the VB-DMD test set remain
limited. A similar plot for the WSJO-QUT test set, leading to the same
conclusion, is reported in Section D of the supplementary material.

In terms of SI-SDR, all algorithms are affected by mismatch,
although to different extents. The unsupervised methods UDif£fSE,
UDiffSE+, DEPSE-IL, DEPSE-TL, and DiffUSEEN appear
less affected than ParaDiffUSE-EN and Conv-TasNet. Overall,
diffusion-based unsupervised methods that rely on a speech prior,
rather than being trained to optimize a reconstruction-fidelity crite-
rion, still show some robustness under mismatch for SI-SDR. This
may be due to their independence from noise data during training,
together with the explicit noisy-speech consistency enforced through
the likelihood term. In contrast, methods trained on noise data may
be more sensitive to insufficiently diverse training noise conditions.
However, SI-SDR degradation under mismatch does not necessarily
imply a strong perceptual difference, and subjective evaluation would
be needed to validate this point.

3. Investigating ParaDi ffUSE improvement by fine-tuning

We investigate how to improve the semi-supervised
ParaDiffUSE variants under mismatched noise conditions,
with the goal of performing at least on par with the unsupervised
DiffUSEEN method. To this end, we fine-tune the checkpoint of
the joint diffusion model trained on WSJO-QUT using WSJO-DMD,
and the checkpoint trained on VB-DMD using VB-QUT. As shown
in Table [T} fine-tuning while keeping the speech dataset unchanged
and adapting the noise dataset to match the mismatched evaluation
test set improves the performance of both ParaDiffUSE-EN
and ParaDiffUSE-IN across all metrics compared to the non-
fine-tuned models. On mismatched VB-DMD, this improvement
allows ParaDiffUSE-EN to perform on par with DiffUSEEN
across all metrics. However, on mismatched WSJO-QUT, although
fine-tuning improves the SI-SDR of ParaDiffUSE-EN beyond



that of DiffUSEEN (5.61 vs. 4.59), it does not make the PESQ
and ESTOI scores of ParaDiffUSE-EN and ParaDiffUSE-IN
outperform, or match, those of DiffUSEEN. Future work to
improve ParaDiffUSE could focus on diffusion-based test-time
adaptation [54], [55]. In addition, Section B of the supplementary
material investigates how speech and noise mismatches individually
affect ParaDiffUSE-EN performance, in order to identify which
mismatch is more detrimental.

TABLE IV: Average Real Time Factor (RTF) in second (averagedstandard error).

Methods # Params (M) NFE #EM RTF(N =30,d=05)]
SGMSE+ [32] 5.21 2X N 1.62 +0.02
Conv-TasNet [2] 4.94 1 - 0.02 £0.01
RemixIT [13] 2.95 1 0.01 £0.00
RVAE [18] 1.02 300 300 37.63 +0.04
UDiffSE [19] 5.20 2x N xd d 3249 +0.24
UDiffSE+ [20] 5.20 2 X N N 6.48 £0.05
DEPSE-IL [21] 5.20 2X N N 6.30 £0.05
DEPSE-TL [21] 5.20 2X N N 6.31 £0.05
DiffUSEEN 5.20 2 X N N 6.46 £0.05
ParaDiffUSE-IN 5.94 3 X N N 9.82 £0.07
ParaDiffUSE-EN 5.94 4x N N 13.22 +0.10

4. Performance—speed trade-off

Table m reports, for each SE method, the number of neural-
network parameters, the number of function evaluations (NFE), the
number of EM iterations when applicable, and the average real-time
factor (RTF), i.e., the time required to process 1 s of audio. For
the unsupervised and semi-supervised diffusion-based algorithms, the
RTF is reported with N = 30 reverse diffusion iterations.

The non-iterative methods, Conv-TasNet and RemixIT, are the
fastest, processing 1 s of noisy speech in at most 20 ms thanks to
a single forward pass through a lightweight network. For diffusion-
based methods, including SGMSE+, the Predictor-Corrector sampler
requires two score-network evaluations per reverse iteration, one for
the Corrector step and one for the Predictor step (©). Thus, the
NFE of SGMSE+ is 2 x N. In UDiffSE, each EM E-step runs the
full reverse diffusion chain, and Tweedie’s formula is not used to
shorten inference. Its NFE is therefore 2 x N X d, where d is the
number of EM iterations. With N = 30 and d = 5, as in [19]], this
results in an RTF slightly above half a minute per second of audio.

From UDiffSE+ onward, inference is accelerated by combining
each E-step with a single reverse iteration and Tweedie’s formula,
followed by the M-step. This leads to N EM iterations and an NFE
of 2x N. With their respective specificities, DEPSE-IL, DEPSE-TL,
and DiffUSEEN follow the same scheme. Consequently, although
these methods have a similar model size and number of reverse steps
as SGMSE-+, they are about four times slower because they perform
an M-step after each reverse iteration. Notably, DiffUSEEN has
almost the same RTF as UDif£SE+ (6.46 vs. 6.48), while achieving
better SE performance.

The ParaDiffUSE methods do not include an M-step to fit the
noise component, but instead rely entirely on diffusion-based poste-
rior sampling. In ParaDif fUSE-IN, clean speech is sampled using
a Predictor-Corrector step, while the noise score is evaluated only
once to compute the likelihood gradient, as shown in line [/| of Algo-
rithm This gives an NFE of 3x N. In contrast, ParaDif fUSE-EN
samples both speech and noise using Predictor-Corrector steps,
yielding an NFE of 4 X N. As a result, ParaDiffUSE-EN is slower
than ParaDiffUSE-IN and the other unsupervised diffusion-based
methods, except UDiffSE.

TABLE V: Impact of Wiener filtering on ParaDif fUSE-EN. Average results on
WSJO-QUT and VB-DMD under matched and mismatched training conditions.
Values are mean =+ standard error. Highest averages are bolded.

Conditions Wiener Filter SI-SDR PESQ ESTOI
Input (WSJO-QUT) - -2.60 £ 0.16  1.83 £ 0.02  0.50 & 0.01
X 746 £ 0.16 259 + 0.02 0.72 £ 0.01
Matched
v 849 + 0.19  2.61 £ 0.02 0.73 & 0.01
. X 2.86 £ 1.21  2.16 £ 0.12  0.57 + 0.04
Mismatched
v 3.65 + 029 217 £+ 0.03 0.60 £+ 0.01
Input (VB-DMD) - 845 £ 020 3.0240.02 0.79 = 0.01
X 1542 +0.09 329 + 0.01 0.79 &+ 0.00
Matched
v 17.85 + 0.11  3.40 £ 0.02 0.84 £ 0.00
. X 10.10 + 0.17 324 + 0.01  0.77 &+ 0.00
Mismatched
v 10.71 + 0.19  3.34 + 0.02 0.83 + 0.00

Finally, RVAE [18] has a relatively high RTF because inference
uses a large number of Variational EM iterations, set to 300 in the
original configuration. Its NFE depends on the number of epochs
used in the Variational E-step with the fine-tuned encoder, here one
epoch, and on the length of the STFT sequence processed, here the
full noisy STFT spectrogram following the original paper.

Figure [] assesses the trade-off between SE performance and
inference speed, measured by the average RTF over the test set,
for different numbers of reverse diffusion iterations. Most algorithms
reach their best performance after 20 or 30 iterations, depending on
the metric, after which performance tends to decrease. Although this
may seem counter-intuitive, similar behavior has been reported for
diffusion-based methods [56] and in related iterative problems such as
spectrogram inversion [57]], [58]]. For N > 30, the PESQ and ESTOI
of DiffUSEEN and DEPSE-TL remain nearly constant, while the
SI-SDR of DiffUSEEN first decreases and then increases, and that
of DEPSE-TL continues to increase at the cost of higher processing
time. Section C of the supplementary material shows a similar trend
under mismatch, with the particularity that, on mismatched WSJO-
QUT, the SI-SDR of Di£fUSEEN remains slightly higher than that
of DEPSE-TL. As expected, the RTF grows almost linearly with
the number of reverse iterations, and methods with larger NFE have
higher RTF. The RTFs of UDiffSE+, DEPSE-TL, DEPSE-IL, and
DiffUSEEN increase at a similar rate, as they have the same NFE.

5. Ablation studies

Wiener filter post-processing. We perform an ablation study to
evaluate the impact of the Wiener filter on the output of the
ParaDiffUSE-EN algorithm (no improvement was observed when
applying it to Di ffUSEEN). The results in Table [V] show that this
post-processing step consistently improves performance across test
conditions. On WSJO-QUT, adding the Wiener filter yields SI-SDR
gains of about 1.0 dB in the matched case (7.46 — 8.49 dB) and
0.8 dB in the mismatched case (2.86 — 3.65 dB), along with small
but systematic increases in PESQ and ESTOI.

On VB-DMD, the effect is even more pronounced in the matched
setting, where the Wiener filter brings a 2.43 dB SI-SDR improve-
ment (15.42 — 17.85 dB), a PESQ increase of 0.11 (3.29 — 3.40),
and an ESTOI gain of 0.05 (0.79 — 0.84). In the mismatched
setting, the gains remain consistent. Overall, these results indicate
that the Wiener filter systematically refines the ParaDiffUSE-EN
estimates, with particularly strong benefits in matched conditions and
clear, though more moderate, improvements under distribution shift.

Estimated vs. oracle noise. In Figure 5} we analyze how accurately
the methods recover clean speech under different noise-estimation
settings on WSJO-QUT. On the x-axis, Estimated denotes the realistic
case where no ground-truth noise is provided and the algorithm relies
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on its own noise estimate. Oracle (applicable only to NMF-based
methods) corresponds to providing the optimal NMF parameters W
and H computed from the ground-truth noise spectrogramﬂ Pure
Oracle means that no noise parameter estimation is performed and
the ground-truth noise STFT is directly supplied to the method;
this setting represents an upper bound when noise is perfectly
known. Note that, in the mismatched condition, the SI-SDR bar
for UDif£SE+ is barely visible in the Estimated case because its
value is very small (0.06 dB). As already observed in Table [l] in
the matched case ParaDif fUSE-EN outperforms Di f fUSEEN, but
this is no longer true under mismatched conditions (potentially due to
different scale factors, ;). Across test scenarios, as the noise estimate
improves, Di ffUSEEN tends to produce a better enhanced speech
signal and eventually surpasses ParaDif fUSE-EN. One may expect
that a more expressive parametric noise model than NMF could
further improve results in the Estimated setting.

Joint vs. separate noise and speech diffusion models. Table [V]]
presents an ablation study comparing joint (shared) versus separate

4We use sklearn.decomposition.NMF with a rank of 4.

ESTOI

Estimated

BN UDiffSE+
m DiffUSEEN
BN ParaDiffUSE-EN

Oracle Pure Oracle

g. 5: Effect of noise-estimation setting (Estimated / Oracle / Pure Oracle) for UDif£SE+, DiffUSEEN, and ParaDiffUSE-EN on WSJO-QUT.

TABLE VI: Impact of joint versus separate diffusion modeling. Average results
on WSJO-QUT under matched and mismatched training conditions, using either
separate diffusion models for speech and noise or a joint (shared) diffusion model.
Values are mean =+ standard error. Highest averages within each pair (separate vs.
joint) are bolded.

Method Joint SI-SDR PESQ ESTOI
Input 2604016 1834002 050 £ 0.01
X 415+021 2314002 0.60 £ 0.01

Matched ; _
aiche ParabiffUSE-IN 2024024 2164+ 002 056 %+ 001
. X 919+ 016 268+ 002 076 % 001
ParabiffUSE-EN 849 £ 019 261 £002 073 + 001
, X 0414+029 2094002 052+ 001
) ParaDiffUSE-IN 030 £027 198 +002 050 =+ 0.01
Mismatched

. X 3624020 2284002  0.60 + 0.01
ParaDIffUSE-EN ' 3654020 2174003  0.60 + 0.01

speech and noise diffusion models for ParaDiffUSE-based al-
gorithms. On WSJO-QUT, slightly better scores are obtained when
training separate diffusion models, particularly when comparing
ParaDiffUSE-IN-sep to ParaDiffUSE-IN, and a similar



trend is observed on VB-DMD. However, this comes at the cost
of training two networks (2 x 5.2M parameters), whereas a single
joint model (5.9M parameters) shares parameters between speech and
noise and keeps the model size comparable to our other approaches
that do not use a diffusion prior for the noise. Overall, the joint model
offers a better trade-off between performance and model complexity.

VII. CONCLUSION

We have proposed new diffusion-based frameworks for unsuper-
vised and semi-supervised single-channel SE that explicitly model
acoustic noise as a latent variable in the noisy mixture, contrary
to prior work where noise is implicitly integrated out at inference.
This explicit noise modeling allows for a better mixture consistency
and more efficient likelihood guidance. More specifically, we intro-
duced DiffUSEEN, which jointly samples speech and noise while
keeping an NMF-parameterized Gaussian prior for the noise, and
ParaDiffUSE-EN, which learns a conditional diffusion model that
serves as a shared prior for both speech and noise. We also proposed
ParaDiffUSE-IN, a variant that, unlike ParaDiffUSE-EN, im-
plicitly accounts for noise during posterior sampling.

Experiments on WSJO-QUT and VB-DMD show that explicit
noise sampling consistently improves unsupervised diffusion-based
SE, regardless of whether the noise prior is NMF-based or diffusion-
based. In matched conditions, ParaDiffUSE-EN achieves the
best overall quality and intelligibility scores among unsupervised
and and semi-supervised methods, and is competitive with super-
vised baselines. Under mismatched conditions, Di £ fUSEEN is more
robust: it exhibits smaller performance drops than its diffusion-
based counterpart and than several supervised reference systems,
while remaining fully unsupervised with respect to noise data.
Ablation studies confirm that Wiener post-filtering systematically
refines ParaDiffUSE-EN outputs and that a joint speech—noise
diffusion model offers a favorable trade-off between performance and
parameter count compared to separate models.

Future work includes designing more expressive, yet efficient,
noise priors; reducing the computational cost of posterior sampling
to approach real-time operation; developing effective diffusion-based
test-time adaptations for ParaDiffUSE for robustness in mis-
matched conditions; and extending the proposed frameworks to multi-
channel, audio-visual, and other speech restoration scenarios.
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