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Abstract—We present SURE-Score: an approach for learning
score-based generative models using training samples corrupted
by additive Gaussian noise. When a large training set of clean
samples is available, solving inverse problems via score-based
(diffusion) generative models trained on the underlying fully-
sampled data distribution has recently been shown to outperform
end-to-end supervised deep learning. In practice, such a large
collection of training data may be prohibitively expensive to
acquire in the first place. In this work, we present an approach
for approximately learning a score-based generative model of
the clean distribution, from noisy training data. We formulate
and justify a novel loss function that leverages Stein’s unbiased
risk estimate to jointly denoise the data and learn the score
function via denoising score matching, while using only the
noisy samples. We demonstrate the generality of SURE-Score
by learning priors and applying posterior sampling to ill-posed
inverse problems in two practical applications from different
domains: compressive wireless multiple-input multiple-output
channel estimation and accelerated 2D multi-coil magnetic reso-
nance imaging reconstruction, where we demonstrate competitive
reconstruction performance when learning at signal-to-noise ratio
values of 0 and 10 dB, respectively.

Index Terms—Score, Diffusion, Generative, MIMO, MRI,
SURE, Inverse Problems

I. INTRODUCTION

Recent advances in score-based (diffusion) generative mod-
eling [1], [2] have helped substantially improve the capa-
bilities of solving ill-posed imaging inverse problems using
fewer measurements and with higher reconstruction fidelity
in various domains such as medical imaging [3]–[6], digital
communications [7], [8], image super-resolution [9], and more.

However, learning high-quality score-based generative mod-
els for distributions over real-world signals currently assumes a
large database of fully-sampled and noise-free training samples
are available [10]. In many application domains, acquiring
such a training set is impossible in practice, because noise
is inherently present in the sensors used to acquire measure-
ments. For example, noise is always present in single or multi-
coil magnetic resonance imaging (MRI) due to thermal noise
in the radio-frequency (RF) hardware as well as losses due
to the body. Similarly, noise is present in communication
transceivers, especially in wireless scenarios where mobile
users operate devices under cost and energy constraints. Learn-
ing score-based generative models using only noisy samples is
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thus an important research problem. In this work, we propose a
solution to this problem by combining denoising using Stein’s
unbiased risk estimate (SURE) [11] with the denoising score
matching (DSM) objective used in diffusion model training
[12], to achieve joint denoising and score learning with a single
deep learning model.

Our framework connects the two already-similar objectives
by leveraging Tweedie’s single-step denoising formula [13] at
a properly chosen noise level. We show that this objective is
naturally compatible with the DSM formulation and allows for
a simple modification which introduces two additional terms
and a scalar weight in the training function, in the case of
training data corrupted by independent and identically dis-
tributed (i.i.d.) Gaussian noise. We evaluate the effectiveness
of our proposed approach by using the learned models as
priors in two different applications: compressive multiple-input
multiple-output (MIMO) channel estimation and accelerated
MRI reconstruction. Our results show that the priors learned
using the proposed formulation can be reliably used for solving
linear inverse problems, even when the training dataset is
captured in a poor signal-to-noise ratio (SNR) of 0 dB.

A. Related Work

There is an extensive body of prior work related to denoising
of structured signals; see [14] for a recent review paper. Most
relevant to our work is the use of the self-supervised SURE
objective [11], which introduces an unbiased estimate of the
supervised denoising loss purely using noisy data. Using the
SURE loss as a training objective for deep neural network
denoisers has been previously investigated in a standalone
denoising setting [15]–[17], and the connection to multi-level
denoising score matching has only been recently explored in
[18], where learning the score function on a restricted subset
of noise levels is addressed.

Several other recent methods have used self-supervised
learning for blind denoising without ground truth training
data. One example is Noise2Noise [19], where multiple noisy
measurements of the same sample are used to train a deep
neural denoiser. The work in [20] further introduces the
Noise2Self framework, which requires only a single noisy
measurement of each sample in the training set, similar to
our proposed method. The recent work in [17] introduces
the Noise2Score framework for self-supervised learning of
the score function in moderate and high SNR settings, which
leaves the problem of learning score functions in low SNR
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settings open. More recently, the work in [21] has investigated
learning a score-based generative model from noisy diffusion
MRI samples, still requiring access to multiple noisy scans of
the same subject.

Pre-trained generative priors have also been used in solv-
ing linear inverse problems, surpassing classical compressed
sensing approaches [22], [23]. Recently, a series of works have
shown that score-based generative models produce competitive
reconstruction performance when used to solve accelerated
MRI [3]–[6] in a supervised learning setting, and that the
score can be learned implicitly from MMSE denoisers [24].
The work in [7] applies the same ideas to learning priors
for MIMO channel estimation from a limited number of
pilot measurements. The recent work of [25] explores self-
supervised learning of score models for MRI reconstruction
by splitting the measurement data into distinct subsets, similar
in approach to Noise2Self.

B. Contributions

Our contributions in this work are the following:
• We formulate SURE-Score: a framework for jointly learn-

ing a denoiser and score-based generative model using
the same deep neural network. The loss connects SURE,
DSM, and Tweedie’s rule in a single objective.

• We evaluate SURE-Score by learning score-based gen-
erative models from noisy data for MIMO channels and
MRI. Even though the distributional structure in the two
domains is different, our results show that SURE-Score
can learn accurate priors even at an SNR of 0 dB.

• Our simulation results show that MIMO channels ac-
quired at 0 dB can be used for compressed channel
estimation with a performance drop of at most 8 dB in
normalized mean square error (NMSE) compared to fully
supervised. We also show that self-supervised denoising
and reconstruction at 5× accelerated MRI is possible with
about 15% error increase when learning a prior from
noisy samples acquired at 10 dB.

We use lowercase and uppercase letters to denote vectors
(including scalars) and matrices, respectively. We use pX
to denote the probability distribution function (p.d.f.) of the
random variable X . We use x to denote the flattened version
of X , and XH to denote the Hermitian of X . Unless explicitly
stated, all signals are assumed to be complex-valued.

II. SYSTEM MODEL AND BACKGROUND

A. Linear Inverse Problems

We model signals corrupted by additive white Gaussian
noise as follows:

x̃ = x+ w, (1)

where x ∈ CN is sampled from the distribution pX . The
noise w ∼ CN (0, σ2

wI) is i.i.d. complex-valued Gaussian
distribution, I is the identity matrix, and σ2

w is the noise
power. In the general case of linear inverse problems, the
measurements are given by:

y = Ax+ n, (2)

where x ∼ pX is the ground-truth signal, y ∈ CM are the
observed measurements, n ∼ CN (0, σ2

nI) is the measurement
noise, and A ∈ CM×N is the forward operator. The goal
of solving linear inverse problems is to estimate the specific
signal x, given the measurements y, the forward operator A,
and statistical models of the distributions of x and n.

B. Score-Based Generative Modeling

The score function ψX of a probability distribution pX is
defined as the gradient of its logarithm with respect to the
sample [26]:

ψX(x) = ∇x log pX(x). (3)

Learning the score function of the probability distribution
avoids the challenges of normalization and is useful to down-
stream tasks such as sampling from the learned distribution
or solving inverse problems [3]. The goal of score-based
generative modeling is to learn the score function ψX , given
a training dataset sampled from pX .

Denoising score matching [12] learns the score of a family
of perturbed signal distributions through a noise-conditional
score network sθ(x;σ). When conditioned on a noise level σ,
the network is trained to predict the score of the distribution
pX̃ of perturbed real-valued signals x̃ = x + z, where z ∼
N (0, σ2I). The DSM loss is given by:

LDSM,θ(x;σ) =
∥∥∥sθ(x̃;σ)−∇x̃ log pX̃|X(x̃|x;σ)

∥∥∥2
2
. (4)

When noiseless data are available for training and choosing the
added noise z as Gaussian i.i.d., the gradient of the conditional
distribution can be expressed in closed form as −z/σ2. Score-
based generative models are trained using denoising score
matching at multiple noise levels simultaneously [1]. Follow-
ing [27], we weigh the loss at each level by σ2 to normalize
the magnitude of the DSM loss across all noise levels. This
yields the expression for the multilevel DSM training loss:

LDSM,θ = E x∼pX
σ∼pΣ

z∼N (0,σ2I)

σ2
∥∥∥sθ(x+ z;σ) +

z

σ2

∥∥∥2
2
. (5)

The distribution of training noise levels pΣ is a uniform dis-
tribution across geometrically distributed noise levels between
σmin and σmax. We use the guidelines in [27] and implement
the noise-conditional score network as sθ(x;σ) = sθ(x)/σ,
where sθ(x) is a deep neural network with learnable weights
θ.

C. Solving Inverse Problems using Annealed Langevin Dy-
namics

The score-based generative model sθ learned during training
does not use any knowledge of the linear operator A or
received measurements y in the setting of (2), but is still
a powerful tool for solving linear inverse problems. The
algorithm we use to generate a point estimate xest is based
on posterior sampling, proven in [28] to be sample optimal
for linear inverse problems. This is a stochastic algorithm that
draws a single sample from the posterior distribution:

xest ∼ pX|Y (x|y). (6)
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We use a modified version of annealed Langevin dynamics [1]
to sample from the posterior distribution. This is an iterative
algorithm that starts from a random x0 ∼ N(0, I) and requires
access to the noise-conditional score function ψXt|Y (xt|y;σ)
at each step. For brevity, we omit σt from the notation in the
following. The update rule is given by:

xt+1 = xt + αt · ψXt|Y (xt|y) +
√
2βαtηt, (7)

where αt is a time-varying step size, ηt ∼ N (0, I) is annealing
noise sampled and added at each update step, and β is a
temperature hyper-parameter controlling the level of annealing
noise. When β = 1, the algorithm in (7) becomes annealed
Langevin dynamics. Following [27], we exponentially decay
the step size as αt = α0 ·(σt/σmin)

2, defining the schedule via
two hyper-parameters. The term σt comes from the geometric
distribution of training noise levels beginning from σmax and
ending at σmin.

The conditional score function ψXt|Y can be further ex-
panded via Bayes’ rule as:

ψXt|Y (xt|y) = ∇xt
log pXt|Y (xt|y)

= ∇xt
log

pY |Xt
(y|xt)pXt

(xt)

pY (y)

= ψY |Xt
(y|xt) + ψXt

(xt),

(8)

where the denominator term vanishes due to not depending
on x. The first term is related to the linear formulation of
the inverse problem in (2). Because the noise is Gaussian, as
σt → 0, this term becomes:

ψY |Xt
(y|xt) =

AH(y −Axt)

σ2
n

, (9)

where AH is the Hermitian transpose (adjoint) of A. We
approximate the dependency on the iteration-dependent noise
level σt in the first term of (8) by additionally annealing this
term with a factor γt as in [3]:

ψY |Xt
(y|xt) ≈

AH(y −Axt)

σ2
n + γ2t

, (10)

where we choose γ2t = σ2
t in this work. The dependency of the

second term in (8) on σt is included in a pre-trained noise-
conditional score-based model sθ(x;σt), which can readily
approximate this term. The final update rule for sampling from
the posterior distribution is given by:

xt+1 = xt + αt

(
AH(y −Axt)

σ2
n + γ2t

+ sθ(xt;σt)

)
+
√
2βαtηt.

(11)
We emphasize that our algorithm only approximates posterior
sampling.

D. Stein’s Unbiased Risk Estimate

It is clear from Section II-B that learning a prior via
denoising score matching requires a clean dataset of training
set x ∼ pX . However, in our setting we only have access
to a training set of noisy samples x̃ sampled according to
(1). Ideally, we wish to learn a denoising model gϕ(x) with

parameters ϕ, such that it maps perturbed samples x̃ to clean
samples x. One approach is to use Stein’s unbiased risk
estimate [29] to obtain an unbiased estimate of the ground-
truth supervised denoising loss ∥gϕ(x̃)− x∥22 for each sample
x. When the sample is corrupted by i.i.d. Gaussian noise at
noise level σw, the SURE expression is given by:

LSURE,ϕ(x̃;σw) = ∥x̃− gϕ(x̃)∥22 + 2σ2
w · divx̃(gϕ(x̃)), (12)

where divx(gϕ(x)) represents the divergence of the vector
field (any function that maps inputs to outputs of the same
dimension) gϕ evaluated at the point x, and is given by:

divx(gϕ(x)) =
∑
i

∂[gϕ(x)]i
∂xi

. (13)

Evaluating all partial derivatives in (13) requires a number
of function evaluations proportional to the input dimension,
which does not scale to real-world high-dimensional signals.
Following [30], we approximate the divergence term using
its Monte Carlo approximation with b ∼ N (0, I) being i.i.d.
Gaussian noise sampled for each sample in each batch, and
the approximation given by:

divx(gϕ(x)) ≈ bT
(
gϕ(x+ ϵb)− gϕ(x)

ϵ

)
, (14)

for small ϵ. The SURE loss does not involve the ground-truth
sample x and has the remarkable property that its expectation
taken over x̃ ∼ N (x, σ2

wI) satisfies [11]:

Ex̃LSURE,ϕ(x̃;σw) = Ex ∥gϕ(x̃)− x∥22 , (15)

thus it can be used as a training function for the model gϕ,
when only a noisy set of training samples is available [30],
and a mini-batch of noisy samples is used. Note that the SURE
loss can be applied when a single noisy version of each sample
is available in the dataset, which matches our setting.

III. PROPOSED METHOD: SURE-SCORE

Our proposed method learns the score of the perturbed
distribution of minimum mean square error (MMSE) denoised
samples. While this is distinct from learning the score of the
true perturbed distribution of clean samples at arbitrary noise
levels, our formulation couples SURE learning and denoising
score matching via Tweedie’s rule for Gaussian corruptions
such that the two objectives are consistent with each other at
a specific noise level. We call our method SURE-Score. A
block diagram of the training flow is shown in Figure 1.

Naively, learning the score of perturbed MMSE denoised
samples could be done with two different functions, each with
its own set of learnable parameters, and applied sequentially:

1) A function gϕ that learns the MMSE denoiser. This
function can be learned purely from noisy data using
the SURE training objective described in Section II-D.

2) A score-based generative model sθ trained on the out-
puts of gϕ. If sufficient training data are available, it
could be split between the two stages, otherwise the
same training set used to learn gϕ can be re-used in
the second stage.
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LSURE-Score,θ(x̃;σ, σw) = σ2
∥∥∥sθ(gθ(x̃;σw) + z;σ) +

z

σ2

∥∥∥2
2
+ λ ∥x̃− gθ(x̃;σw)∥22 + 2λσ2

w · divx̃(gθ(x̃;σw)) (16)

= σ2
∥∥∥sθ(x̃+ σ2

wsθ(x̃;σw) + z;σ) +
z

σ2

∥∥∥2
2
+ λ

∥∥σ2
wsθ(x̃;σw)

∥∥2
2
+ 2λσ2

w · divx̃(x̃+ σ2
wsθ(x̃;σw)).

(17)

Fig. 1. Flow of SURE-Score during training. The same deep neural network
sθ is used first for denoising and subsequently for denoising score matching.
The terms in (17) are obtained from the input, x̂MMSE, and the final output.

Inspired by the recent work in [17], we take advantage
of the inherent connection between the two steps given by
Tweedie’s rule [13] which allows us to efficiently re-use
the same network parameters for both purposes and reduce
storage requirements. Assuming that a score-based generative
model sθ(x̃;σ) is available and already learned, the MMSE
denoiser in the case of AWGN is given by its Tweedie re-
parameterization as [17]:

gθ(x̃;σ) = x̃+ σ2 · sθ(x̃;σ). (18)

Conversely, given access to an already trained MMSE denoiser
gθ(x̃;σ) its score re-parameterization is given by [17]:

sθ(x̃;σ) =
gθ(x̃;σ)− x̃

σ2
, (19)

where the above is due to the existence and uniqueness of
the MMSE estimator under finite means and variance of
the perturbed distribution of x̃, hence Tweedie’s rule can be
directly inverted for σ > 0.

The previous identities suggest that a score-based generative
model for a specific noise level and the MMSE denoiser for
the same noise level are interchangeable. Thus, we propose to
learn them jointly using the following loss function at a single
noise level σ, with training data corrupted at noise level σw:

LSURE-Score,θ(x̃;σ, σw) = LDSM,θ(gθ(x̃;σw);σ)+

λ · LSURE,θ(x̃;σw),
(20)

where λ > 0 is a hyper-parameter controlling the relative
weighting between the two losses. Note that in the above, the
DSM term uses the output of the denoiser gθ – this leads to
a recurrent call of the same underlying network. Each of the
two terms in the above corresponds to one of two objectives:
the first term learns the score-based generative model for the

perturbed distribution of MMSE denoised samples, while the
second term learns the MMSE denoiser itself.

The Tweedie re-parameterization introduces a consistency
between the two objectives at noise level σw, that is when
σ = σw in (20): the more accurately the true score function is
approximated at noise level σw, the more accurately denoising
becomes, and vice versa. This can be viewed as a coarse
version of the recently introduced consistency objective in
[31], where we ensure that removing and adding back noise
at noise level σw leads to consistently learned gradients of the
perturbed score function. In practice, both terms at σ = σw
are bounded and non-zero due to the non-zero residuals of
MMSE denoising. Additionally, the above consistency is only
introduced for σ = σw, but in practice we find that this
does not hinder performance at other noise levels, where
extrapolation is sufficiently accurate.

Expanding the expected versions of the two losses in (20)
yields the expression in (16). Replacing gθ with its Tweedie re-
parameterization yields our SURE-Score loss function in (17),
which only depends on the score network sθ and regularization
λ. The training loss we use in practice is a mini-batch version
of (17), with expectations equal to those in (5).

Note that while all the derivations so far have relied on
the assumption that x̃ is corrupted by i.i.d. Gaussian noise,
both the SURE loss and the Tweedie re-parameterization can
be readily extended to other exponential family distributions
[17], [32], making our proposed approach easily applicable to
other common noise models as well.

Finally, our training and reconstruction algorithms require
the selection of several hyper-parameters without access to
ground-truth for tuning. In particular, we inherit all hyper-
parameters related to both denoising score matching and to
SURE; notable among them is the step size schedule in DSM
given by pΣ, which is known to depend on the dataset [27], and
the Monte Carlo approximation ϵ, which is known to depend
on the noise level σw [18], [30]. We also must choose λ to
balance the two losses in (17). Note that setting λ = 0 in (17)
is not equivalent to naively training the score model due to
the nesting of the function sθ.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

We test our approach on two linear inverse problems: esti-
mating the MIMO wireless channel matrix from compressed
pilot measurements, and multi-coil MRI reconstruction from
limited k-space measurements. We compare our approach to
the following baselines: (i) supervised score-model training,
(ii) naive DSM training on the noisy data, (iii) BM3D, (iv)
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Noise2Self, and (v) Noise2Score. In (iii-iv), we apply DSM
training on top of the denoised dataset.

We qualitatively evaluate score models learned from training
data at different SNR levels (given by SNRw). We also
quantitatively evaluate posterior reconstruction performance.
Following convention, we report normalized mean squared
error (NMSE) in dB for channel estimation and normalized
root mean squared error (NRMSE) for MRI, each at particular
sub-sampling ratios and for different values of σ2

w and σ2
n.

A. Model Architecture

We use a deep neural network based on the RefineNet
model [33], following the NCSNv2 architecture in [27]1. To
handle complex-valued signals for both applications, we treat
the real and imaginary parts as two real-valued channels of
the same sample. As suggested by other works [16], we set
ϵ = 10−3 in (14). We use the Adam optimizer with a fixed
learning rate of 10−4 for all experiments. The parameter λ
in (20) was set to LDSM,θ/LSURE,θ using the first batch at
the start of training. Though it may not be optimal, we found
this heuristic worked well across our experiments. Minimizing
the loss in (16) involves calculating the gradient through the
nesting of the function sθ; therefore we did not use Stopgrad
in its calculation. We did not observe numerical instability in
our particular experiments.

B. MIMO Channel Modeling and Estimation

We consider a point-to-point MIMO baseband communica-
tion scenario where the transmitter and receiver are equipped
with Nt and Nr antennas, respectively. Channel estimation
involves estimating the channel matrix H ∈ CNr×Nt , given
measurements Y of the form:

Y = HP +N, (21)

where the matrix P ∈ CNt×Np is the measurement matrix
known ahead of time (commonly called a pilot matrix),
and N is additive white Gaussian noise with variance σ2

n .
Equation (21) can be vectorized as:

y =
(
PH ⊗ INr

)
h + n, (22)

where INr represents the square identity matrix of size Nr.
Thus, this problem falls in the general class of linear, noisy
inverse problems given by (2). We use randomly chosen
quadrature phase shift keying (QPSK) signals for the entries
of P . Channel estimation is an under-determined inverse
problem when the pilot density ratio α = Np/Nt < 1. We
normalize channels during training and inference by dividing
by EHtrain [∥H∥22]. The SNR for a distribution of channels is
defined as: EH [∥H∥22]/σ2

w = 1/σ2
w.

We train a score-based model sθ with 32 hidden layers in
the first block using the proposed SURE-Score framework on
perturbed clustered delay line (CDL) channels H̃ at SNRw = 0
dB, in particular from the CDL-C non-line-of-sight distribu-
tion. We simulate 10000 (possibly noisy) samples for training
for each method where Nr = 16 and Nt = 64.

1Our code is available at https://github.com/utcsilab/SureScore-Diffusion.

Fig. 2. Prior sampling performance for three methods: naive (ii), SURE-
Score at SNRw = 0 dB, and supervised (i). Each column shows a different
realization of CDL-C channels.

1) Prior Sampling: To sample unconditionally from the
learned prior px̂MMSE , we use the update in (11) with A = 0,
eliminating the measurement-dependent term. Figure 2 shows
CDL-C samples from the training set, noisy samples at SNRw,
and samples using three learned priors: (i) naive DSM, (ii)
SURE-Score, and (iii) DSM with clean data. Qualitatively,
we can see that prior samples generated from a score model
naively trained on noisy channels are corrupted. However,
both supervised and SURE-Score samples qualitatively match
the signal structure in the reference samples. This is further
validated in our posterior sampling experiments.

Fig. 3. Channel estimation performance at α = 0.6 (38 pilots) using score
models trained on CDL-C channels at SNRw: 0 dB (top) and 10 dB (bottom).

2) Posterior Reconstruction: We use the annealed Langevin
dynamics update in (11) with the data consistency term based
on (22). We simulate a pilot density of α = 0.6, i.e., 38 pilots.
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Fig. 4. Multi-coil MRI reconstruction at acceleration factor of 5×. From left to right: fully sampled ground truth, linear reconstruction, posterior sampling
after naively training on noisy data at SNRw , posterior sampling after training with SURE-Score, and posterior sampling after training with noise-free data.
The bottom row shows the sampling pattern and difference images for each method, respectively.

Figure 3 summarizes results from posterior sampling using
different training methods and at different pilot SNR levels,
where we assume training samples H̃ contain noise with SNR
of 0 dB and 10 dB in the two plots. We observe that naive
training plateaus in estimation performance because of over-
fitting to the noisy training set. Noise2Score and BM3D suffer
at lower SNRw and improve at higher SNR, consistent with
results reported in the literature [17]. SURE-Score performs
close to optimal with respect to supervised DSM except at
higher pilot SNR. Noise2Self as a denoising pre-processing
step also performed well. We observe a performance gap at
high pilot SNR, likely due to the performance limits of the
learned MMSE denoiser for our particular architecture and
the finite amount of training data.

C. Multi-Coil MRI Reconstruction

Multi-coil MRI data are acquired in the frequency domain
by placing multiple RF coils around the imaging anatomy.
We assume a vectorized image x ∈ CN , with Nc RF receive
sensitivity profiles each represented by a diagonal matrix Si ∈
CN×N , and Fourier sampling Fα ∈ CαN×N . The acquired k-
space data from the ith coil is given by:

yi = FαSix+ ni, (23)

where ni is additive white Gaussian noise with variance σ2
w.

Following convention, we define the acceleration factor 1/α
relative to a single fully sampled coil, such that the total
number of acquired measurements is α · Nc · N . We can
represent the MRI multi-coil forward model according to (2).

We train score-based models with 128 hidden layers in
the first block using 10000 multi-coil T2-weighted brain MRI
scans from the FastMRI dataset [34]. The SURE-Score model

was trained on a subset of the data (2000 samples) due
to training time constraints. We first normalize all slices in
the training set by performing a root sum-of-squares (RSS)
reconstruction using k-space data from a central window of
size 24× 24. We divide the k-space of each slice by the 95th

magnitude percentile of this low-resolution reconstruction. We
define the SNR as 1/σ2

w.
1) Denoising Performance: We evaluate denoising perfor-

mance using the Tweedie re-parameterization in (18) for score
models trained (i) naively, (ii) with SURE-Score, and (iii)
using noise-free data (supervised). Table I lists the NRMSE
(mean and standard deviation) over 100 validation slices for
SNRw levels of 0 dB and 10 dB. The denoising performance
of SURE-Score nearly matches supervised learning, indicat-
ing consistency at σw between the SURE objective and the
score-matching objective. Thus, denoising score matching at
multiple levels does not degrade denoising performance at σw.

Denoising Performance (NRMSE)
SNRw 0 dB 10 dB
Naive 2.48± 0.24 0.70± 0.07

Supervised 0.21± 0.01 0.14± 0.01
SURE-Score 0.23± 0.01 0.16± 0.01

TABLE I: MRI DENOISING PERFORMANCE OF SCORE MODELS TRAINED
WITH NOISE-CORRUPTED DATA AND DIFFERENT OBJECTIVE FUNCTIONS.

2) Posterior Reconstruction: We use annealed Langevin
dynamics as previously described in (7). We simulate an
acceleration factor of five using a vertical sampling mask
with fully sampled central k-space and uniform random sub-
sampling elsewhere. We assume high SNR and set σn = 0
during inference.

Table II displays reconstruction NRMSE (mean and stan-
dard deviation) over a validation set of 50 slices. We compare
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linear reconstruction, naive training, supervised training, and
SURE-Score. We observe similar trends as in our MIMO
experiments. Figure 4 compares example reconstructions af-
ter training with noisy data at SNRw. Naive training leads
to noise amplification, while SURE-Score qualitatively and
quantitatively improves over this result.

Reconstruction Performance (NRMSE)
SNRw 0 dB 10 dB
Linear 0.53± 0.19 0.53± 0.19
Naive 1.42± 0.35 0.71± 0.15

Supervised 0.16± 0.05 0.16± 0.05
SURE-Score 0.22± 0.06 0.19± 0.05

TABLE II: COMPARISON OF RECONSTRUCTION NRMSE (MEAN AND
STANDARD DEVIATION) OVER THE VALIDATION SET FOR FASTMRI.

V. CONCLUSION

Through our results, we can observe the impact of SURE-
based denoising on prior sampling as well as for solving in-
verse problems in the wireless and MR domain while learning
from datasets corrupted with a noise-to-signal ratio of up to
0 dB. We also observe that self-supervised techniques like
SURE-Score can match supervised denoising performance.
While our algorithm matches the convergence speed of su-
pervised score models in terms of epochs, we find the runtime
per iteration increases due to an additional pass through the
network at each step. Another challenge, like in other self-
supervised methods, is choosing hyper-parameters without ac-
cess to ground truth data. Finally, our work currently assumes
white Gaussian noise corruption but could be extended to
arbitrary exponential families using Generalized SURE [32].
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