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Abstract. Magnetic resonance imaging (MRI) inherently suffers from
noise, which limits downstream medical analyses. In MRI, noise-free
images are unobtainable; therefore, existing denoising approaches for-
mulate surrogate training objectives, compromising between preserving
detail and concealing noise, causing domain shifts or incomplete de-
noising. To enable denoiser training directly on unmodified, noisy im-
ages, we exploit repeated acquisitions. This naturally constitutes a phys-
ical Noise2Noise (pN2N) setting. For unrepeated data, we introduce
a diffusion-based re-noiser that synthesizes noisy image pairs, extend-
ing pN2N to Renoise2Noise (ReN2N). Furthermore, we demonstrate
that ReN2N improves generalization to unseen datasets. Additionally,
we propose to combine pN2N or ReN2N with optional guidance from
co-acquired contrast, yielding four versions of our novel denoising frame-
work: YADO (You Accurately Denoise real Observations). Across 14 test
conditions, YADO consistently outperforms 17 state-of-the-art baselines,
matching the quality of physically noise-suppressed images obtained via
brute-force averaging of independent acquisitions. YADO thus estab-
lishes practical denoising for real-world acquisition settings.

Keywords: Denoising· MRI· Diffusion Model· Data augmentation·
Medical image analysis

1 Introduction

Magnetic resonance imaging (MRI) is inherently affected by acquisition noise
[1, 21], which degrades image quality and obscures tissue boundaries. This re-
duces the reliability of downstream analyses [33, 36, 65], especially for subtle,
participant-specific structures such as white-matter hyperintensities (WMH) or
perivascular spaces (PVS) [3, 60, 63, 73, 87]. Thus, effective denoising, i.e. the
reduction of noise while maintaining medical information, has substantial po-
tential to improve quantitative biomarkers and clinical decision-making [27,63].
Here, the fundamental challenge lies in correctly separating the true signal from
complex, spatially correlated [1] noise patterns, as found in real-world images.
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Fig. 1: Rethinking Brain MRI Denoising:
a) While traditional denoiser training relies on degradation (Noise2Void/N2Void: blind-
spot masking [4,37] or Noisier2Noise/Ner2N: noising [53]), b) we propose to use physi-
cal repeats for physical N2N (pN2N) training. c) We further generalize pN2N to single-
noisy data by renoising images (ReN2N) using a diffusion model. b,c) When available,
co-acquired contrasts can guide (g) YADO (pN2N- or ReN2N-trained, 4 variants total)
which increases total information over unguided (u) denoising. d) All YADO versions
achieve unprecedented image quality from routine scans, matching the details of phys-
ically noise-suppressed reference images (here average of NEx=7 acquisitions).

While classical denoising methods rely on local statistics and hand-crafted
priors [48, 49], the adoption of learning-based methods that implicitly capture
rich content-specific image statistics led to superior performance [27,37,42,44,67,
75]. Recent approaches leverage surrogate self-supervised objectives, including
blind-spot masking [4, 37, 85] or synthetic degradation [53, 59, 62, 71] (Fig. 1a)
to enable denoiser training from single noisy images. However, their restrictive
noise assumptions, such as voxel-independence, are violated in MRI [1, 79, 84].
Moreover, masking and degradation both reduce image context or quality, induce
domain shifts (artificially corrupted vs. real-world images) and thus incentivize
incomplete or biased noise removal at inference time. In contrast, more reliable
direct supervision with clean, noise-free reference images in ideal Noise2Clean
(N2Clean) training is impossible, since real-world MRI is inherently noisy. Zero-
shot denoisers (ZSDs) [47,75,86] partially circumvent paired-data requirements,
but remain computationally expensive and prone to overfitting individual noise
realizations [75], which limits their applicability.

Here, we propose previously neglected N2N-like training [44] with physically
repeated, co-registered image pairs (pN2N, Fig. 1b). We show that pN2N training
on repeated acquisitions of the same participant – as available in many large-scale
neuroimaging studies1 – already outperforms state-of-the-art (SOTA) methods.

1 The FOMO-60k data bundle [10] contains >9000 (42%) T1-weighted images (T1w)
with in-session repeats and 65% are accompanied by co-acquired T2w and/or FLAIR.
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To extend such training to datasets without physical repeats, we leverage dif-
fusion models (DMs) [24, 68, 70] to simulate re-acquisition generating syntheti-
cally noise-decorrelated image pairs for training (Fig. 1c). We term this train-
ing paradigm Renoise2Noise (ReN2N). In contrast to previous Noisier2Noise
(Ner2N) strategies, ReN2N avoids systematic shifts of the input data distribu-
tion toward noisier inputs by generating images with similar noise patterns as
real images, while preserving information [63]. ReN2N training also serves as
an effective data augmentation strategy, even when physical repeats are avail-
able. Finally, we observe that most real-world MRI protocols are multi-contrast1.
Although cross-modal information has previously been exploited indirectly to
define denoising objectives [15,78,83], we show that explicit denoiser condition-
ing (guiding) on co-acquired contrasts provides complementary information that
further improves denoising.
We integrate these insights into a unified structural MRI denoising framework:
YADO (You Accurately Denoise real Observations), designed to reliably denoise
real-world acquisitions. Taking advantage of the full potential of existing data,
we achieve unprecedented image quality from routinely acquired MRI (Fig. 1d).

Contributions

Our contributions are physical Noise2Noise (pN2N), Renoise2Noise (ReN2N),
and guided denoising (g). We show superior performance in extensive bench-
marking against 17 SOTA approaches across 14 test conditions:
1. pN2N: We are the first to leverage independently-acquired image pairs from

repeated MRI to formulate a near ideal denoiser training.
2. ReN2N: We generalize pN2N training to non-repeated, i.e. single-noisy,

datasets by re-noising acquired images via a diffusion-based framework.
3. guided denoising: We introduce denoiser-conditioning on co-acquired dif-

ferent contrast MRI, thus guiding the denoising with additional available
information.

4. We combine these novel approaches into YADO and show in extensive
experiments, using independently acquired reference scans and challenging
downstream evaluations, that it surpasses state-of-the-art performance for
MRI denoising.

Overall, our results suggest that structural brain MRI analyses generally benefit
from pre-processing with YADO.
We publish code and model weights at github.com/Deep-MI/YADO.

2 Theory

The aim in any denoising task is to obtain a denoising function fθ that approx-
imates the surrogate clean signal X ′ from a noisy measurement X, i.e. to find

arg min
θ

metric (fθ(X), X ′) with metric e.g. MAE, MSE, (1-SSIM). (1)

https://github.com/deep-mi/yado
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However, since MRI is inherently noisy, X ′ is unknown in practice. Hence, we
define the clean image as X ′ := Et[Xt]. Assuming an additive zero-mean noise
model and incorporating systematic biases [1, 21] into X ′, the acquired image
Xt decomposes into its deterministic X ′ and effective observable noise nt:

Xt = Es[Xs] + nt =: X ′ + nt , n ∼ DNoise , E [n] := 0, (2)

such that nt contains all non-systematic effects, e.g. thermal measurement noise
[1,21], motion artifacts [84], or registration errors. X ′ can only be approximated
by multiple consecutive MRI acquisitions (i.e. individual images X1, X2, . . . ) as

X ′ = Et[Xt] = X ′ + lim
N→∞

1
N

N∑
t=1

nt

NEx≫1
≈ X ′ + 1

NEx

NEx∑
t=1

nt

= X ′ + n̄NEx .

(3)

To empirically assess the performance of fθ, the denoised image X̂ ′=fθ (X ′+nin)
can be compared to independently acquired reference images Xref := X ′+nref
with statistically independent noise nref. For linear metrics such as the MSE,

metric (fθ(X ′+nin), X ′+nref) = En∼DNoise [metric(fθ(X ′ + nin), X ′] + cnref ,
(4)

i.e. the inherent acquisition noise in the reference image nref adds a constant
aleatoric error cnref := metric(X ′, Xref) [63]. This causes a systematic under-
estimation of denoising performance. Note that if nin and nref are statistically
dependent, performance rewards partially sustaining nref in the denoiser output,
which violates the objective of estimating the clean signal X ′ (see Suppl. Sec. 8).

3 Related Work

3.1 General-purpose denoisers

Learning-based denoising without access to clean targets X ′ faces the problem
of identity decay and therefore requires a suitable training objective (Eq. (1)).
Noise2Noise (N2N) [44] showed that supervised training is possible from noisy
images alone. However, this requires two observations X1 ̸= X2 of the same clean
image X ′. To enable single-image training, subsequent methods construct surro-
gate objectives that the obscure noise. Noisier2Noise (Ner2N) [53] injects addi-
tional synthetic noise, with the expectation that training to revert incremental
corruptions encourages the removal of real noise during inference. Noise2Score
(N2Score) [31] recasts Ner2N as a score function estimate, reconstructing the
clean signal via Tweedie’s formula, but requires knowing the noise magnitude.

Blind-spot approaches such as Noise2Void (N2Void) [37] and Noise2Self [4]
predict masked pixels from their spatial context. Neighbor2Neighbor (Neigh2-
Neigh) [26] improves efficiency through structured sub-sampling. While these
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methods rely on voxel-wise noise independence, Structured N2Void [8] (S-N2Void)
extends the blind-spot paradigm by enlarging the mask to encounter spatially
correlated noise as found in MRI (Suppl. Sec. 11). However, dilating the mask
reduces the available contextual information, limiting the range of concealable
correlations.

Alternative approaches to self-supervised learning are zero-shot denoisers
(ZSDs). Instead of applying a fixed pre-trained model, ZSDs optimize the net-
work parameters directly on the noisy image at inference time. Consequently,
they are inherently agnostic to domain shifts and specific noise statistics [4, 47,
50,75]. A prominent example is Deep Image Prior (DIP) [75], which maps a fixed
random input to the noisy observation using a randomly initialized neural net-
work that acts as an implicit image prior. More recently, Pixel2Pixel [47] exploits
non-local self-similarity to generate realistic pseudo-instances to handle spatially
correlated noise similar to blind-spot methods. Although ZSDs are attractive in
settings with extreme data scarcity, they typically incur substantial inference
costs and remain susceptible to overfitting the specific noise realization [75].

3.2 Training objectives for brain MRI denoising

Classical denoising methods, such as non-local means (NLM) implemented in
ANTs [49] and BM4D [48], exploit self-similarity and non-local structural cor-
relations. However, they rely on hand-crafted priors and simple noise models.
Despite these limitations, such approaches remain widely used in practical MRI
analysis due to their efficiency, flexibility, robustness, and ease of deployment.

As acquisition noise in MRI is unavoidable (n̄ ̸= 0 for finite NEx), learning-
based denoisers inherently face the challenge of defining suitable training objec-
tives. Although MRI simulation can provide clean simulated targets for N2Clean
training [57, 81] (Eq. (1)), simulated vs. physical images constitute a domain
shift. Moreover, the required atlas construction is labor-intensive [13], limiting
availability, and constraining learnable anatomical structures or pathologies [5].

Artificially degrading input images following the Ner2N paradigm [53] is com-
mon. Most approaches only add white Gaussian or Rician noise [12,45,59,62,81],
whereas BME-X [71] applies more realistic degradations, including simulated
motion. As an alternative, Neighboring Slice N2N [85] proposed a blind-spot
approach that leverages 3D redundancy in medical images. Previous work has
also introduced single-noisy training objectives based on Stein’s unbiased risk
estimator (SURE) [57, 58]. However, their applicability to real-world scenarios
with spatially correlated non-Gaussian noise remains unclear. Finally, DESN [86]
introduced a ZSD based on Deep Image Prior (DIP) [75].

Whereas many works employ regression losses [15, 45, 78, 81], BME-X [71]
additionally incorporates a tissue-segmentation loss that encourages intra-tissue
smoothness. Other approaches utilize conditional GANs [11,19,29,62] or diffusion
models (DMs) [12,24,59,68,69,83]. Although GANs and DMs excel at visual re-
alism [43,63,66], information fidelity, i.e. precision and information preservation
are much more important in medical imaging [6,63]. In fact, we show that ideal
N2N scenarios inherently result in the reproduction of noise from the training
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images [59,63], yielding re-noisers rather than de-noisers (Fig. 10). An exception
addressing this property is R2D2+ [12], which proposed to train a score-based
DM on artificially degraded images. For inference, the DM is repurposed to re-
duce the overall noise level below the synthetic noise level seen during training.

3.3 Multi-modality for denoising

Several works exploit multi-modal information to obtain denoisers. N2Contrast
[78] employs modality translation to optimize bilateral filters [77]. Patch2Self [15]
leverages redundancy across b-vectors to denoise diffusion MRI (dMRI) in a
simple ZSD. However, this approach does not generalize to applications where,
unlike dMRI, only a few input volumes are available [15,83]. DDM2 [83] exploits
image translation to obtain clean surrogate targets for DM training. YODA [63]
implicitly established a denoiser from image translation as cross-contrast N2N.

Overall, existing multi-modal approaches exclusively used cross-modal noise
independence to overcome identity decay. Conversely, here we propose using
complementary cross-modal information as an additional condition to guide the
denoiser fθ, enriching general information during training and inference.

3.4 Evaluation of brain MRI denoisers

Since noise-free images X ′ are impossible to acquire (Eq. (3)), evaluating de-
noiser performance in the real world is inherently challenging. It is common prac-
tice to resort to artificially degraded acquired images e.g. by adding synthetic
noise, comparing against the original acquired noisy image (e.g. [45,57,62,81,85])
or a smoothed version thereof [71]. However, since re-using the input as the
reference image rewards the (partial) reconstruction of the input noise (see
Suppl. Sec. 8) and real-world MRI noise is more complex than typically sim-
ulated [57, 62, 71, 78, 86], white Gaussian/Rician noise (Suppl. Sec. 11), this ap-
proach does not constitute evidence for real-world denoising abilities.
Conversely, image pairs from repeated acquisitions inherently possess indepen-
dent noise manifestations (Suppl. Sec. 11) and thus reflect the properties of
real-world MRI noise. Although evaluating with noisy reference images intro-
duces an unavoidable aleatoric error [63], this term is constant across methods
(Eq. (3), Suppl. Eq. (12)) and therefore does not affect performance ranking.

Another common evaluation paradigm is application-driven experiments such
as contrast-to-noise ratios (CNRs) around known structures of interest or down-
stream task performance [12, 57, 63, 71, 83]. Although such metrics can consti-
tute a proxy for real-world usability [63], they are task- and structure-specific,
labels can themselves be affected by noise [63], and the evaluations can be con-
founded by model design [71] or strong anatomical priors [57, 71, 83]. In par-
ticular, contrast- or homogeneity-based evaluations of conserved anatomies can
be dominated by memorized population-level priors rather than image-derived
evidence, rendering such evaluations insensitive to denoisers that suppress or
hallucinate information e.g. about degraded, altered, or missing structures.
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4 Method

4.1 Learning with physical noise

Given two repeated acquisitions X1 = X ′+n1 and X2 = X ′+n2 with approx-
imately independent noise realizations n1 ⊥ n2 (Suppl. Sec. 11), we train the
denoiser fθ via

arg min
θ

E X′∼PX′
n1,2∼DNoise

[
∥fθ(X1) − X2∥2

2

] N2N [44]−→ fθ(X) = EX′∼PX′ [X ′ | X] .

(5)
Following N2N [44], this objective yields the same optimal estimator as hypo-
thetical N2Clean training. As MRI noise is zero-mean by construction, E [X ′ | X]
constitutes an unbiased estimate of X ′, with residual uncertainty due to noise in
X. Note that pN2N training preserves the full information in X, whereas blind
spots or adding noise discard input information and introduce domain-shifts.

4.2 Cross-modality conditioning

When co-acquired contrasts C are available, we also condition the denoiser so
that the ideal training yields fθ(X, C) = E [X ′ | X, C]. Guiding with C therefore
tightens the posterior and improves denoising performance, as different struc-
tures exhibit complementary visibility across MRI contrast.

4.3 Renoise2Noise (ReN2N) training

To generalize the proposed pN2N denoiser training to single-repeat domains
(e.g. [2]), we propose Renoise2Noise (ReN2N) training. For this, we train condi-
tional DMs [24,68,70] on repeated acquisitions, which we then leverage to gener-
ate synthetic repeats with decorrelated noise [63] for subsequent YADO training.
This generalizes pN2N to single-noisy datasets. Note that DM sampling implic-
itly first generates a noise-free image estimate X̂ ′, which is subsequently refined
by a stochastic imitation of realistic acquisition noise [30,59,63]. Following [63],
DM sampling can therefore be interpreted analogously to physical MRI as

X̂
(DM)
t = DMϕ(X ′ + nphys) = X̂ ′(DM) + n̂(DM)

t . (6)

In contrast to common degradation-based training schemes [53], ReN2N pre-
serves input information in expectation, as Et[X̂t] ≈ X̂ ′ [63]. When trained
on data from similar contrasts and acquisition protocols, ReN2N minimizes do-
main shifts (Suppl. Sec. 12.4). Beyond generalizing pN2N training to unpaired
datasets, we further propose ReN2N as an effective data augmentation strategy
boosting performance on unseen datasets.
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5 Experiments

5.1 Datasets and evaluation

We considered three large neuroimaging studies for training: OASIS-3 [39] (1 mm
T1w), HCP Aging (HCP-A) [7,18] (0.8 mm T1w), and the Rhineland Study (RS)
[34] (0.8 mm T1w/T2w/FLAIR). We used (480/101/169) train/validation/test
image pairs for OASIS, and (122/0/33, T1w), (154/0/39, T2w), and (163/0/50,
FLAIR) for the RS. We supplemented the latter with 2796 (T1w/T2w) or 748
(FLAIR) non-repeated RS images for pre- or single-noisy training. For YADO
training on the non-repeated HCP-A (656/64/0), we formulated pN2N by pre-
dicting a left-out echo of the multi-echo (ME) MPRAGE [35,54] sequence.

To benchmark real-world denoising performance, we evaluated multiple ex-
ternal datasets with repeated acquisition: CHDI Track-HD/-ON [72], Kirby [40],
HCP Epilepsy (HCP-E) [56], HCP Young Adults (HCP-YA) [76], and repeated
motion-corrupted FLAIR [17]. These data included patients with temporal lobe
epilepsy (HCP-E, n=68) and pre-/post-symptomatic Huntington’s disease (HD)
in CHDI (48/31). For CHDI, we denoise low-quality scans (grade 3), while high-
quality repeats (grade 1) serve as a reference. Similarly, we denoise still or
voluntary-motion (nodd) FLAIR images, comparing to still, motion-corrected
references [14, 17]. All image pairs were acquired as in-session or same-day re-
peats (except HCP-E, where re-acquisition was after up to 14 days).
We report SSIM [80] as the primary metric (PSNR as Suppl. Tabs. 14 and 15).
Beyond image-level metrics, we assessed lesion-wise averaged absolute CNR [63]
for PVS (T1w/T2w) and WMH (FLAIR) in the RS [46] (Eq. (15) in [63]). We
also evaluated downstream WMH segmentation as lesion-detection F1-score [38]
for SHIVA [73,74]; reliable, automatic PVS segmentation remains unsolved [82].
In total, our evaluation includes images from n = 673 participants acquired
across all major scanner vendors and 0.7 – 1 mm resolution (Tabs. 1 and 2).

5.2 Implementation details

YADO denoiser The YADO denoiser is implemented as a 2D U-Net [61]
with five ResNet stages ([256, 256, 512, 512, 1024] channels) and self-attention
([0, 0, 2, 2, 4] heads), resulting in 213M parameters. We adopted a 2.5D setup us-
ing five-slice slabs and randomly sampling axial, coronal, or sagittal planes during
training. For inference, we predict and average each plane. Training uses an L2
loss with voxels outside a FastSurfer [22,23] brain mask down-weighted by ε=0.01
with an AdamW [32] optimizer (LR 10−4, batch size 96, see Suppl. Sec. 13.1).
We concatenate co-acquired contrasts as channels [24] (T1w: T2w, T2w: T1w,
FLAIR: T1w+T2w) after registration [16, 20, 25, 64]. We optimized the hyper-
parameter based on the OASIS-3 validation set, while using the weight’s EMA
(β=0.999) as final model allows training without a validation set.

Renoise2Noise diffusion model The ReN2N DM employs the same back-
bone as YADO with an additional time-step embedding [24]. We train the DM
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exclusively on RS data with a
√

cos noise schedule [55] for realistic re-noising [63]
(Suppl. Sec. 13.2). We use a v-prediction target and train with Adam (LR 10−4)
using the same brain-masking loss as YADO. By default, we assume the availabil-
ity of cross-contrast information to condition the DM like the guided (g)YADO.
Yet, we also considered T1w-only ReN (Suppl. Sec. 12.5). For ReN2N training,
we sampled four stochastic re-noised instances per input image, with shared late
diffusion steps to reduce compute. ReN preprocessing takes e.g. 80 days of V100
compute for the 960 OASIS training images (Suppl. Tab. 3). We supplement
the synthetic data with the acquired image, randomly selecting input and target
from the five instances (Fig. 1c).

5.3 Modeling procedures

To enable a direct comparison of YADO’s pN2N or ReN2N to popular single-
noisy objectives, we re-implemented Ner2N [53], N2Score [31], N2Void [4,37], S-
N2V [8] (3 × 3 blind-spot mask), and Neigh2Neigh [26] with the same backbone
as YADO and using repeats as individual training instances. To assert fair experi-
ments, we extensively ablated hyper-parameters for all methods (Suppl. Sec. 13.3).
In addition, we considered RED-WGAN [62] and regression-only CNN3D [62],
BME-X [71], N2Contrast [78], and DDM2 [83], for which we additionally consid-
ered improved regression-sampling [63]. We also implemented YODA [63] (re-
gression only) as an indirect, translation-only denoiser with the same backbone
as YADO. To model the inherent disadvantage of pN2N that requiring repeats,
we supplemented the paired T2w/FLAIR RS training data with unpaired images
(2796/748) for single-image denoising (excluding ReN2N). Yet, we pre-trained
YADO and the ReN DM on the respective single-image set using modality trans-
lation as a proxy task [63]. BM4D [48], ANTs NLM [49], and the as-is, docker-
distributed version of BME-X [71] were evaluated as training-free denoisers. We
aggregated relative performance based on

√
n-weighted averages of ranks within

each task/dataset.

6 Results and Discussion

6.1 Denoiser benchmarking on T1w images

We compare 1 mm (OASIS-3-trained) and 0.8 mm (HCP-A) T1w denoising on
routine RS images to physically noise-suppressed acquisitions (NEx=7) in Fig. 2
(more qualitative results in the Suppl.), while a comprehensive quantitative
benchmark is provided in Tab. 1. We find that all YADO variants achieved
a remarkable visual quality that closely resembles the high-quality (NEx=7,
TA>45 min) reference images. Quantitatively, YADO outperforms all baselines
in the rank-based analysis, whereby YADO-variants marked the best perform-
ing metric in each task. Remarkably, ReN2N improves over pN2N in 20 of 22
experiments, i.e. all but T2w-guided synthesis of 1. the internal OASIS and 2.
CNR at PVS. This demonstrates that ReN2N not only extends pN2N training
to a single-image domain but, moreover, improves model generalization.
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Input Reference uYADO gYADO Ner2N S-N2V DIP BM4D

Input Reference uYADO gYADO Ner2N S-N2V DIP BM4D

Fig. 2: T1w denoising results (upper: 1 mm, lower: 0.8 mm) for selected methods (more
in Suppl., YADO: ReN2N) on routine images (NEx=1). The shown reference images
were physically noise-suppressed (NEx=7, > 45 min acquisition time).

The comparison of guided (g) to unguided (u) YADO denoising demonstrates
that co-acquired T2w images improve performance, except for PVS CNR (non-
significant improvement) and Kirby. However, the high anisotropy of Kirby T2w
images [41] directly explains this reduction in performance, as the T2w context
becomes a liability. We also observed a substantially improved performance of
ReN2N over pN2N for HCP-A training. We attribute this to the use of individual
echos that possess slightly different contrasts and to the modified scope of remov-
able noise due to the echo-based pN2N training formulation (see Suppl. Sec. 10).

Whereas YADO generally improves image quality and PVS contrast (with
only two exceptions) over the Identity baseline (which does nothing), most base-
line methods frequently fail to provide a significant improvement. In fact, 7/17
methods ranked worse than the Identity function. While the principled N2N-
derived methods show relatively consistent SSIM improvements, PVS CNR de-
teriorates in all but 0.8 mm (S-)N2Void [8]. N2Contrast [78], which uses simple,
trainable bilateral filters, is the only competing method that improves all im-
age quality measures. However, the benefit over Identity is relatively small and
other filter-based methods (ANTs NLM [49], BM4D [48]) rank higher. Surpris-
ingly, we found that BM4D [48] outperforms the most expensive learning-based
methods, ranking second only behind S-N2V [8]. In addition, avoiding percep-
tual realism by removing the GAN-loss from RED-WGAN [62] or conducting
regression DM-sampling [63] of DDM2 [83] improves image quality. Finally, we
observe large differences of nominal values for SSIM between datasets, obtaining
nominally worse results in internal than in most external test sets. We attribute
this to the aleatoric uncertainty, i.e. dataset-specific cnref in Eq. (4).
We trace the disappointing performance of traditional methods back to a trade-
off between noise concealment and information preservation, limiting perfor-



Rethinking MRI Denoising 11

Table 1: Quantitative T1w denoising results (% SSIM; except PVS: abs. CNR [63]).
Formatting: Bold: best or statistically tied (p ≥ 5%, Wilcoxon vs. best, Bonferroni-
corrected). Gray background: not significantly better than Identity. (Parentheses):
guidance with anisotropic/low quality T2w. †: synthesis and evaluation at 1 mm.

OASIS-3 trained (ca. 1.0 mm) HCP-A trained (0.8 mm) all

SSIM (%) CNR SSIM (%) CNR rank
Test dataset OAS3 CHDI Kirby HCP-E -YA RS PVS HCP-E -YA RS PVS all
Resolution (mm) 1.0 1.0 1.0 0.8† 0.7† 0.8† 0.8 0.7 0.8 0.7-1
Vendor S S/P P GE S S GE S S -
n 169 100 21 100 100 33 89 100 100 33 79 512

uYADO (pN2N) 89.39
±4.69

94.25
±1.54

95.69
±0.85

89.65
±3.82

94.06
±0.69

93.83
±2.23

2.63
±0.81

87.05
±4.67

85.85
±1.42

90.44
±3.29

2.15
±0.40 4.55

uYADO (ReN2N) 89.41
±4.87

94.33
±1.59

95.99
±0.90

90.60
±3.38

94.50
±0.64

94.37
±2.39

2.74
±0.75

88.25
±4.24

86.66
±1.33

91.23
±2.95

2.32
±0.53 2.09

gYADO (pN2N) 90.03
±4.35

94.11
±1.42

(94.63)
±0.76

89.96
±3.31

94.11
±0.66

94.31
±1.59

2.85
±1.66

86.87
±4.51

86.05
±1.43

89.93
±2.99

2.25
±0.54 4.17

gYADO (ReN2N) 89.77
±4.82

94.59
±1.47

(95.63)
±0.78

90.91
±3.24

94.59
±0.60

94.59
±2.25

2.85
±1.26

88.74
±3.99

86.98
±1.28

91.69
±2.56

2.29
±0.60 1.46

Noisier2N [53] 88.59
±4.82

93.53
±1.71

95.58
±0.90

89.47
±3.28

93.91
±0.72

93.42
±2.60

2.28
±0.83

84.63
±5.13

82.65
±1.65

88.45
±3.91

2.10
±0.39 9.26

N2Score [31] 89.07
±5.10

93.77
±1.56

95.21
±0.88

87.89
±3.53

93.61
±0.67

92.75
±2.42

1.06
±0.53

79.97
±23.75

65.71
±36.25

90.24
±3.08

1.71
±0.54 12.24

N2Void [4, 37] 88.60
±5.20

93.78
±1.76

95.72
±0.99

88.19
±3.86

90.86
±0.76

92.63
±2.63

2.24
±0.62

86.99
±4.33

85.14
±1.51

90.11
±3.63

2.20
±0.47 8.58

S-N2Void [8] 88.69
±5.05

93.67
±1.74

95.59
±1.01

88.43
±3.73

91.38
±0.70

92.62
±2.51

2.17
±0.65

87.42
±4.26

85.89
±1.44

90.56
±3.43

2.22
±0.37 7.81

Neigh2Neigh [26] 87.94
±4.31

93.03
±1.53

94.59
±0.76

89.08
±3.27

93.61
±0.68

92.68
±2.31

2.31
±0.89

87.36
±4.04

85.40
±1.35

89.63
±2.84

1.83
±0.36 9.75

RED-WGAN [62] 86.35
±5.34

91.38
±1.95

93.42
±1.13

87.21
±3.50

89.48
±1.41

90.49
±3.19

2.18
±0.48

84.70
±4.80

83.53
±1.38

88.34
±3.44

1.88
±0.34 15.35

CNN3D [62] 87.79
±5.05

93.00
±1.82

95.11
±1.05

88.86
±3.61

92.62
±0.93

92.62
±2.87

2.25
±0.59

86.28
±4.63

84.51
±1.50

89.31
±3.49

1.95
±0.35 11.62

DDM2 [83] 51.05
±5.47

43.04
±6.29

39.29
±4.11

35.15
±7.08

39.49
±4.32

48.27
±4.56

0.16
±0.46

23.64
±4.65

30.25
±8.68

39.82
±5.29

0.02
±0.07 22.00

DDM2 Reg. [63,83] 87.28
±4.58

91.14
±1.86

92.73
±0.93

84.10
±5.82

89.80
±1.29

91.28
±2.27

1.76
±0.67

72.24
±6.49

75.28
±5.31

84.41
±2.90

1.01
±0.45 17.70

BME-X [71] 83.10
±3.45

87.81
±1.64

86.64
±1.15

82.87
±5.20

88.38
±1.01

88.05
±2.26

1.55
±0.70

82.71
±4.68

82.17
±1.74

88.14
±2.92

1.56
±0.34 18.68

N2Contrast [78] 87.32
±5.64

93.12
±1.99

95.34
±1.17

87.98
±4.43

90.46
±1.07

92.16
±3.26

2.42
±0.50

85.51
±5.26

83.39
±1.72

88.97
±3.91

2.12
±0.35 11.82

YODA [63] 88.29
±4.46

87.95
±3.15

(70.80)
±3.78

83.48
±4.61

86.87
±1.91

89.18
±2.67

2.17
±0.80

71.19
±6.88

80.11
±2.77

84.17
±3.55

1.69
±1.04 17.30

DIP [75] 87.87
±5.34

93.27
±1.80

95.31
±1.16

89.04
±4.09

92.23
±1.04

92.88
±3.07

2.33
±0.60

86.77
±4.90

84.86
±1.67

89.58
±3.72

1.97
±0.40 9.84

Pixel2Pixel [47] 85.76
±3.66

90.81
±1.42

92.16
±0.73

87.20
±3.54

91.39
±0.84

90.23
±2.22

1.41
±0.63

86.20
±4.23

83.87
±1.43

87.94
±2.75

1.21
±0.32 16.46

ANTs NLM [49] 87.89
±4.58

93.11
±1.69

94.97
±0.91

88.95
±3.75

93.21
±0.77

92.62
±2.64

2.36
±0.66

87.22
±4.42

85.42
±1.42

89.73
±3.24

1.91
±0.38 9.49

BM4D [48] 88.28
±4.52

93.40
±1.67

95.33
±0.90

89.37
±3.66

93.71
±0.73

92.93
±2.43

2.13
±0.83

87.81
±4.18

86.09
±1.40

90.27
±3.21

1.83
±0.39 7.96

BME-X (as-is) [71] 52.72
±5.62

55.39
±6.04

55.48
±3.88

46.47
±21.34

68.41
±5.72

53.13
±4.10

1.53
±0.61

35.33
±29.69

68.85
±5.20

64.45
±5.41

1.53
±0.61 20.52

Identity 86.91
±5.65

92.66
±2.09

95.03
±1.21

87.09
±4.46

89.50
±1.04

91.60
±3.25

2.33
±0.46

84.61
±5.18

82.68
±1.66

88.47
±3.90

2.10
±0.37 14.35
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mance for degradation-based methods (see Suppl. Sec. 12.1). To further test how
Ner2N and S-N2Void training is affected by unconcealed noise, we trained ab-
lated versions performing input degradations, while using physical re-acquisition
as a reference akin to pN2N (Sec. 12.2). Although this decorrelation improves
the performance for NerN2 and S-N2Void, the overall performance gap to pN2N
YADO does not close. Supplementing single-noisy baseline training with ReN
images and thus accounting for ReN’s augmentation effect, could not also not
achieve the same performance as YADO (Sec. 12.3). Thus, degradation-induced
information loss and domain-shifts inevitably limit the performance of single-
noisy training objectives such as Ner2N and (S-)N2Void.
In turn, simplifying ReN2N from DM-based renoising to just adding Rician noise
to denoised images (cf. Eq. (6)) hampered the performance of the resulting de-
noiser (Sec. 12.4). This demonstrates that, beyond generally enabling single-
noisy N2N-like training by providing training pairs, ReN’s realism imitating
real-world noise is key to ReN2N’s performance improvements.

6.2 Generalization of denoisers to T2w and FLAIR

We prioritized the top-performing T1w denoising methods to constrain resource
demands in the following experiments. We selected S-N2Void [8], Ner2N [53],
DIP [75], and the efficient BM4D [48] and ANTs [49] denoisers. Table 2 and
Fig. 3 show quantitative and qualitative results (with NEx=3 reference FLAIR).
Qualitatively, YADO improves the delineation of structures in both FLAIR and
T2w (Fig. 3 and Suppl. Fig. 20f). Conversely, Ner2N [53] and S-N2Void [8,
37] remove the noise insufficiently and maintain “structures” visible in the in-
put images but not in the reference: both methods suffer from partial iden-
tity decay. Fixing this generalization weakness of Ner2N and blind-spot meth-
ods over YADO requires domain-specific hyperparameter optimization (com-
pare Suppl. Sec. 12) equally mandating T2w/FLAIR optimizations for YADO.
DIP [75] and BM4D [48], on the other hand, feature stronger noise removal at
the expense of blurring, i.e. loss of structural information. Quantitatively, YADO
constitutes the best performing method in each evaluation. For T2w denoising,
we observed that dataset-internal ReN2N training improves generalization to
unseen data sources over pN2N, but reduces performance in the internal test
set, including the CNR for PVS. However, ReN2N can potentially also leverage

Input Reference uYADO gYADO Ner2N S-N2V DIP BM4D

Fig. 3: FLAIR denoising results in the RS (reference: NEx=3, YADO: ReN2N).
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Table 2: Quantitative T2w/FLAIR denoising results (% SSIM; except PVS and WMH:
CNR [63]; % F1 connected components [38] for WMH segmentation with SHIVA [73]).
Formatting: Bold: best or statistically tied (p ≥ 5%, Wilcoxon vs. best, Bonferroni-
corrected). Gray background: not significantly better than Identity. (Parentheses): syn-
thesis/guidance with anisotropic/low quality T2w. †: synthesis and evaluation at 1 mm.

RS-trained T2w (0.8 mm) RS-trained FLAIR (0.8 mm)

SSIM (%) CNR SSIM (%) CNR F1 [73] rank
Test dataset RS HCP-E -YA PVS RS still nodd WMH all
Resolution (mm) 0.8 0.8 0.7 0.8 0.8 1.0† 1.0† 1.0 0.8-1
Vendor S GE S S S S S S -
n 39 100 100 79 50 10 10 52 383

uYADO (pN2N) 88.80
±10.44

90.21
±3.80

89.50
±1.48

2.69
±0.95

88.36
±6.30

84.89
±2.53

73.84
±6.98

3.14
±0.39

61.58
±21.53 5.60

uYADO (ReN2N) 88.58
±10.43

91.10
±3.46

89.76
±1.51

2.59
±0.99

88.25
±6.33

84.94
±2.50

73.88
±7.10

3.08
±0.33

61.02
±21.33 4.60

gYADO (pN2N) 89.65
±8.60

90.38
±3.89

89.24
±1.53

3.12
±0.87

89.60
±5.07

(69.94)
±2.56

(62.75)
±5.16

3.40
±0.45

64.23
±19.13 3.55

gYADO (ReN2N) 88.98
±9.69

91.43
±3.39

90.28
±1.43

2.91
±0.85

89.28
±5.49

(59.29)
±3.07

(52.94)
±4.40

3.33
±0.41

62.42
±21.01 3.63

Ner2N [53] 87.00
±11.66

90.23
±4.18

88.58
±1.79

2.21
±0.78

85.78
±7.05

83.21
±2.44

70.28
±7.57

3.34
±0.32

62.82
±19.95 7.65

S-N2V [37] 87.69
±11.35

90.83
±3.70

89.26
±1.52

2.38
±0.95

86.60
±7.02

83.58
±2.42

71.45
±7.43

3.36
±0.34

62.75
±20.17 5.52

DIP [75] 87.44
±11.41

90.95
±3.61

89.79
±1.59

2.29
±0.88

87.04
±6.95

83.90
±2.52

71.12
±7.56

3.28
±0.33

62.68
±20.11 5.30

ANTs NLM [49] 86.76
±10.47

90.27
±3.24

89.05
±1.42

2.32
±0.80

87.20
±6.38

83.52
±2.42

72.80
±6.78

3.37
±0.33

62.89
±19.96 6.00

BM4D [48] 87.28
±10.81

90.93
±3.37

89.68
±1.37

2.52
±3.18

87.76
±6.64

84.51
±2.36

73.87
±6.73

3.21
±0.33

62.83
±20.32 4.74

Identity 86.99
±11.67

90.14
±4.18

88.52
±1.79

2.22
±0.79

85.73
±7.06

83.18
±2.44

70.27
±7.58

3.37
±0.34

62.45
±20.19 8.41

unpaired data to increase the dataset and model size exploiting simple scaling
laws (see Suppl. Sec. 12.6).
For FLAIR images, the unguided YADO versions generalizes from 0.8 mm to
regular (still), external 1 mm acquisitions [17], whereas voluntary motion dete-
riorated absolute and relative performance (tie with BM4D). Anisotropic T2w
acquisitions [17] polluted guided YADO denoising (compare Kirby in Tab. 1).
Yet, suitable, less corrupted T2w images would likely remedy motion corrup-
tion in other scenarios. In WMH-based analyses, we find that no denoiser sig-
nificantly improved CNR, whereas only ANTs NLM denoising significantly im-
proves downstream WMH detectability with SHIVA [73]. However, guided pN2N
YODA achieves the best detectability, matching ANTs in a paired comparison.
Conversely, the remaining YADO methods reduce WMH CNR and detectability,
which we attribute to YADO denoising deviating more from the reference input
images by imitating training 0.8 mm rather than inference 1 mm image appear-
ances, contrary to the more preservative competing methods. Moreover, manual
reference annotation can be biased by noise [63], which might partially penalize
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T1w T1ce T2w FLAIR Input YADO Reference

Fig. 4: YADO in two OOD scenarios: tumor images in BraTS [51] (left) and monkey
brain images [9] (right; Input: NEx=1, Reference: NEx=4).

correct noise removal, especially since WMH shape and anatomy are more com-
plex and diverse than PVS [5]. Whereas the best-case gYADO (pN2N) is able
to over-compensate for this handicap, the noise-polluted reference labels might
generally disfavor YADO which – unlike competing methods partially sustaining
the input noise – deviates from their noisy inputs.

6.3 Generalization to out-of-distribution (OOD) data

To more broadly assess YADO for OOD data beyond HD (CHDI in Tab. 1),
we tested guided, ReN2N-trained YADO on BraTS tumor images [2], includ-
ing contrast-enhanced T1w (T1ce) denoising. Exemplary results are provided in
Fig. 4a. Although glioma and, even more so, T1ce contrast deviate substantially
from the training corpus, YADO sustains tumor anatomy and signal from con-
trast agent. Note that a quantitative performance evaluation is not possible due
to a lack of independent reference images.
To further exaggerate the domain shift, we also denoise monkey brain images [9]
(Fig. 4b). We observe that YADO removes noise while maintaining evident
anatomical signal, demonstrating that YADO’s learned anatomical and struc-
tural priors are not tied to healthy human brain but leverage more subtle infor-
mation. Beyond out-of-the-box generalization, this indicates that YADO check-
points might constitute a valuable starting point for fine-tuning on other contrast
modalities, body parts, disease types, or even species like monkeys or mice.

7 Conclusion

In this paper, we re-think MRI denoising by revisiting fundamental noise the-
ory and evaluation practices. We derive a well-behaved training scenario, pN2N,
directly grounded in established N2N theory [44], and introduce an unbiased
evaluation framework that avoids rewarding noise replication. By evaluating
on independently acquired real images, we show that several recent learning-
based approaches fail to consistently surpass classical non-local filtering meth-
ods [48, 49], and some even underperform the identity mapping. We attribute
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this gap in real-world performance to optimizing for synthetic, well-behaved
noise distributions rather than accounting for the complexity of physical acqui-
sition noise. This has been potentially amplified by innovation biases in previous
benchmarking [28,63].

By training on physical images with real-world noise, we establish YADO as
a denoiser that removes all non-systematic effects, i.e. the true acquisition noise.
Both pN2N and ReN2N achieve remarkable quality from routine acquisitions,
as YADO-denoised images even match structural detail of physically, brute-
force noise-suppressed images (NEx= 3, 7) while exceeding them in smoothness.
Conditioning on co-acquired contrasts further boosts performance by exploiting
complementary anatomical information already present in standard protocols.
Whereas physical repeats are less common, even small repeat datasets – such
as those collected in pilot or protocol-optimization studies [34, 76] – suffice to
train (or fine-tune) powerful domain-specific YADO variants. When repeats are
unavailable, ReN2N generalizes pN2N to unpaired data yet, at considerable one-
time computational costs during training. Given the substantial gains in real-
world image quality, we consider this trade-off well-justified.

Furthermore, the adoption of YADO in its published form promises im-
proved denoising performance in many settings: While future work may improve
gYADO’s flexibility (e.g. varying resolutions [23]) and resilience to low-quality
[17,41] or partial/different conditioning configurations (e.g. T1w+FLAIR, with-
out T2w [52]) to leverage the full potential of YADO, uYADO already signif-
icantly improves image quality. However, with numerous results on the main
structural contrasts (T1w/T2w/FLAIR), generalization to unseen sequences (e.g.
T1ce), and pathological subpopulations (e.g. epilepsy and HD), the practical util-
ity of YADO for MRI denoising in the wild is already empirically established.
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Supplementary
8 Analyzing the effect of noisy references images on

denoiser evaluation

To illustrate the effect of noise in model evaluation, we assume here the MSE as
metric. While the same effect follows for the PSNR directly, similar observations
could be made for the SSIM.
We denote the true error of fθ w.r.t. a clean image X ′ as

errorXin,X′ (fθ) := fθ(Xin) − X ′. (7)

We can then decompose the MSE w.r.t. a noisy reference image Xref = X ′ +nref
into

MSE (f(X), X) = EXin,ref∼PX

[
∥fθ(Xin) − Xref∥2

2

]
(8)

= E
[
∥fθ(X ′ + nin) − (X ′ + nref)∥2

2

]
(9)

= E
[
∥X ′ + errorXin,X′ (fθ) − X ′ − nref∥

2
2

]
(10)

= E
[
∥errorXin,X′ (fθ)∥2

2

]
(11)

+ E
[
∥nref∥2

2

]
(12)

− 2 E [(errorXin,X′ (fθ))⊺ nref] (13)

While the term (11) represents the true epistemic error (i.e. MSE (fθ(X), X ′)),
(12) constitutes the fixed aleatoric error due to nref. Note that this error is prac-
tically unavoidable due to ubiquitous noise in the reference image (i.e. nref ≫ 0
as NEx < ∞). Hence, even an ideal denoiser fideal(X) = X ′, i.e. one with
errorXin,X′ (f) = 0, cannot avoid this error, and therefore this term corresponds
to the aleatoric noise cn̄ref in Eq. (4).

Conversely, if we assume that nin, nref are dependent, nref can be partially
known, i.e. ∃f : E [(errorXin,X′ (f))⊺ nref]

!
> 0, such that the covariance term (13)

becomes non-zero. E.g. assuming nin ≈ nref > 0, an identity denoiser fI(X) = X
would be evaluated as

MSE (fI(Xin), Xref) = E
[
∥fI(Xin) − Xref∥2

2

]
(14)

= E
[
∥(X ′ + nin) − (X ′ + nref)∥2

2

]
(15)

= E
[
∥nin − nref∥2

2

]
(16)

≈ 0. (17)
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Thus, this evaluation would indicate an excellent performance for fI.
In contrast, analyzing the ideal denoiser fideal in the same scenario yields

MSE (fideal(Xin), Xref) = MSE (fideal(Xin), X ′) + cn̄ref = cn̄ref , (18)

i.e. the aleatoric error term (12) as MSE. Yet, in the evaluation for fI we would
get

0
(14)
≈ MSE (fI(Xin), Xref) (19)

< E
[
∥nref∥2

2

]
= cnref (20)

= MSE (fideal(Xin), Xref).  (21)

Thus, in such an evaluation, simply doing nothing would achieve a lower MSE
(i.e. higher PSNR) than a hypothetical denoiser fideal that predicts the perfect
clean image X ′.

However, let X̃ref = X ′ + ñref be an independent reference image, with ñref ⊥
nin and E [ñref] = 0. Then

MSE (fI(Xin), X̃ref
)

= MSE (fI(Xin), X ′) + cñref , (22)

as the noise is irrecoverable, i.e. the term (13) becomes 0. Hence,

MSE
(
fideal(Xin), X̃ref

)
= cñref < E

[
∥nin∥2

2

]
+ cñref = MSE

(
fI(Xin), X̃ref

)
, (23)

restoring correct ordering by eliminating the bias induced by correlated reference
noise.

Similarly, assuming fθ is evaluated by adding synthetic noise nsyn to an image
X = X ′ + nphys but re-using it as X = Xref. This evaluates

MSE (fθ(Xin, Xref) = MSE (fθ(X ′ + nphys + nsyn ), X ′ + nphys), (24)

and thereby only assesses the ability to remove synthetic noise nsyn, which does
not constitute a proof for real-world denoising abilities, i.e. actually removing
nphys to restore X ′. Moreover, assuming stronger effective physical than syn-
thetic noise, i.e. E

[
∥nphys∥2

2
]

> E
[
∥nsyn∥2

2
]
, the identity denoiser fI(X) = X

outperforms the ideal denoiser fideal(X) = X ′, since

MSE (fI(Xin), Xref) = E
[
∥nsyn∥2

2
]

(25)
< E

[
∥nphys∥2

2
]

(26)
= MSE (fideal(Xin), Xref).  (27)

Thus, again, doing nothing would be evaluated better than perfect denoising.
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9 Comparison of denoiser requirements

Table 3: Comparison of requirements at training and inference time. VRAM and time
requirements (Nvidia V100) are stated for OASIS-3 (960 training samples, 1 mm res-
olution). repeat/m.m.: requires physical multi-image acquisition/multi-modality input
for training/inference.
† additionally requires CPU-heavy motion simulation (ca. 3d on 144 core server node)

Requirements Training Inference
repeat m.m. time VRAM [GB] repeat m.m. time VRAM [GB]

gYADO (pN2N) y n 11d
5.0

n n
16 s 1.8uYADO (pN2N) y y 11d n y

g/uYADO (ReN2N) n y / n (11+80)d n y / n

N2Void [8, 37]
Neigh2Neigh [26]
Ner2N [53]
N2Score [31]

n n 11d 5.0 n n 16 s 1.8

BME-X [71] n n 28d† 3.0 n n 15s 1.2
RED-WGAN [62] n n 13d 3.7 n n 5 s 0.6
CNN3D [62] n n 7d 3.3 n n 5 s 0.6
DDM2 [83] (Diff.) n y (1+2)d 4.0 n y 15 min 1.0
DDM2 [83] (Regr. [63]) n y 20 s 1.0
N2Contrast [78] n y 24d 7.8 n n 1 s 0.3
YODA [63] n y 11d 5.0 n n 16 s 1.8
DIP [75, 86] - n n > 1h 1.3
Pixel2Pixel [47] - n n > 1h 0.7

ANTs NLM [49] - n n 1 min -
BM4D [48] - n n 8 min -
BME-X (as-is/full) [71] - n n 13 min 16
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10 Denoiser learning from ME-MPRAGE

Unlike default physical N2N (pN2N) training on repeated data from OASIS-3
and the RS, we used individual ME-MPRAGE echos for training on HCP-A.
This inherently shifts the scope of training data, as random k-space corruption
due e.g. motion is shared between echos and, thus, inter-predictable.
As a result, echo-based pN2N training encourages replicating these artifacts
(Fig. 5), which is consistent with the theory established in (5). While motion
rings are protocol-specific depending on e.g. k-space traversal, we observed that
similar motion corruptions are also sustained or even enhanced in other datasets
(Fig. 5, lower). Nevertheless, areas unaffected by motion rings were cleaned, i.e.
the suppression of other noise sources such as thermal noise remained functional.
Note that motion is random and irrecoverable, i.e. constitutes noise (i.e. part of
n) rather than signal (X ′ in Eq. (2)). Thus, in an unbiased, re-acquisition based
evaluation, replicating the artifacts lowers the assessed performance.
Furthermore, note that all competing methods were similarly unable to remove
motion ringing artifacts, except BME-X which is particularly trained on sim-
ulated motion. We attribute this denoiser failure to the spatial correlation of
the ringing (Fig. 5). However, ReN2N-trained YADO reduced (internal HCP-A,
Fig. 5, upper) or completely removed motion rings (RS, Fig. 5, lower) indicat-
ing that correlated motion noise is usually reduced/completely destroyed in the
ReN augmentation, making motion unpredictable during training and, thus, in-
ference. Note that, in contrast to BME-X, ReN2N YADO avoids blurring and
reconstructs more details.

Input Reference pN2N-g ReN2N-g Ner2N S-N2V BME-X BM4D

Input Reference pN2N-g ReN2N-g Ner2N S-N2V BME-X BM4D

Fig. 5: Predictability of motion artifact in ME-MPRAGE training. Denoising results
for guided YADO trained as physical N2N (pN2N) or ReN2N (both guided) is compared
to selected competing denoisers on high-motion images from the HCP-A (upper) and
RS (lower). For HCP-A, we used echoes 2-4 as input, and echo 1 as reference (same
excitation), whereas in the RS we show an independent re-acquisition.
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Furthermore, note that individual echos show a shifting contrast e.g. due to
T2∗ effects (compare the dura mater in Fig. 5, upper, between input e2-4 vs.
the reference e1). Thus, ME-MPRAGE denoising training becomes predicting
a different set of echos, incentivizing a slight miss-match between the in- and
output contrast. This contrast deviation might be exacerbated in the presence
of T2w guidance similar to Kirby, explaining the partial under-performance of
guided vs. unguided pN2N training as reported in Tab. 1.

Whereas, generally, this indicates a inferior performance for within-acquisition
denoising, we note that this training formulation possesses the inherent advan-
tage of temporal consistency as time between echos is in the range of milliseconds
rather than minutes between re-acquisitions. Thus, echo-based training does not
rely on registration avoiding the resulting uncertainties or errors (which, how-
ever, cannot be evaluated using repeats), and is, in principle, able to cope with
non-static anatomies such as the choroid plexus in the brain, or, more generally,
heart or lung MRI.
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11 Empirical analysis of noise distribution

To empirically characterize the noise distribution DNoise (cf. Eq. (2)), we cal-
culated residuals on the NEx = 8 T1w dataset (RS). To this end, each indi-
vidual acquisition Xt was compared to the leave-one-out pseudo-clean average,
n̄t = Xt− 1

NEx−1
∑NEx

i=0,i̸=t Xi. After local z-normalization using smoothed σ maps
to account for spatial variations of noise scales (e.g. due to pre-scan normaliza-
tion), the residuals approximately followed a Gaussian distribution (Fig. 6). This
is consistent with Rician magnitude noise approaching a Gaussian distribution
at high SNR [21].
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Fig. 6: Histogram and quantile-quantile (Q–Q) plot for a Gaussian fit to locally nor-
malized noise residuals (n̄t,j). The analysis was performed on the repeated (NEx=8)
RS T1w dataset (n = 2).

We then assessed the spatial autocorrelation of the residual noise by evalu-
ating the correlation between n̄t,j and n̄t,j+l for increasing spatial offsets l.
We found a spatial autocorrelation of noise (Fig. 7, left) with r ≈ 0.30 for

neighboring voxels and still r ≈ 0.06 five voxels away, confirming that effec-
tive MRI noise is spatially correlated. We further analyzed pairwise difference
maps between repeated acquisitions. While spatial correlation remained evident
within individual difference maps, correlations between independent difference
maps were scattered around zero (Fig. 7, right).

However, this analysis is inherently limited since the mandatory image reg-
istration requires resampling. Nevertheless, measurable correlations persist over
several voxels, suggesting that interpolation alone does not fully explain the ob-
served behavior.
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Fig. 7: Analysis of spatial auto-correlation of effective physical noise using residuals
w.r.t. to pseudo-clean (NEx = 7, left) or pairwise-difference (right) in the RS NEx = 8
T1w dataset (n = 2).

Importantly, spatial correlations within an image violate assumptions un-
derlying single-image training like N2V, whereas N2N training requires only
independence between the noise realizations of input and reference images [44],
which is approximately satisfied by independent physical re-acquisitions. There-
fore, these findings support the preference for the proposed repeated acquisition
learning over synthetic degradations for training on single-noisy data.
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12 Ablations

12.1 Correlation concealment vs. information preservation tradeoff

Training objectives based on blind-spot masking [4, 37] or noising [53] require
the selection of the appropriate severeness of the respective degradation. Here we
show the effect of this hyperparameter for N2Void [37] (i.e. blind-spot size [8])
and Ner2N [53] (i.e. magnitude of added Rician noise), comparing not only
against an independently acquired reference image, but also against the input
image itself (Tab. 4 and Fig. 8). Note that the Identity denoiser constitutes the
trivial solution for degradation-free training (blind-spot size 0 or Ner2N with
σ = 0).
We observe that weak degradation (blind-spot size 1 / σ = 1%) results in sim-
ilar in- and outputs, i.e. insufficient noise removal or (partial) identity decay,
while stronger degradations remedy noise replication as evidenced by decreasing
similarity of denoised images and input images. Although stronger degradation
improves the actual denoising effect (i.e. higher similarity to independent ref-
erence images), this effect reverses for strong degradations. We attribute this
to increasing the domain-shift between strongly degraded training and real ac-
quired images. In addition, large blind spots induce artifacts during denoising
(Fig. 8). Thus, the degradation strength creates a trade-off between the con-
straining domain-shift vs. sufficient concealment of noise in the input image.

Input Reference σ=1% σ=2% σ=3% σ=4% σ=6% YADO

Input Reference 1 × 1 2 × 2 3 × 3 3 × 3, 3D 4 × 4 YADO

Fig. 8: Input noise concealment vs. information depletion trade-off for degradation-
based N2N-derived methods. Top: Ner2N with varying amount of Rician noise, Bottom:
(S-)N2Void with varying blind-spot sizes. (YADO: u - ReN2N)
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Table 4: Effect of degradation severity on denoiser properties.
We compared the effect of blindspot size for (S-)N2Void [4,8,37]) and noise magnitude
for Ner2N [53] in the OASIS-3 validation set (n = 101). We provide the similarity to
either the input source images or independent reference target images.

method degradation SSIM PSNR
input reference input reference

uYADO (pN2N) - 96.15 ± 1.04 90.93 ± 3.16 33.95 ± 1.44 29.66 ± 1.77
uYADO (ReN2N) - 96.83 ± 0.50 91.00 ± 3.35 35.33 ± 0.96 29.60 ± 1.88

Identity size=0 / σ = 0% 100 ± 0 88.69 ± 3.89 100 ± 0 28.38 ± 1.81

(S-)N2Void [8, 37]

size=1 (1 × 1) 97.37 ± 0.36 90.27 ± 3.54 35.32 ± 0.96 29.18 ± 1.85
size=4 (2 × 2) 95.94 ± 0.53 90.33 ± 3.44 33.78 ± 0.94 29.25 ± 1.81
size=9 (3 × 3) 95.85 ± 0.56 90.35 ± 3.45 33.65 ± 0.93 29.21 ± 1.81

size=11 (3 × 3,3D) 95.20 ± 0.63 90.28 ± 3.38 33.04 ± 0.92 29.18 ± 1.77
size=16 (4 × 4) 95.66 ± 0.59 90.28 ± 3.48 33.37 ± 0.95 29.19 ± 1.82

Ner2N [53]

σ = 1% 99.77 ± 0.06 89.38 ± 3.73 45.55 ± 0.35 28.76 ± 1.83
σ = 2% 98.42 ± 0.38 90.13 ± 3.45 38.18 ± 0.26 29.18 ± 1.81
σ = 3% 97.13 ± 0.50 90.21 ± 3.28 35.59 ± 0.35 29.28 ± 1.74
σ = 4% 95.79 ± 0.59 89.83 ± 3.06 33.83 ± 0.48 29.20 ± 1.62
σ = 6% 92.47 ± 0.90 88.03 ± 2.67 31.12 ± 0.55 28.53 ± 1.28

12.2 Isolating the domain-shift

To isolate the domain-shift from noise-correlation problem, we trained ablated
Ner2N (σ = 2%) and S-N2Void (3 × 3 blindspot) using physical repeats as
references. This guaranties the unpredictability of noise and, thus, corresponds to
YADO’s pN2N training, only with the additional blind-spot masking or noising.
We present the performance metrics for such models in Tab. 5.

Consistent with our previous observations, we find that for both Ner2N
and S-N2V, physical decorrelation in a pN2N-like training improves denois-
ing performance, narrowing the performance gap to plain, un-degraded pN2N.
As pNer2N and pS-N2Void still underperformed pN2N, evidently degradation-
induced domains-shifts (see also Sec. 13.2) still impaired denoiser training. This

Table 5: Ner2N and S-N2Void with physical repeats We assessed the effect
of replacing the re-used degraded input image with an un-degraded re-acquisition,
thus, physically de-correlating input and reference images during training. Results for
physical (p) (S-)N2Void [8] (3 × 3 blindspot) and Ner2N [53] (σ = 2%) are provided
on the OASIS-3 validation set (n = 101).

method SSIM PSNR

uYADO (pN2N) 90.93 ± 3.16 29.66 ± 1.77
uYADO (ReN2N) 91.00 ± 3.35 29.60 ± 1.88

Ner2N 90.13 ± 3.45 29.18 ± 1.81
pNer2N 90.25 ± 2.90 29.24 ± 1.54

S-N2Void 90.35 ± 3.45 29.21 ± 1.81
pS-N2Void 90.73 ± 3.06 29.53 ± 1.70

Identity 88.69 ± 3.89 28.38 ± 1.81
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highlights that both shortcomings of the degradation-based training – correlation
remnants and domain-shifts – inhibit the training of well-performing denoisers.

12.3 ReN as augmentation

To account for ReN acting as data augmentation, effectively amplifying the train-
ing set size and giving indirect access to the RS dataset via the pre-trained DM,
we supplemented S-N2V, Ner2N, and CNN3D with the ReN images. We present
the results in Tab. 6.
We observed that ReN improves Ner2N (median performance gain of 0.20%
SSIM), although to a lesser extend than for YADO (0.37%) and without com-
petitive performance to ReN2N YADO. S-N2Void and CNN3D did not system-
atically profit from the ReN augmentation, which we attribute to the inferior
training supervision.

Table 6: ReN augmentation for single-noisy baseline methods. Baseline meth-
ods were trained on the OASIS training data supplemented with the ReN images as
augmentation, granting baseline the same access to RS-derived augmented images as
ReN2N YADO training.

Method OAS3 CHDI Kirby HCP-E -YA RS

uYADO (pN2N) 89.39
±4.69

94.25
±1.54

95.69
±0.85

89.65
±3.82

94.06
±0.69

93.83
±2.23

uYADO (ReN) 89.41
±4.87

94.33
±1.59

95.99
±0.90

90.60
±3.38

94.50
±0.64

94.37
±2.39

Ner2N 88.59
±4.82

93.53
±1.71

95.58
±0.90

89.47
±3.28

93.91
±0.72

93.42
±2.60

Ner2N (ReN) 88.79
±4.79

93.71
±1.66

95.63
±0.86

89.80
±3.31

94.13
±0.73

93.63
±2.55

S-N2V 88.69
±5.05

93.67
±1.74

95.59
±1.01

88.43
±3.73

91.38
±0.70

92.62
±2.51

S-N2V (ReN) 88.65
±4.94

93.84
±1.64

95.63
±0.89

88.28
±4.05

89.59
±0.86

93.29
±2.59

CNN3D 87.79
±5.05

93.00
±1.82

95.11
±1.05

88.86
±3.61

92.62
±0.93

92.62
±2.87

CNN3D (ReN) 87.84
±5.01

92.99
±1.81

95.09
±1.02

88.85
±3.60

92.71
±0.87

92.66
±2.83

Identity 86.91
±5.65

92.66
±2.09

95.03
±1.21

87.09
±4.46

89.50
±1.04

91.60
±3.25

12.4 Trivial re-noising

We further assessed whether simplifying the ReN augmentation to adding trivial
Rician noise to a clean, regression- (i.e. single-step [63]) denoised image suffices,
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Input pN2N ReN2N riReN2N riReN2Nb Reference

Fig. 9: Denoising results for a high-motion case in OASIS-3.
riReN2N: ReN2N training with explicit de- and trivial, Rician renoising.
riReN2Nb: riReN2N with spatial correlation due to a Gaussian blurr after noising.

i.e. whether using a direct estimate of X̂ ′
YADO ≈ X ′ followed by explicitly adding

n̂Rice ∼ DRice (cf. (6)) constitutes a computationally cheap alternative to DM-
based ReN.
To assert a fair comparison between DM and regression paradigms [63], we
trained a dedicated YADO (guided pN2N) denoiser equivalently to the ReN
DM on the RS training set using this RS-YADO to denoise the OASIS-3 train-
ing set. We then trained with these clean images X̂ ′

YADO, adding Rician noise
(σ = 3%) and predicting noisy re-acquisition. We compare the obtained Rician
ReN (riReN2N) YADO against DM-based ReN2N and pN2N YADO versions in
Tab. 7.

Although riReN2N resulted in a functional denoiser performing better than
an Identity function, the performance was considerably worse than DM-based
ReN2N and pN2N. To also simulate spatially correlated noise (Sec. 11), we
additionally considered smoothing the riReN images with a Gaussian blur. While
this blurred riReN2N YADO still did not match the DM-based ReN2N and
pN2N versions, smoothing improved denoising notably, demonstrating that this
simple smoothing operation already improves realism over plain white noise.
Nevertheless, we observed that the blurred riReN2N YADO was particularly

Table 7: Trivial renoise (ReN) ablation
We simplified the compute-intense DM-based ReN augmentation (ReN2N) to explicit
de-noising (estimating X̂ ′ ≈ X ′ in Eq. (6)) followed by adding simple, Rician noise
(riReN2N). In addition, we induced spatial noise correlation via smoothing the image
with a Gaussian blur (σblur=0.5). Results are on the OASIS-3 validation set (n=101).

SSIM PSNR

pN2N 90.93 ± 3.16 29.66 ± 1.77
ReN2N 91.00 ± 3.35 29.60 ± 1.88

riReN2N (σ = 3%) 89.52 ± 3.94 28.36 ± 1.84
riReN2N (σ = 3%, blurred) 90.35 ± 3.13 29.35 ± 1.70

Identity 88.69 ± 3.89 28.38 ± 1.81
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prone to high-motion and -noise images, where noise removal was insufficient
(Fig. 9), i.e. the denoiser showed partial identity decay for low-quality inputs.

In general, this indicates that the power of ReN2N lies not only in implicit
denoising (i.e. predicting X̂ ′ ≈ X ′ in (6)), but also in simulating realistic, com-
plex noise (n̂DM). This not only improves performance due to better realism
than trivial re-noising, but also supports robustness to low-quality images.

12.5 Unguided Re-noising

Per default, we use cross-contrast conditioned DMs for ReN. Hence, ReN2N re-
lies on the assumption that the training data provide co-acquired conditioning
images. While this assumption is most often fulfilled (fnt. 1) and training sets
can be selected accordingly, we still assessed ReN2N using an unguided DM to
lift this constraint. To this end, we trained and sampled a unguided, T1w-only
DM for unguided ReN2N (uReN2N), benchmarking the resulting ablated YADO
version on the 1 mm T1w denoising test sets. We present the results in Tab. 8.
While disregarding the T2w conditioning for the ReN augmentation resulted
in slightly worse ranking of uReN2N compared to similarly T1w-only pN2N,
uReN2N YADO still outperformed all equally single-contrast, single-noisy base-
lines. This demonstrates that even under the un-realistic requirement that train-
ing has to happen in non-repeated, single-contrast scenarios, YADO still consti-
tutes a SOTA denoiser.
Note that, uReN2N generalizes better to unseen data sources (tie in Kirby) than

Table 8: Quantitative 1 mm T1w denoising results for training without T2w images
(% SSIM; except PVS: abs. CNR [63], OASIS-3 trained). uReN2N used an ablated
T1w-only DM for re-noising, lifting the cross-modality conditioning requirement.
Formatting: Bold: best or statistically tied (p ≥ 5%, Wilcoxon vs. best, Bonferroni-
corrected). Gray background: not significantly better than Identity. (Parentheses):
guidance with anisotropic/low quality T2w.

Test dataset OAS3 CHDI Kirby HCP-E -YA RS PVS rank

uYADO (pN2N) 89.39
±4.69

94.25
±1.54

95.69
±0.85

89.65
±3.82

94.06
±0.69

93.83
±2.23

2.63
±0.81 1.48

uYADO (uReN) 89.23
±5.02

94.24
±1.63

95.98
±0.93

90.47
±3.45

94.46
±0.65

94.30
±2.47

2.21
±0.40 1.97

Noisier2N 88.59
±4.82

93.53
±1.71

95.58
±0.90

89.47
±3.28

93.91
±0.72

93.42
±2.60

2.28
±0.83 3.59

Struc N2Void 88.69
±5.05

93.67
±1.74

95.59
±1.01

88.43
±3.73

91.38
±0.70

92.62
±2.51

2.17
±0.65 4.68

DIP 87.87
±5.34

93.27
±1.80

95.31
±1.16

89.04
±4.09

92.23
±1.04

92.88
±3.07

2.33
±0.60 4.99

BM4D 88.28
±4.52

93.40
±1.67

95.33
±0.90

89.37
±3.66

93.71
±0.73

92.93
±2.43

2.13
±0.83 4.89

Identity 86.91
±5.65

92.66
±2.09

95.03
±1.21

87.09
±4.46

89.50
±1.04

91.60
±3.25

2.33
±0.46 6.40
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pN2N, i.e. retained this advantage from regular gReN2N. The only evaluation
in which uReN2N underperformed pN2N training was PVS denoising. We hy-
pothesize that T2w-agnostic re-noising hampers PVS generation, thus, providing
improper training data for subsequent YADO training.

12.6 ReN2N to leverage scaling laws

In all denoising training settings, we constraint ReN to paired images match-
ing the training corpus of pN2N as gold-standard training. However, inherently,
ReN2N expands pN2N training to single-repeat corpora, thus, can potentially
learn from more data and thereby exploit scaling laws.
To explore scaling for T2w denoising, we supplemented the 154 participants (308
images) for default, pN2N-matched training with 300 non-repeat pre-training
participants and present the results in Tab. 9.
We observe that expanding the training set improves performance on the internal
RS test set, however, at the cost of slightly reduced generalization. We hypoth-
esize that further scaling of the unpaired ReN2N training set would likely close
the performance gap to pN2N. In turn, without the requirements of repeated ac-
quisitions, generalization can easily be improved by including more data sources
for training.

Table 9: Quantitative T2w denoising results (% SSIM; except PVS CNR [63]).
Formatting: Bold: best or statistically tied (p ≥ 5%, Wilcoxon vs. best, Bonferroni-
corrected). All metrics were significantly better than Identity.
ReN2N+unpaired: ReN2N-trained model with additional 300 unpaired images from
the single-image dataset.

Test dataset RS HCP-E -YA PVS rank
n 39 100 100 79 318

uYADO (pN2N) 88.80
±10.44

90.21
±3.80

89.50
±1.48

2.69
±0.95 4.28

uYADO (ReN2N) 88.58
±10.43

91.10
±3.46

89.76
±1.51

2.59
±0.99 3.86

gYADO (pN2N) 89.65
±8.60

90.38
±3.89

89.24
±1.53

3.12
±0.87 2.99

gYADO (ReN2N) 88.98
±9.69

91.43
±3.39

90.28
±1.43

2.91
±0.85 1.86

gYADO (ReN2N+unpaired) 89.22
±9.28

91.16
±3.56

89.95
±1.54

3.04
±0.83 2.00
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12.7 Effect of guidance on denoising

To further study the effect of guidance for denoising, we also we trained T2w-
guided (g) versions of the single-image denoisers Ner2N and S-N2V on the OASIS
T1w dataset, presenting the results in Tab. 10. We observed that, akin to YADO,
Ner2N profits in all test datasets except Kirby (low-resolution T2w). In CHDI
and HCP-E/-YA gNer2N could thus match or slightly surpass pN2N-gYADO’s
performance, while gNer2N remained below ReN2N-gYADO in all tests. Guid-
ance also improved S-N2Void, yet, with the exception of HCP-YA and the RS.
Overall, these finding support the theoretical information enrichment due to
denoiser guidance, independent of the training formulation and objective.

Table 10: Guided single-noisy training. Ablated versions with T2w as additional cross-
modality guidance (g) were trained on the OASIS dataset. (Parentheses): guidance with
anisotropic/low quality T2w.

Method OASIS-3 CHDI Kirby HCP-E -YA RS

uYADO (pN2N) 89.39
±4.69

94.25
±1.54

95.69
±0.85

89.65
±3.82

94.06
±0.69

93.83
±2.23

gYADO (pN2N) 90.03
±4.35

94.11
±1.42

(94.63)
±0.76

89.96
±3.31

94.11
±0.66

94.31
±1.59

uYADO (ReN) 89.41
±4.87

94.33
±1.59

95.99
±0.90

90.60
±3.38

94.50
±0.64

94.37
±2.39

gYADO (ReN) 89.77
±4.82

94.59
±1.47

(95.63)
±0.78

90.91
±3.24

94.59
±0.60

94.59
±2.25

Ner2N 88.59
±4.82

93.53
±1.71

95.58
±0.90

89.47
±3.28

93.91
±0.72

93.42
±2.60

gNer2N 89.07
±4.87

94.19
±1.53

(95.43)
±0.82

90.18
±3.29

94.12
±0.72

93.89
±2.43

S-N2Void 88.69
±5.05

93.67
±1.74

95.59
±1.01

88.43
±3.73

91.38
±0.70

92.62
±2.51

gS-N2Void 88.89
±5.14

93.79
±1.72

(95.62)
±0.98

88.49
±3.68

91.10
±0.77

92.56
±2.53

Identity 86.91
±5.65

92.66
±2.09

95.03
±1.21

87.09
±4.46

89.50
±1.04

91.60
±3.25
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13 Model optimization and experiment details

13.1 YADO

Per default, we followed the hyperparameter choices previously determined for
YODA [63], adding weight decay of 10−3. Yet, when training solely with physical
repeats (pN2N), we observed severe numerical instabilities as second-order nor-
malization terms (v, Alg. 1 in [32]) of ADAM became very small (vt≫1 < 10−20),
which we attribute to strong training determinism. We stabilized the training,
by setting the normalization-stabilizing ε = 10−4 (Tab. 11). This reduces the
maximum effective learning rate for parameters with small vt and thus avoids
chained gradient explosion in the case of individual, random, large gradients. We
also attempted to remove weight decay and decrease the momentum term on v,
β2, to allow for more rapid LR reduction in such cases, yet, this alone did not
remedy training failure.
For training with DM-generated ReN images, we observed that using NEx = 4
rather than NEx = 1 synthetic images improves performance. Additionally, us-
ing ReN images as both input and reference, not only further improves the
performance but also induces training entropy, avoiding overfitting as the target
becomes unpredictable. This enables T1w training with default ε = 10−8 (setting
β2 = 0.9 and omitting weight decay), which improves performance over training
with higher ε = 10−4. Furthermore, additionally providing ReN2N input along
with the outputs, i.e. mixing the physical acquisition Xt with the synthetic re-
peats X̂

(i)
t ∼ DMϕ (Xt) generated thereof, further improve performance at no

extra cost (Tab. 11).
Note that reducing ε caps the effective LR at a higher level, allowing better

adapting the parameter-specific LR and, thus, exploiting the strength of second-
order optimizers such as ADAM. While noising/blind-spot degradations similarly
allowed for the default ε = 10−8, this choice did not benefit the performance of
any of the assessed N2N-derived baseline methods (Tab. 11).

For training, we sampled each image 10k times (i.e. each repeat subject/session
a total of 20k times). To match training budgets between YADO and competing
methods, we re-distributed the compute between pretraining and repeat fine-
tuning for YADO. For HCP-A we doubled the training effort for all methods by
sampling each image 20k time to account for non-repeated acquisitions.
During training, we randomly select a slice containing the brain (based on Fast-
Surfer [22,23]) or the 10 adjacent voxels. Hereby, YADO ingests slabs of 5 slices
and predicts the center slice of the reference image. We unify all slicing planes in
a shared model by randomly selecting a plane during training. We predict all 3
slicing planes and average the results using the RMS. We concatenate guidance
as the same multi-slice image as additional input channels.

For single-image pretraining we formulated 0.8 mm T2w ↔ T1w (random
inversion of the translation direction) or T1w,T2w → FLAIR translation for
T1w/T2w or FLAIR denoising, respectively. We transferred the weights from
translation pretraining to guided/unguided denoising by appending/replacing
the respective input channels with randomly initialized weights.
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Table 11: Ablation of (guided) YADO hyperparameters and training scenarios on the
OASIS-3 validation set (n = 101).
We considered ADAM’s ε (setting β2 = 0.9 when ε = 10−8) and physical vs. DM-based
synthetic repeats (ReN) as inputs and reference images. Per default, we used NEx = 4
DM-generated images for ReN2N training, which was ablated to NEx = 1, additionally
combining with physical repeats (ReN + phys.). Note that ablations partially used
RS-pretrained (pN2N) denoisers to reduce compute.
Bold: best performing, Underline: selected setting for pN2N or ReN2N.

input reference pretrain ADAM ε SSIM PSNR

physical physical n 10−4 91.408 ± 2.786 29.883 ± 1.706
physical physical n 10−8 fail

ReN physical y 10−4 90.867 ± 3.489 29.157 ± 1.865
ReN physical y 10−4 90.884 ± 3.529 29.176 ± 1.878
ReN ReN y 10−4 91.083 ± 3.275 29.616 ± 1.858
ReN ReN n 10−4 91.034 ± 3.287 29.583 ± 1.855
ReN ReN n 10−8 91.301 ± 3.264 29.752 ± 1.883

ReN + phys. ReN + phys. n 10−8 91.313 ± 3.247 29.759 ± 1.877

13.2 Renoise (ReN) DM

The re-noising DM used the same backbone as YADO with an additional time-
step embedding following [24]. Similarly to YADO, the model was pretrained
for T2w → T1w translation (0.8 mm) on the RS pretraining dataset and sub-
sequently fine-tuned on the RS T1w-repeat training set (0.8 mm or 1 mm). We
train the renoising DM with ADAM (LR=10−4, no weight decay, ε = 10−6)
with an L2 loss and the same brain weighting scheme as YADO. We use a 2.5D
inference scheme as previously described [63]. The DM employs a v-prediction
target. FLAIR ReN DMs were fine-tuned on repeated data from 1 mm transla-
tion pretraining [63]. To spare compute when sampling multiple images for the
re-noising augmentation, we share the late (T > 250) time steps and branch the
sampling only for the early, low-SNR timesteps (T ≤ 250).
As we assumed image realism to be key for successful re-noising, we applied a
cosine2 (cos) [55] noise schedule, which shifts training and inference to higher
SNRs and, thus, results in stronger noise imitation [63]. To further enhance this
effect, we modified the noise schedule function to

√
cos rather than cos2. This

further improves visual realism (Tab. 12, upper), measured as FID and paired
cosine similarity (Cos. Sim.) of the extracted features as described in [63].
To further investigate the advantage of re-noising over degradation (blindspot
masking or noising), we also compared the visual realism of ReN training images
to S-N2Void and Ner2N. We observed that ReN images more closely resembled
gold-standard (noisy) physical acquisition (Tab. 12, lower), further underlin-
ing enhanced visual realism of YADO’s ReN2N training over existing single-
image training schemes and, thus, reduction of domain-shift. Note that reduced
SSIM/PSNR can be attributed to increased noise replication and, therefore, does
not indicate reduced translation accuracy [63].
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Table 12: Visual realism of input images for single-noisy training (proposed ReN2N,
Ner2N, S-N2V) on a subset (n = 30) of the external Oasis-3 set.
Values for pN2N are provided as a reference.

method noise schedule SSIM (%,↑) PSNR (dB,↑) FID (·102,↓) Cos. Sim. (%,↑)

ReN2N
√

cos 89.63 ± 2.80 28.46 ± 1.11 3.90 98.70 ± 0.55
cos2 89.72 ± 2.69 28.55 ± 1.09 4.23 98.67 ± 0.49

Ner2N - 72.16 ± 4.53 22.96 ± 1.58 59.8 92.18 ± 1.16
S-N2Void - 83.84 ± 3.16 25.55 ± 0.89 9.34 97.08 ± 0.52

pN2N - 89.50 ± 3.39 28.53 ± 1.29 2.94 98.86 ± 0.81

Input Reference ReN 1 ReN 2 ReN 3 ReN 4

Fig. 10: Exemplary result for sampling a fixed DM-based renoising (ReN) model (T2w-
guided).

13.3 Reference methods

We equally optimized the principled N2N-derived methods (Ner2N, N2Score,
(S-)N2Void, Neigh2Neigh) with respect to the degradation strength (Ner2N,
N2Score: σ of added noise, (S-)N2V: blind-spot size) and the same optimizer
hyperparameters as considered for ablating YADO (Tab. 13). The remaining
hyperparameters (network topology and size, L2 loss, batch size, EMA β, etc.)
matched YADO. We found that the same optimizer setting as for pN2N YADO
is optimal, except for N2Score. Here, we selected the higher LR of η = 10−3,
however, this was not stable for training on HCP-A so we resorted to YADO-like
settings, choosing η = 10−4. To efficiently optimize the image-specific amount
of noise removal σ∗ during N2Score inference, we minimize the total variation [31]
via an iterative bracketing search over the noise-scaling parameter.

We trained RED-WGAN [62] and the derived regression CNN (CNN3D) with
Rician noise (σ = 3%) based on Ner2N results. We re-implemented BME-X in
PyTorch (3D Res-UNet [61], 3 layers with [64, 128, 256] channels), using the
open-source tool FastSurfer [22, 23] (v2.2, seg-only) as segmentation prior, re-
ducing tissue labels to proposed c = 4 classes, and included the Cerebellum and
omitted skull-stripping for a fair comparison. We simulated motion as suggested
by Sun et al. [71], applied a volume-wise phase shift as σ ∼ [1, 2]. For inference,
we used 25 % patch overlap with Gaussian smoothing.
For ZSDs (DIP [75] and Pixel2Pixel [47]), we leverage the volumetric nature of
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Table 13: Ablation Results for principled Noise2Noise (N2N)-derived baseline methods
[8,26,31,37,53], over degradation strength (Rician noise σ or blind-spot size), AdamW
optimizer settings (learning rate η, weight decay λ, ε for num. stability; for ε > 10−8,
we also set β2 = 0.9 from default 0.999).
Bold: best performing setting for each methods, underline: selected settings.

method setting η λ ε SSIM PSNR

N2Void - 10−4 10−3 10−4 90.273 ± 3.542 29.177 ± 1.848
N2Void - 10−4 10−3 10−8 89.727 ± 3.759 28.923 ± 1.872
N2Void - 10−3 10−3 10−4 90.200 ± 3.639 29.150 ± 1.873
N2Void - 10−5 10−3 10−4 90.192 ± 3.521 29.139 ± 1.831
N2Void - 10−4 0 10−4 90.268 ± 3.554 29.174 ± 1.853
N2Void - 10−4 10−1 10−4 90.144 ± 3.644 29.080 ± 1.876

S-N2Void 2 × 2 mask 10−4 10−3 10−4 90.334 ± 3.437 29.250 ± 1.810
S-N2Void 3 × 3 mask 10−4 10−3 10−4 90.345 ± 3.449 29.212 ± 1.812
S-N2Void 3 × 3 mask, 3D 10−4 10−3 10−4 90.278 ± 3.381 29.179 ± 1.774
S-N2Void 4 × 4 mask 10−4 10−3 10−4 90.275 ± 3.481 29.194 ± 1.819

Neigh2Neigh - 10−4 10−3 10−4 89.395 ± 2.900 28.650 ± 1.463
Neigh2Neigh - 10−4 10−3 10−8 89.263 ± 2.884 28.514 ± 1.439
Neigh2Neigh - 10−3 10−3 10−4 89.131 ± 2.840 28.541 ± 1.417
Neigh2Neigh - 10−5 10−3 10−4 89.335 ± 2.872 28.663 ± 1.467
Neigh2Neigh - 10−4 0 10−4 88.703 ± 3.895 28.427 ± 1.815
Neigh2Neigh - 10−4 10−1 10−4 89.227 ± 2.856 28.557 ± 1.447

Ner2N σ ∼ U[2%, 4%] 10−4 10−3 10−4 89.102 ± 3.840 28.633 ± 1.827
Ner2N σ = 2% 10−4 10−3 10−4 90.128 ± 3.448 29.178 ± 1.814
Ner2N σ = 3% 10−4 10−3 10−4 90.207 ± 3.282 29.282 ± 1.744
Ner2N σ = 4% 10−4 10−3 10−4 89.828 ± 3.062 29.195 ± 1.621
Ner2N σ = 6% 10−4 10−3 10−4 88.033 ± 2.669 28.530 ± 1.283
Ner2N σ = 3% 10−3 10−3 10−4 88.723 ± 3.879 28.463 ± 1.809
Ner2N σ = 3% 10−5 10−3 10−4 88.658 ± 3.902 28.379 ± 1.807
Ner2N σ = 3% 10−4 0 10−4 90.137 ± 3.514 29.170 ± 1.849
Ner2N σ = 3% 10−4 10−1 10−4 89.755 ± 3.483 28.995 ± 1.775
Ner2N σ = 3% 10−4 10−3 10−8 88.612 ± 3.915 28.389 ± 1.811

N2Score σ ∼ U[2%, 4%] 10−4 10−3 10−4 89.391 ± 3.766 28.732 ± 1.857
N2Score σ = 2% 10−4 10−3 10−4 89.938 ± 3.694 28.991 ± 1.912
N2Score σ = 3% 10−4 10−3 10−4 90.485 ± 3.584 29.272 ± 1.940
N2Score σ = 4% 10−4 10−3 10−4 90.662 ± 3.481 29.413 ± 1.900
N2Score σ = 6% 10−4 10−3 10−4 90.245 ± 3.264 29.348 ± 1.752
N2Score σ = 4% 10−3 10−3 10−4 90.716 ± 3.472 29.448 ± 1.916
N2Score σ = 4% 10−5 10−3 10−4 90.649 ± 3.465 29.419 ± 1.893
N2Score σ = 4% 10−4 0 10−4 90.705 ± 3.464 29.438 ± 1.903
N2Score σ = 4% 10−4 10−1 10−4 90.645 ± 3.488 29.400 ± 1.897
N2Score σ = 4% 10−3 0 10−4 90.677 ± 3.471 29.422 ± 1.899
N2Score σ = 4% 10−4 10−3 10−8 90.439 ± 3.630 29.242 ± 1.957
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MRI and fit the models on all contained axial slices, combating overfitting noise
instances, and therefore improved performance over fitting individual slice-wise
models. For DIP input, a noised version of the input slice (3% Rician noise,
selected from the same choices as default Ner2N training) to guide generation
and trained for 2000 epochs.
We implemented N2Contrast [78] using the provided implementation of the
trainable bilateral filters [58] and custom a 3D U-Net [61] with 16 input channels
as reported [78], as no code was released (full U-Net [61] configuration: 3 layers
with [16, 32, 64] channels). We did not consider R2D2+ [12] and Neighboring
Slice N2N [85] due to the unavailability of publicly-shared code and implemen-
tation details.

13.4 Image pre-processing and testing

Image registration for T1w/T2w denoising was performed in FreeSurfer (v7.4.1)
[16] using ‘mri_robust_register‘ [64] (12 DOFs), using SynthStrip brain-masking
[25] for intra-modality and ‘bbregister‘ [20] (6 DOFs, based on FastSurfer v2.2
[22, 23]) for cross-modality registration. For FLAIR registration and the large
pretraining set of the RS with >2.5k images, we omitted costly surface registra-
tion and used ‘mri_coreg‘ with (NMI loss) instead. Resampling was performed
using cubic interpolation.
For training and SSIM/PSNR testing, we resampled the input and guidance con-
ditioning into the native space of the target image to avoid blurring the reference
due to interpolation. For NEx > 2 we resampled in the joint template space [64].
HPC-Epilepsy was resampled from the provided 0.5 × 0.5 × 0.8 mm resolution
back to the native 0.8 mm isotropic acquisition resolution. For HCP-A, we used
the provided, bias-field corrected images, whereas we performed a custom bias-
field correction for HCP-YA with n4 [74]. For the remaining images we used the
image as provided, i.e. typically with vendor-provided pre-scan normalization.
For all training and test images, we performed a robust intensity normalization
following the FreeSurfer preprocessing protocol [22].

For testing, we cropped to a brain bounding-box dilated by 10 voxels in each
direction. To constrain SSIM and PSNR to only brain tissue, we only evaluated
voxels within the dilated FastSurfer (seg-only) brain mask. SHIVA-WMH was
run after bias-field removal with n4 [74]. As BME-X (as-is pipeline) entails a
custom skull-stripping for preprocessing which removes e.g. the Cerebellum [71],
we report SSIM/PSNR only within BME-X’s brain mask. While we consider
not translating defined brain parts a inherent shortcoming, the performance was
anyways not competitive.

13.5 High-resolution FLAIR acquisition

The high-resolution (0.8 mm) RS FLAIR images were acquired as a custom
sequence (TR/TI/TE=5s/1.8s/0.382s, PI factor 4, FOV = 256 x 256 x 179 mm3
(sagittal orientation), TA=6:47 min) in the free-protocol of the RS [34]. The
remaining MRI parameters are described in the respective references.
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14 Additional results

14.1 PSNR

Table 14: Quantitative T1w denoising results (dB PSNR).
Formatting: Bold: best or statistically tied (p ≥ 5%, Wilcoxon vs. best, Bonferroni-
corrected). Gray background: not significantly better than Identity. (Parentheses):
guidance with anisotropic/low quality T2w. †: synthesis and evaluation at 1 mm.

OASIS-3 trained (ca. 1.0 mm) HCP-A trained (0.8 mm) rank

Test dataset OAS3 CHDI Kirby HCP-E -YA RS HCP-E -YA RS all
Resolution (mm) 1.0 1.0 1.0 0.8† 0.7† 0.8† 0.8 0.7 0.8 0.7-1
Vendor S S/P P GE S S GE S S -
n 169 100 21 100 100 33 100 100 33 423

uYADO (pN2N) 28.97
±2.20

30.32
±3.16

29.83
±1.58

30.10
±1.91

29.50
±2.09

30.12
±2.00

28.53
±2.03

28.32
±1.40

28.65
±1.73 8.79

uYADO (ReN2N) 28.92
±2.31

30.04
±3.48

29.70
±1.88

30.57
±2.03

30.93
±1.86

31.60
±2.06

29.98
±2.02

29.42
±1.44

30.75
±1.84 3.02

gYADO (pN2N) 29.27
±2.14

30.01
±3.41

29.85
±1.05

30.04
±1.86

29.48
±2.07

30.25
±2.01

28.25
±2.08

29.02
±1.39

27.55
±1.27 8.45

gYADO (ReN2N) 29.09
±2.32

30.18
±3.55

29.48
±1.81

30.63
±2.02

30.91
±1.85

31.73
±2.06

30.08
±2.09

29.37
±1.45

30.94
±1.76 2.28

Ner2N [53] 28.61
±2.17

29.66
±3.10

29.62
±1.77

30.22
±1.86

30.55
±2.02

30.85
±1.99

29.16
±1.98

28.47
±1.35

29.46
±1.86 7.44

N2Score [31] 28.74
±2.36

29.77
±3.40

29.24
±1.67

29.71
±1.77

30.42
±1.74

30.64
±1.84

28.33
±5.78

24.98
±8.27

30.26
±1.82 9.08

N2Void [4, 37] 28.50
±2.30

29.70
±3.38

29.48
±1.79

29.70
±1.83

29.36
±1.55

30.42
±1.85

29.87
±1.98

29.28
±1.46

30.13
±1.94 8.44

S-N2Void [8] 28.55
±2.26

29.49
±3.44

29.17
±1.83

29.80
±1.81

29.64
±1.58

30.47
±1.80

30.03
±1.98

29.59
±1.46

30.30
±1.92 6.56

Neigh2Neigh [26] 28.09
±1.84

29.24
±3.06

28.62
±1.43

29.75
±1.64

30.06
±1.84

29.89
±1.65

29.86
±1.78

29.29
±1.36

29.61
±1.56 10.35

RED-WGAN [62] 27.39
±2.00

28.48
±2.72

28.27
±1.32

29.18
±1.72

28.70
±2.08

28.84
±2.00

28.84
±1.79

28.66
±1.18

28.72
±1.59 15.42

CNN3D [62] 28.14
±2.15

29.34
±3.16

29.19
±1.63

29.88
±1.88

30.13
±1.77

30.44
±1.94

29.63
±1.93

29.11
±1.40

29.73
±1.79 8.75

DDM2 [83] 17.38
±1.10

16.60
±1.30

15.17
±1.01

17.59
±0.71

14.93
±1.42

16.44
±1.40

15.82
±0.88

14.60
±0.72

15.71
±0.50 20.87

DDM2 Reg. [63,83] 26.93
±1.60

26.61
±2.43

26.84
±1.11

27.07
±1.54

26.73
±1.61

27.34
±1.78

25.24
±1.05

25.06
±0.66

26.40
±0.75 18.16

BME-X [71] 25.69
±1.07

25.65
±1.52

23.93
±1.07

24.60
±1.80

23.13
±1.19

24.24
±1.07

25.31
±1.27

24.66
±1.33

25.96
±1.29 19.04

N2Contrast [78] 27.94
±2.30

29.34
±3.28

29.27
±1.77

29.57
±2.00

29.04
±1.58

30.14
±2.01

29.40
±2.03

28.67
±1.44

29.59
±1.90 12.35

YODA [63] 26.95
±2.35

23.17
±2.32

20.35
±1.00

20.59
±3.47

20.23
±2.37

22.60
±3.75

13.42
±2.63

18.57
±2.56

18.58
±2.76 19.80

DIP [75] 28.09
±2.20

29.21
±3.22

28.94
±1.86

29.81
±1.93

29.99
±1.70

30.46
±1.99

29.59
±2.02

29.06
±1.55

29.73
±1.90 10.30

Pixel2Pixel [47] 27.27
±1.50

28.22
±2.78

27.48
±1.11

29.12
±1.48

29.13
±1.64

28.50
±1.37

29.53
±1.70

28.75
±1.32

28.75
±1.42 14.76

ANTs NLM [49] 28.25
±1.96

29.24
±3.19

28.87
±1.62

29.99
±1.81

30.50
±1.79

30.40
±1.78

30.00
±1.93

29.44
±1.45

29.99
±1.73 7.61

BM4D [48] 28.36
±2.03

29.45
±3.28

29.14
±1.67

30.11
±1.85

30.57
±1.81

30.60
±1.82

30.13
±1.97

29.60
±1.47

30.24
±1.82 5.12

BME-X (as-is) [71] 9.18
±1.14

9.16
±1.38

10.12
±0.82

9.40
±1.26

11.62
±1.81

9.91
±0.80

10.10
±2.74

11.49
±2.15

11.11
±1.50 22.00

Identity 27.74
±2.24

29.06
±3.25

28.98
±1.77

29.30
±1.95

28.91
±1.48

30.00
±1.95

29.15
±1.97

28.40
±1.40

29.46
±1.86 14.41
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Table 15: Quantitative T2w/FLAIR denoising results (dB PSNR).
Formatting: Bold: best or statistically tied (p ≥ 5%, Wilcoxon vs. best, Bonferroni-
corrected). Gray background: not significantly better than Identity. (Parentheses): syn-
thesis/guidance with anisotropic/low quality T2w. †: synthesis and evaluation at 1 mm.

T2w FLAIR rank

Test dataset RS HCP-E -YA RS still nodd all
Resolution (mm) 0.8 0.8 0.7 0.8 1.0† 1.0† 0.8-1
Vendor S GE S S S S -
n 39 100 100 50 10 10 304

uYADO (pN2N) 28.20
±3.29

25.83
±2.76

26.25
±0.94

28.97
±2.53

25.40
±0.79

21.80
±1.91 6.29

uYADO (ReN2N) 28.05
±3.30

27.88
±2.60

27.88
±1.17

28.64
±2.62

25.26
±0.80

21.94
±1.82 2.84

gYADO (pN2N) 28.39
±3.08

26.39
±2.56

26.26
±1.00

29.40
±2.34

17.07
±0.98

15.92
±1.42 6.31

gYADO (ReN2N) 28.12
±3.27

27.95
±2.55

28.24
±1.30

29.10
±2.43

13.63
±1.07

13.20
±1.14 2.93

Ner2N [53] 27.49
±3.44

27.61
±2.56

27.71
±1.37

27.85
±2.56

24.53
±0.77

21.16
±1.69 6.35

S-N2Void [8] 27.65
±3.40

27.69
±2.46

27.76
±1.27

28.08
±2.62

24.64
±0.75

21.44
±1.70 4.86

DIP [75] 27.53
±3.34

27.66
±2.48

27.89
±1.36

28.09
±2.56

24.68
±0.77

21.39
±1.64 4.59

ANTs NLM [49] 26.53
±2.79

27.00
±2.01

27.26
±1.09

28.14
±2.47

24.79
±0.66

21.84
±1.72 7.24

BM4D [48] 27.14
±3.08

27.42
±2.22

27.70
±1.21

28.36
±2.63

24.89
±0.89

21.85
±1.78 5.99

Identity 27.47
±3.44

27.58
±2.56

27.68
±1.38

27.77
±2.54

24.41
±0.77

21.15
±1.67 7.60
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14.2 Additional examples

Used Abbreviations:
g-/u- pN2N/ReN2N - guided/unguided YADO trained with pN2N/ReN2N
Ner2N - Noisier2N [53]
N2Sc - Noise2Score [31]
S-(N2V) - (Structure-)Noise2Void [4, 8, 37]
Neighb2N - Neighbor2Neighbor [26]
WGAN - RED-WGAN [62]
CNN3D - CNN3D (regression-only RED-WGAN) [62]
DDM2 (R) - (regression-sampled [63]) DDM2 [83]
BME-X - BME-X [71] (re-implemented)
N2Contr - Noise2Contrast [78]
YODA - YODA [63]
DIP - Deep Image Prior [75]
P2P - Pixel2Pixel [47]
stBME-X - static as-is BME-X [71]
BM4D - BM4D [48]
ANTs - ANTs NLM [49]
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Input T2w Reference pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 11: T1w (1 mm) denoising performance in the OASIS test set.
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Input T2w Reference pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 12: T1w (1 mm) denoising performance in the CHDI test set.
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Input T2w Reference pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 13: T1w (1 mm) denoising performance in the Kirby test set.
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Input T2w Reference pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 14: T1w (1 mm) denoising performance in the HCP-E test set.
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Input T2w Reference pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 15: T1w (1 mm) denoising performance in the HCP-YA test set.
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Input T2w Reference pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 16: RS T1w denoising performance (1 mm, from routine images NEx=1) with
physically noise-suppressed reference images (NEx=7, ca. 45 min acquisition time).
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Input Reference T2w pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 17: T1w (0.8 mm) denoising performance in the HCP-E test set.
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Input Reference T2w pN2N-u pN2N-g ReN2N-u

ReN2N-g Ner2N N2Sc N2V S-N2V Neigh2N

WGAN CNN3D DDM2 DDM2 R BME-X N2Contr

YODA DIP P2P stBME-X BM4D ANTs

Fig. 18: T1w (0.8 mm) denoising performance in the HCP-YA test set.



Rethinking MRI Denoising 51

Input Reference T2w pN2N-u pN2N-g ReN2N-u
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Fig. 19: RS T1w denoising performance (0.8 mm, from routine images NEx=1) with
physically noise-suppressed reference images (NEx=7, ca. 45 min acquisition time).
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Fig. 20: T2w denoising results in the RS test set.
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Fig. 21: T2w denoising results in HCP-E.
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Fig. 22: T2w denoising results in HCP-YA.
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Fig. 23: FLAIR denoising results in the RS (0.8 mm).
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Fig. 24: FLAIR denoising results for routine RS (1.0 mm, as used for WMH analysis).
Note that this test dataset does not entail independent re-acquisitions such that eval-
uation was constraint to annotated WMHs.
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Fig. 25: FLAIR denoising results in motion dataset (still, 1.0 mm) [17].
Note that T2w acquisition is highly anisotropic along the inferior-superior axis.
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Fig. 26: FLAIR denoising results in motion dataset (nodding, 1.0 mm) [17].
Note that T2w acquisition is highly anisotropic along the inferior-superior axis.
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