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Abstract

We study blind audio restoration, where recorded
signals are degraded by unknown and potentially
composite corruptions. This setting is intrinsi-
cally ill-posed: many clean audio signals may
be compatible with the same degraded observa-
tion. We address this ambiguity with a diffusion-
based posterior sampler that generates restora-
tions that are compatible with the observed record-
ing. However, unlike standard generative inverse
problems, the absence of a known forward model
makes the likelihood score difficult to compute.
Rather than estimating the degradation operator
or relying on a partial approximation, we learn a
contrastive embedding space in which measure-
ment consistency can be evaluated directly. We
show that the resulting embedding-space guid-
ance provides a practical surrogate for the true
likelihood score, enabling the diffusion sampler
to move toward the desired posterior distribution.
Experiments on historical piano recordings sug-
gest that AudioCoGuide can effectively address
fully blind audio inverse problems through con-
trastive guidance. Audio examples are available
at https://audio-coguide.github.io/

1. Introduction

We consider audio restoration as a blind inverse problem:
the goal is to recover a clean signal from a recording whose
degradations are neither fully observed nor analytically spec-
ified. This setting is exemplified by historical music record-
ings, where the observed audio may contain bandwidth
loss, clipping, nonlinear spectral artifacts, tape noise, room
effects, and other distortions introduced by the recording
medium, playback chain, or digitization process. Unlike
standard restoration problems where the corruption model is
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known or can be reasonably parameterized, historical audio
often lacks a reliable forward model. Thus, one must infer
the clean signal x from a degraded observation y without
knowing the operator that produced the corruption.

In the conventional inverse-problem formulation, the un-
known signal x € R™ and the measurement y € R! are
related by y = A(x) + n, where A : R™ — R! denotes the
forward operator and n ~ N(0, o2I) is additive measure-
ment noise. Given only y, the objective is to estimate x by
drawing samples from the Bayesian posterior p(x|y). The
fundamental obstacle in using this approach is ill-posedness
(Hadamard & Morse, 1953): multiple candidate signals
may explain the same observation. Classical methods ad-
dress this ambiguity by imposing hand-crafted priors on the
structure of the signal x, such as sparsity or total variation
(Engl et al., 1996). While these priors have led to remark-
able advances, they often underfit complex signal structure
and require careful tuning to balance reconstruction fidelity
against regularization. Recent works have shown that diffu-
sion models (Sohl-Dickstein et al., 2015; Song et al., 2020b;
Ho et al., 2020) offer a more expressive alternative by learn-
ing data-driven priors from large datasets, which can then
be used for posterior sampling in inverse problems (Zheng
et al., 2025; Chung et al., 2022; Song et al., 2023).

This work focuses on the fully blind case in which the degra-
dation process is unknown at inference time. Consequently,
recovering x requires more than a learned prior over clean
audio; it also requires a mechanism for enforcing consis-
tency with y without access to the true forward model.

Our approach builds on score-based posterior sampling,
where the posterior score V log p(x|y) decomposes into a
diffusion-learned prior score V log p(x) and a likelihood
score Vx log p(y|x) (Song et al., 2020b). The prior term
promotes perceptually and statistically plausible clean au-
dio, while the likelihood term guides the sample toward
agreement with the measurement y. When A(.) is known
and differentiable, Diffusion Posterior Sampling (DPS)
(Chung et al., 2022) approximates the likelihood score us-
ing Tweedie’s estimate (Efron, 2011) of the clean signal at
diffusion time 7, X9 = Xo(x,) = E[xo|x,], and evaluates
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measurement consistency through an objective of the form
1 TP
Vi, logp(y[xr) = Vi, | =55y = Ao)ll2| - (D)
Ty

In our setting, however, this likelihood score is not directly
available because the degradation operator .A(.) is unknown.

Prior work has addressed blind audio inverse problems by
estimating .A(.) along the DPS trajectory, typically under
structural assumptions on the operator, such as modeling
it as a linear filter. This strategy has been effective for
bandwidth extension (Moliner et al., 2024b;a), speech dere-
verberation (Lemercier et al., 2025; Wu et al., 2025), and
source separation (Xu et al., 2025). However, extending this
paradigm to broader unknown degradations is cumbersome,
since it requires prior knowledge of the operator family or
access to a dictionary of candidate forward models.

We take a different route. Rather than explicitly estimating
the forward operator, we reformulate measurement con-
sistency in a separate learned embedding space £ C R<.
We learn this embedding space using contrastive training
(Jaiswal et al., 2021; Le-Khac et al., 2020), so that clean
audio and its synthetically degraded counterpart are mapped
close together, while mismatched pairs are separated. The
degraded examples are generated using a dictionary of for-
ward operators, allowing the embedding to implicitly encode
measurement consistency without requiring an explicit oper-
ator during inference. Importantly, this contrastive guidance
is not merely a practical heuristic; it can be interpreted as a
valid surrogate for the intractable likelihood score in these
blind settings (Basu et al., 2025).

We instantiate our approach using the CQT-Diff framework
(Moliner et al., 2024b) and its diffusion prior trained on
the MAESTRO dataset (Hawthorne et al., 2018). At infer-
ence time, our method AudioCoGuide restores a suite of
historical piano recordings affected by fully unknown degra-
dations. Objective evaluation using Fréchet Audio Distance
(FAD) (Kilgour et al., 2018) shows that AudioCoGuide
consistently outperforms a standard signal-processing base-
line based on Long-term Spectral Averaging. Although
these results are preliminary, they suggest that contrastive
guidance may provide a useful mechanism for fully blind
diffusion-based inverse problem solving. We conclude by
discussing how this formulation may generalize beyond
audio restoration and outline future directions for incorpo-
rating contrastive learning into generative inverse solvers.

2. Preliminaries

Diffusion Models. Diffusion models (Sohl-Dickstein et al.,
2015; Ho et al., 2020; Song et al., 2020a;b) generate samples
by reversing a gradual forward noising process. In the EDM
parameterization (Karras et al., 2022), with a fixed noise

schedule o(7) = 7, sampling via the probability-flow ODE
(Song et al., 2020b) associated with the reverse diffusion
process can be expressed as

dx,; = _d(T)O'(T)vxT log p- (XT) dr, 2

where Vy_logp,(x,) is the score of the noisy data distri-
bution. This score is estimated as

$o(Xr,T) — Xr
o(r)*>

Vi, logpr(x;) =~ 3

where sg(x,,7) is a learned denoising network that pro-
vides a prior that can be used during diffusion inference.

Diffusion-Based Inverse Solvers. For inverse problems,
diffusion sampling is modified to draw from the posterior
rather than the unconditional prior. The posterior score
decomposes via Bayes’ rule as

vx, log p- (XT‘Y) = vx.,- log p- (XT) + vx.,- log p- (ylx'r)

where the first term is supplied by the diffusion model and
the second term enforces measurement consistency. The
difficulty is that y is generated from the clean signal xg,
while the sampler evolves through noisy states x.

Diffusion Posterior Sampling (DPS) (Chung et al., 2022)
handles this by approximating p,(y|x,) = p(y|Xo) with
the clean estimate (i.e., X9 = E[xo|x,]|) obtained from
Tweedie’s formula (Efron, 2011),

X0 = X; + U(T)QVXT log p- (XT)' “4)

When the forward operator is known and differentiable, this
yields a tractable likelihood gradient for guiding reverse
diffusion (Zheng et al., 2025). In our blind audio restoration
problem, however, the degradation operator is unavailable,
so the likelihood score cannot be computed by comparing
y with A(Xg). We therefore replace operator-based like-
lihood guidance with a contrastive surrogate in a learned
embedding space to steer the diffusion model.

3. Method

Problem Formulation. We consider blind audio restora-
tion, where a clean waveform x is observed only through a
degraded recording y. The forward degradation process is
modeled mathematically as

y = A(x) +n, n ~ N(0,0.1), 3)
where A denotes the true but unknown physical degradation
operator(s). In historical audio restoration, .4 may com-
bine bandwidth loss, clipping, spectral coloration, surface
noise, compression artifacts, and other distortions. At infer-
ence time, neither the clean signal x nor the operator A is
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available. The objective is therefore to recover a plausible
clean waveform that is both consistent with the observed
recording and likely under a learned audio prior.

Diffusion posterior samplers described in the recent lit-
erature (Chung et al., 2022; Song et al., 2023) require a
likelihood score of the form Vy_log p.(y|x,) to enforce
measurement consistence. When the forward operator is
known, this term can be approximated by applying the op-
erator to a denoised estimate Xo(x, ) and differentiating an
audio-domain “distance” function. For example, DPS-style
methods could use appropriately designed objectives of the
form Clugio (y, A(XO)). Blind audio inverse solvers have
extended this idea by estimating or parameterizing .4 during
inference, often under structural assumptions such as linear
filtering or array mixing (Moliner et al., 2024b; Xu et al.,
2025; Wu et al., 2025). These approaches are effective when
the degradation family is sufficiently constrained, but they
become difficult to apply when the corruption is composite,
nonlinear, or not easily parameterized.

We instead use the contrastive surrogate-likelihood principle
to overcome this difficulty (Basu et al., 2025). The central
idea is to replace explicit operator-based likelihood evalua-
tion with a learned compatibility score between a candidate
reconstruction and the observation. This is well suited to
blind restoration: the missing object is precisely the likeli-
hood term induced by an unavailable degradation operator,
and a contrastively trained embedding can learn to compare
clean and degraded audio without requiring .4 during the
reverse diffusion process.

Contrastive Surrogate. Let f, : YUY — R? denote
an encoder with learnable parameters ¢ that maps both
clean and degraded audio into a shared embedding space.
Under the InfoNCE principle, this induces an unnormalized
surrogate likelihood-to-evidence ratio

fo(¥)) /%), ©)

where x > 0 is a temperature parameter and (-, -) denotes
an inner-product . The role of ¢, is not to explicitly identify
the degradation operator; rather, it provides a differentiable
proxy for whether a candidate clean signal could have plau-
sibly produced the observed degraded recording.

G (%, y) oc exp ({fo (%),

During reverse diffusion, we form the denoised estimate
Xo(x,), and approximate the intractable likelihood score
using the contrastive score in Eq. 6:

T R
Vi logp, (vler) ~ 20, (fy (0. Fov) )
Here A(7) controls the guidance strength to ensure a balance
between the likelihood surrogate and the diffusion prior. The
gradient is computed by backpropagating through both the

denoiser sg and the encoder f,,.

Because the embeddings are unit-normalized, the inner-
product score is equivalent to a squared-distance objective:

. 1 o 2
SW(XOQ’):1_§||fw(xo)_fgo(3’)”2- (8)
Thus maximizing the contrastive score is equivalent to mini-
mizing the embedding distance between the restored candi-
date and the observation. Equivalently,

Ve, Sy (X0, ¥) = == Vs, [£5(%0) = fo3)2. ()

In practice, this contrastive score modifies the reverse dif-
fusion update by replacing the unavailable operator-based
likelihood term with Eq. (7). For a generic reverse ODE
solver step producing an unguided proposal X _y,, we apply
the guidance correction

Xr—h = i‘r—h + 777'Vx,. Sap ()A(O (X‘r)a Y),

where 7); is the guidance step size. This update increases
compatibility between the denoised estimate and the ob-
served recording in the learned embedding space. The con-
trastive term can be interpreted as a tractable approximation
to the likelihood score when direct likelihood evaluation
is unavailable. This makes it a natural fit for blind audio
restoration, where the degradation operator is not known at
inference time.

Training the Contrastive Encoder. We train f, using
paired clean and degraded piano audio from the MAESTRO
dataset (Hawthorne et al., 2018). For each clean waveform
x;, we synthesize a degraded counterpart y; by applying ran-
domly sampled corruptions in the waveform domain, includ-
ing low-pass filtering, spectral coloration, clipping, additive
Gaussian noise, and mild dynamic range compression. The
resulting pair (x;,y;) provides a positive clean—degraded
example, while other samples in the mini-batch serve as
corresponding negatives.

Audio is sampled at 22,050 Hz and cropped to fixed-length
segments of 8.35 s. Before encoding, we compute complex
Constant-Q Transforms (CQT) (Velasco et al., 2011):

Y; = CQT(yy).

We use 7 octaves and 64 bins per octave. The real and
imaginary components are stacked as input channels and
passed through a 2D CNN/ResNet backbone over the CQT
time-frequency grid. The backbone is followed by global
average pooling, a linear projection to d = 256 dimensions,
and ¢ normalization. The clean-to-degraded InfoNCE loss
can be expressed as

B
Lx,y =—— Z

exp fcp( ) (Y
>i- 1€Xp(<f¢( i), fo(Y

iN/k)
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The degraded-to-clean loss Ly _, x is defined analogously
by swapping the two terms. The final symmetric contrastive
objective is given by

1
Leon = 5 (Lxsy +Lyox). (10)

We train the encoder with AdamW using learning rate 10~4,
weight decay 0, batch size B = 256, and temperature kK =
0.07. Training is stopped once the validation contrastive loss
and pairwise alignment metrics saturate. After training, f,
is frozen and used only to provide the contrastive guidance
term in Eq. (7) during diffusion inference.

The full algorithmic pipeline for diffusion inference in Au-
dioCoGuide is provided in Algorithm 1.

Algorithm 1 AudioCoGuide: Blind Audio Restoration
using Contrastive Diffusion Guidance

Require: observation y; score sq; contrastive encoder f;
guidance schedules {7 }; noise scales {0 }; step sizes

{h+};

1: XT NN(O,I)
2. fort <+ T,...,1do
3: X0 < So(Xr,T)

4 ﬁguide — ||ftp(§(0) - f@(y)”%

5: gr < vx.r £guide

6: st (X0 —x4)/02

7 Xr—1 (*X‘r*hT [ST+/-YT g‘r}
8: return X

4. Results

Qualitative Evaluation. Fig. 1 compares spectrograms of
degraded recordings, the LTAS baseline, and outputs from
AudioCoGuide across several piano pieces. The degraded
recordings exhibit missing high-frequency content, nonsta-
tionary noise, and nonlinear spectral artifacts. Compared
with the original degraded audio and the LTAS baseline, our
method produces restorations with visibly reduced noise
and more coherent high-frequency structure. These results
suggest that contrastive guidance can steer the diffusion
prior toward reconstructions that are both audio-realistic
and consistent with the degraded observation. Although we
train on a limited dictionary of operators, empirically we
found that the contrastive encoder f is able to generalize
across many unknown degradations in the test dataset of
historical piano recordings. We provide additional audio ex-
amples on the accompanying project website to demonstrate
the perceptual behavior of AudioCoGuide.

Quantitative Evaluation. Table 1 reports Fréchet Audio
Distance (FAD) (Kilgour et al., 2018) computed using VG-
GNet and PANN embeddings (Kong et al., 2020). We com-

CoGuide

Original LTAS

Beethoven

Chopin-Waltz

Mozart

Figure 1. CQT spectrogram showing a comparison between de-
graded recordings, the LTAS baseline, and AudioCoGuide across
three piano recordings. Our approach reduces broadband artifacts
and recovers more high-frequency structure than the degraded in-
put and LTAS baseline.

pare the degraded recordings, the Long-term Averaged Spec-
trum (LTAS) baseline (Moliner et al., 2024b), and restora-
tions produced by AudioCoGuide. LTAS performs spectral
equalization by matching the long-term average spectrum
of a degraded recording to that of a reference set. While
this can correct broad spectral imbalance, it does not explic-
itly model nonlinear artifacts or nonstationary degradation.
In contrast, AudioCoGuide achieves the lowest FAD un-
der both embedding backbones, indicating that the restored
samples are closer to the reference clean-audio distribution.

Audio Type FAD-VGG | FAD-PANN |
Degraded recording 2.52 0.39
LTAS baseline 2.88 0.27
AudioCoGuide restored 0.84 0.19

Table 1. Quantitative comparison using Fréchet Audio Distance
(FAD). Lower values indicate closer agreement with the clean-
audio reference distribution. FAD-PANN values are reported after
scaling by 10°.

5. Conclusions and Follow-on Work

We presented AudioCoGuide, a diffusion-based approach
for blind audio restoration using contrastive guidance. In-
stead of estimating the unknown degradation operator dur-
ing inference, our method uses a learned embedding-space
compatibility score as a surrogate likelihood. This allows
the diffusion sampler to favor restorations that remain plau-
sible under the audio prior while staying aligned with the de-
graded observation. Experiments on historical piano record-
ings show promising qualitative improvements and lower
FAD scores relative to a standard LTAS baseline. Although
our experiments focus on audio restoration, the same princi-
ple can be applied to other blind inverse problems where the
forward operator is unavailable, difficult to parameterize, or
composed of multiple unknown degradations.
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