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Abstract

Zero-shot denoising aims to denoise observations without access to training samples
or clean reference images. This setting is particularly relevant in practical imaging
scenarios involving specialized domains such as medical imaging or biology. In
this work, we propose the Zero-Shot Neural Compression Denoiser (ZS-NCD),
a novel denoising framework based on neural compression. ZS-NCD treats a
neural compression network as an untrained model, optimized directly on patches
extracted from a single noisy image. The final reconstruction is then obtained by
aggregating the outputs of the trained model over overlapping patches. Thanks to
the built-in entropy constraints of compression architectures, our method naturally
avoids overfitting and does not require manual regularization or early stopping.
Through extensive experiments, we show that ZS-NCD achieves state-of-the-art
performance among zero-shot denoisers for both Gaussian and Poisson noise,
and generalizes well to both natural and non-natural images. Additionally, we
provide new finite-sample theoretical results that characterize upper bounds on
the achievable reconstruction error of general maximum-likelihood compression-
based denoisers. These results further establish the theoretical foundations of
compression-based denoising. Our code is available at: https://github.com/
Computational-Imaging-RU/ZS-NCDenoiser.

1 Introduction

Background and motivation Denoising is a fundamental problem in classical signal processing and
has recently gained renewed attention from the machine learning community. Let x = (z1,...,z,) €
R denote a non-negative signal of length n, where signal x is not observable in many systems.
Instead, we observe a noisy version y = (y1,...,¥yn), where the observations are conditionally
independent given x, and each entry is distributed according to a common conditional distribution:

y~ T p(yi | i)

We assume that the noise mechanism is memoryless (independent across coordinates) and homoge-
neous (identical across entries). The goal of a denoising algorithm is to estimate & from the noisy
observations y. Given its prevalence in imaging and data acquisition systems, denoising has been a
central topic in signal processing for decades. Classical denoising methods rely on explicit structural
assumptions about the underlying signal @, often hand-crafted by domain experts [1, 2, 3,4, 5, 6,7, 8].
In contrast, recent advances in machine learning have enabled a new class of data-driven denoising
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Figure 1: Zero-Shot Neural Compression Denoiser (ZS-NCD). Learning phase: a neural compression
model (architecture shown in Fig. 5 of the supplementary material) is trained on overlapping patches
extracted from a single noisy image. Denoising phase: each pixel is reconstructed by averaging
predictions across neighboring patches processed by the trained model.

algorithms. These methods learn the optimal denoising function from data, leveraging statistical
patterns directly from signal and noise distributions.

While learning-based approaches achieve state-of-the-art performance and often outperform classical
methods in controlled settings, they face significant challenges in practice:

1. Supervision requirement: Most learning-based methods require training set of paired samples
{(yi, ;) Y™, where x; is clean signal and y; is its noisy counterpart. In practical scenarios
such as medical imaging, {@;}!", are unavailable or prohibitively expensive to obtain.

2. Data efficiency: These methods usually need lots of training data. Acquiring sufficient
samples is difficult or costly, particularly in domains with strict data acquisition constraints.

To mitigate the reliance on paired clean and noisy samples, several self-supervised denoising methods
have been developed that learn directly from noisy observations, without access to clean ground
truth signals [9, 10, 11, 12, 13]. While these approaches alleviate the supervision requirement, they
typically depend on access to large collections of noisy data and often yield suboptimal performance
compared to methods trained with clean targets. Moreover, the absence of clean supervision necessi-
tates the use of complex neural architectures and training schemes, which can make these methods
computationally demanding and difficult to optimize in practice.

These challenges have sparked growing interest in zero-shot denoisers, which aim to recover clean
signals from noisy observations without access to paired data or extensive noisy training data. Such
methods are particularly appealing in domains where acquiring clean data is infeasible, and they offer
the potential for deployable denoisers that adapt to individual inputs with general purpose.

From neural compression to zero-shot denoising Denoising algorithms—ranging from classical
signal processing techniques to deep learning methods—fundamentally rely on the assumption that
real-world signals are highly structured. Compression-based denoising leverages this same principle,
but rather than directly solving the inverse problem, it instead performs lossy compression on the
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Figure 2: Zero-shot denoising of Kodim05 with AWGN (o = 25). Left: PSNR versus training
iterations for zero-shot denoisers. Performance of BM3D [18] and Restormer [19] are included
as a classical baseline and as a supervised empirical upper bound, respectively. Right: Visual
reconstructions with PSNR above each image. Compression-based denoising based on JPEG-
2K [20] achieves inferior performance. Learning-based zero-shot denoisers often struggle with
either overfitting or high bias. DIP [21] and DD [22] require early stopping to avoid overfitting.
ZS-N2S [12] and S2S [23] struggle with high-resolution color images, and ZS-N2N [24] often
produces noisy outputs with potential overfitting. BM3D tends to oversmooth the denoised image. In
contrast, ZS-NCD avoids these issues.
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noisy observation y, under the hypothesis that the clean signal « lies in a lower-complexity subspace
and is therefore more compressible.

In lossy compression, the goal is to represent signals from a target class using discrete encodings with
minimal distortion. When applied to noisy data, the intuition is that a lossy compressor—operating
at a distortion level matched to the noise—will favor reconstructions close to the original clean
signal. While this approach has a strong theoretical foundation [14, 15], classical compression-based
denoisers have shown limited empirical success, particularly for natural image denoising.

In this work, we revisit this idea in light of recent progress in neural compression, where learned
encoders and decoders have demonstrated strong rate-distortion performance across a variety of
image domains [16, 17]. Building on this foundation, we propose a zero-shot denoising method
that we call the Zero-Shot Neural Compression Denoiser (ZS-NCD). Unlike traditional neural
compression models that are trained on large corpora of clean high-resolution images, ZS-NCD
learns directly from a single noisy input image. Specifically, we extract overlapping patches from
the noisy image, and train a neural compression network on those patches alone—without any clean
supervision or prior dataset. Once trained, the denoiser is applied to all patches from the same image,
and the final output is obtained by averaging the predictions in overlapping regions. This approach is
illustrated in Figure 1.

Despite relying solely on the noisy input and operating without supervision, ZS-NCD achieves
state-of-the-art performance among zero-shot denoising methods across diverse noise models, and
remains robust even on inputs that lie outside the natural image distribution. We compare it against
the baselines in Figure 2, ZS-NCD shows superior performance in denoising and training stability.

Paper contributions This paper introduces a zero-shot image denoising framework based on neural
compression. Our main contributions are:

e A zero-shot denoising algorithm using neural compression. We propose a fully unsupervised
method that trains a neural compression network on image patches of the noisy input. It does not
rely on clean images, paired datasets, or prior training on the target distribution. It is architecture-
agnostic and leverages only the structure present in the observed noisy image.

o Theoretical results connecting denoising and compression performance. We establish finite-
sample upper bounds on the reconstruction error of the proposed compression-based maximum
likelihood denoisers, for both Gaussian and Poisson noise models.



o Extensive empirical validation. We demonstrate that our method achieves state-of-the-art perfor-
mance among zero-shot denoising techniques across a range of noise models and datasets.

2 Related work

Self-supervised and zero-shot denoising Supervised learning-based denoisers such as
DnCNN [25] and Restormer [19] achieve state-of-the-art performance across various noise models,
but require large datasets of paired clean and noisy images—often impractical in real-world settings.
To avoid clean images, self-supervised methods have been proposed, including Noise2Noise [10],
Noise2Self [12], Noise2Void [11], Noise2Same[26] and Noise2Score [13], which only use noisy
images for training. However, their reliance on large noisy datasets remains a limitation. Zero-shot
denoisers address this by training on a single noisy image. These include (i) untrained networks like
DIP [27] and Deep Decoder [22], and (ii) single-image adaptations of self-supervised methods, e.g.,
N2F [28], ZS-N2N [24], ZS-N2S [12] and its augmented variant with ensembling, S2S [23]. More re-
cently, DS-N2N [29] improves ZS-N2N by further upsampling the downsampled paired noisy images.
Pixel2Pixel [30] boosts the performance by using non-local similarity approach. DIP-based models
avoid masking and leverage full-image context, but require early stopping or under-parameterization
to avoid overfitting. Self-supervised variants suffer from masking-induced information loss. Hybrid
approaches, such as masked pretraining-based method [31], uses external datasets for training and
perform zero-shot inference, thus falling outside the zero-shot setting studied here.

Neural compression Learning-based lossy compression, often referred to as neural compression,
uses an autoencoder architecture combined with an entropy model to estimate and constrain the
bitrate at the bottleneck [32, 33]. These methods have significantly outperformed traditional codecs,
particularly in image [32, 34, 35, 36, 37] and video [38, 39, 40] compression. In addition to these
standard settings, several works have also explored applying neural compression to noisy data, either
by adapting neural compression models for more efficient encoding of noisy images [41, 42, 43, 44].

Compression-based denoising Compression-based denoising leverages the insight that structured
signals are inherently more compressible than their noisy counterparts. This connection was for-
malized by Donoho [14], who introduced the minimum Kolmogorov complexity estimator, and
further refined by Weissman et al. [15], showing that, under certain conditions on both the signal
and the noise, optimal lossy compression of a noisy signal-followed by suitable post-processing-can
asymptotically achieve optimal denoising performance. Prior to these theoretical developments, early
empirical methods such as wavelet-based schemes [45, 46, 47] and MDL-inspired heuristics [48]
had explored this principle. Nevertheless, traditional compression-based denoisers have generally
underperformed in high-dimensional settings such as image denoising.

Learning-based joint compression and denoising using neural compression has been explored in recent
works [49, 50], where the goal is to achieve lower rate in compression. The empirical application of
training neural compression for AWGN denoising was also proposed in [51]. Training the neural
compression models in these works requires a dataset of images. In contrast, our proposed ZS-NCD
is a two-step denoiser based on neural compression, trained on a single noisy image. It achieves
state-of-the-art performance across both AWGN and Poisson noise models. Moreover, we contribute
new theoretical results that advance the foundations of compression-based denoising.

3 Compression-based denoising: Theoretical foundations

Lossy compression Let O C R™ denote the signal class of interest, such as vectorized natural
images of a fixed size. A lossy compression code for Q is defined by an encoder-decoder pair (f, g),
f:9Q—={1,...,28) andg: {1,...,2%} — R™. The performance of a lossy code is characterized
by: i) Rate R, indicating the number of distinct codewords; ii) Distortion ¢, defined as the worst-case
per-symbol mean squared error (MSE) over the signal class:

§ = supgeg 3l — g(f(x))|3-
The set of reconstructions produced by the decoder forms the codebook:

C={g@i):i=1,...,28} cR"™.



Compression-based denoising We propose compression-based denoising as a structured maxi-
mum likelihood (ML) estimation. Given a noisy observation y ~ [, p(y; | z;) and a a lossy
compression code (f, g) for Q, the compression-based ML denoiser solves

& = argmincec L£(c;y), where L(c;y) :=—> 1 logp(y; | &)

This formulation leverages the fact that clean signals, by virtue of their structure, are more compress-
ible than their noisy counterparts. Therefore, the most likely codeword under the noise model, when
selected from a codebook designed to represent clean signals, serves as a natural denoising estimate.
This ML-based view unifies denoising across noise models and provides a principled way to select
reconstructions from a discrete, structure-aware prior.

In the case of AWGN: y = x + z, where z ~ N(0,021,), the described denoiser simplifies to:
@ = argmineec |y — cff5. M
That is, denoising corresponds to projecting the noisy observation onto the nearest codeword.

Poisson noise commonly arises in low-light and photon-limited imaging scenarios. In this setting,
each y; is modeled as a Poisson random variable with mean azx;: y; ~ Poisson(ax;). Under this
model, the compression-based ML denoiser simplifies to

& = argmineec > (c; — yiloge;). 2)

While the loss function in (2) is statistically well-motivated, it is more sensitive to optimization issues
than its Gaussian counterpart due to the curvature and nonlinearity of the log term. To improve
robustness and simplify optimization, we also consider an alternative loss based on a normalized
squared error between c and the rescaled observations:

T = arg mingec Hc — éyHi . 3)

Theoretical analysis We begin by analyzing the performance of compression-based ML denoising
under AWGN. The following result provides a non-asymptotic upper bound on the reconstruction
error in terms of the compression rate and distortion. All proofs can be found in Appendix A.

Theorem 1. Assume that x € Q and Iet (f, g) denote a lossy compression for Q that operates at rate
R and distortion 6. Consider y = x + z, where z ~ N'(0,021,,). Let & denote the output of the
compression-based denoiser defined by (f, g) as in (1). Then,

(2In2)R

T — & < V6 + 20, (L 2V, 4)

=l
vn
with a probability larger than 1 — 27 "5+2,

This bound decomposes the denoising error into two terms: a distortion term \/5, which reflects the
approximation quality of the compression code, and a rate-dependent term that scales with the square
root of the code rate R. The latter captures the likelihood concentration around the clean signal in
high-probability regions of the noise distribution. Notably, the result holds non-asymptotically and
does not assume the code is optimal, only that it provides a distortion-d covering of Q. This highlights
that even non-ideal compression codes can enable effective denoising, provided the rate-distortion
tradeoff is well-calibrated.

To better understand the implications of Theorem 1, in the following corollary, we focus on the
special case of k-sparse signals.

Corollary 1 (AWGN, sparse signals). Let Q,, denote the set of k-sparse vectors in R™ satisfying
|z||so < 1. Fix a parametern € (0, 1), and suppose y = x + z where z ~ N(0,021,,). Then, there
exists a family of compression codes such that, when used with the denoiser defined in (1), with a
probability larger than 1 — e~"%108("/F) the estimate & satisfies

1 . k n 1
ﬁ”w — 22 <0.C o logy (=) + 7 + %7

k
where C' = 2(1 +2,/7)v2In2 and v, = klogy k 4 log, ktk(logaetl)

2n n

&)




Corollary 1 provides a high-probability bound on the normalized error ﬁ ||Z — ||2. Squaring both
sides and having (v/a 4+ v/b)? < 2(a + b), it follows that, with high probability

1 9 9ok n 2
~ & — 2|2 < 20%C <71 n n) 2
~& — @l < 2020 (S logy(5) +n) +
Thus, up to universal constants, the dominant term in the upper bound scales as o’f% log(%). This

matches the known minimax rate for estimating k-sparse signals in Gaussian noise when k/n — 0;
see [52]. Determining whether the residual term = is an artifact of our proof or a real barrier to
optimality is an interesting problem. Finally, while the comparison above is high-probability rather
than in expectation, one can integrate the tail bound from the proof to obtain an expected-risk bound.

We next extend our analysis to signal-dependent noise model. Poisson noise is particularly relevant
in imaging applications such as microscopy and astronomy, where photon counts vary with signal
intensity. Unlike Gaussian noise, Poisson observations induce a non-linear likelihood surface, making
analysis more delicate. Theorem 2 and 3 establish performance guarantees for compression-based
Poisson denoising, using both exact ML formulation and a practical squared-error surrogate.

Theorem 2. Consider the same setup of lossy compression as in Theorem 1. Assume that for
any * € Q; T € (xminaxmax)’ where 0 < Tmin < Tmax < 1. Assume that Yi,-.-,Yn are

independent with y; ~ Poisson(ax;). Let & denote the solution of (2). Let Cy = x5, /(22 ,,) and

Cy = %51 /(ﬁ)(\/l +n+ \/n). Then, with a probability larger than 1 — 27 17+2,

1 . R
—|lz — 2[5 < C16 + Coy [ —. (©6)
n no

Theorem 3. Consider the same setup as in Theorem 2. Let & denote the solution of (3). Let
C = 4vVIn2(y/T+ 1+ /7 + 1). Then, with a probability larger than 1 — 27 +2,

1 I'R
|l —z||E <5+ O/ —. @)
n no

Remark 1. Theorems 2 and 3 show that, in the case of Poisson noise, minimizing either the ML loss
function or the computationally efficient MSE loss function can recover the signal. This result is also
consistent with our simulations reported later in Section 5.

4 Zero-shot compression-based denoiser

We refer to a general class of learning-based denoisers that operate by compressing noisy images
using neural compression as the Neural Compression Denoiser (NCD). In this framework, denoising
is achieved by identifying a low-complexity reconstruction from the output of a neural compression
model. In the previous section, we characterized the performance of such denoisers in a setting where
the compression code is fixed in advance, either learned from external data or designed using classical
methods, and applied independently of the noisy input. This setup is not zero-shot, as it relies on
prior training or code design. Inspired by this idea, we now propose a fully unsupervised variant: the
Zero-Shot Neural Compression Denoiser (ZS-NCD). In ZS-NCD, a neural compression network
is trained directly on patches extracted from a single noisy image, without access to clean targets or
external data. This section describes the ZS-NCD architecture and optimization procedure in detail.

Proposed zero-shot denoiser: ZS-NCD Let P; ;) : Rh>*w 5 R¥*F denote the patch extraction
operator, which returns a k x k patch whose top-left corner is at pixel (¢, j). Let fp, and gg, denote
the encoder and decoder networks, parameterized by weights 8, and 0, respectively. Define Z as the
set of all coordinates (i,5) € {1,...,h—k+ 1} x {1,...,w — k 4 1} from which a valid k& x k
patch can be extracted.

Given a single noisy image vy, the ZS-NCD is trained to minimize the following patchwise objective:
(61,65) = a(reg 1;11)11 Z (Lx (90, (fo,(Piij)(¥)), Piajy(y) — AMog P(fo, Py (), (8)
bY2) (ij)ex

where ]P’( fo. (P j (y))) denotes the likelihood (or entropy model) of the latent code produced by the
encoder, and A > 0 is a hyperparameter controlling the trade-off between fidelity and compressibility.
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In (8), K = k2, and the function L : RX x R — R, is a distortion loss determined by the noise
model, as defined in Section 3. For example, in the AWGN case, L corresponds to the squared /5
norm of the distance between a noisy patch and its neural compression reconstruction. Note that
fo, maps the input into a discrete latent space, which is non-differentiable and thus incompatible
with standard gradient-based optimization. To address this, we follow the neural compression
framework of [32], using a continuous relaxation during training (e.g., uniform noise injection) and
applying actual discretization only at test time. The entropy term [P is modeled using a factorized,
non-parametric density [34].

After training, the denoised image is obtained by applying the encoder and decoder to each patch
and averaging the overlapping outputs. For each pixel (i, j), let Z(; ;) C Z denote the set of patch
locations such that P, ;) includes the pixel (i, j). The final estimate at location (3, j) is given by

1
z Z g6, (fel (P(Z’,]’)(y))”(l_l/j_]/) ) (9)

@) =17
7 gl (#,3")€Z.5)

where |Z(; ;)| denotes the number of patches covering pixel (i, j), and -|(a}b) denotes the (a, b)-th

pixel of the patch output. For interior pixels away from the boundary, |Z; ;)| = K. As shown later in
Section 5, this aggregating of reconstructed patches significantly enhances denoising performance.

Setting the hyperparameter A The ZS-NCD objective in (8) includes a hyperparameter, A, which
balances reconstruction fidelity and compressibility. Interpreted through the lens of lossy compression,
varying A allows the model to explore different rate-distortion trade-offs. However, in the context of
denoising, our goal is not compression but accurate signal recovery from the noisy observation y.
This raises the central question: how should A be selected to optimize denoising performance? In the
following, we explain our approach for setting A under both AWGN model and Poisson noise model.

Case I: Gaussian noise. Let & denote the output of the ZS-NCD denoiser, and consider the AWGN
model y = = + z with z ~ N'(0,021,,). Then,

AElly - 23] = JE[ly—z+ = - 2[3] =0 + fllz - 2|3+ 2E[z"(x - 2)],  (10)
the first term is the noise variance, and the second is the true denoising error. While z and &
are not fully independent, they are intuitively weakly correlated in successful denoising regimes,
where the estimate & depends only indirectly on the noise. Thus, the cross term is expected to be
small: %E[ZT(JJ — :i:)] ~ 0. This approximation suggests that, ideally, under low-noise regimes,
%Hy — |3 is expected to be close to 2. Based on this insight, we propose a simple and effective
heuristic for choosing A: select A such that ,Tll |ly — 2|3 is closest to the known noise variance 2. This
procedure can be implemented efficiently via a tree-based search strategy, as described in Algorithm 1.
To apply Algorithm 1, one needs an estimate of the noise power o2, This is a well-studied problem
and there exist robust algorithms for estimating the variance of noise [2, 53]. For example, in [2], it is
shown that the noise power can be estimated from the median of the absolute differences of wavelet
coefficients.

Finally, we observe that the performance of ZS-NCD is relatively robust to the choice of A. For
instance, on the Nuclei dataset (Figure 3), ZS-NCD outperforms the state-of-the-art zero-shot learning-



based denoiser, ZS-Noise2Noise, across a wide range of A values, for both o, = 10 and o, = 20. A
similar approach can also be applied to the case of Poisson noise, as well.

Case II: Poisson noise In the case of Poisson noise, in addition to estimating A\, we need to estimate
«, which is used to normalize the measurements, in both the MSE-based and the MLE-based
methods. Note that in the case of Poisson noise, E[y;] = ax;, and therefore, with high probability,
LS L yi ~al 3" | ;. Using this observation, and assuming that £ "% | 2; &~ 0.5, we estimate
aas & = 23"y, We then use the estimated noise level & to normalize both MSE and MLE
based optimization for denoising Poisson noise. See Table 1 for the result of this noise parameter
estimation on a sample image. Having an estimate of noise parameter «, we then follow a similar
procedure we used in the case of AWGN to set the parameter A\. Specifically, we write the MSE
between normalized y and the denoised image & as

1 . 1 "
“E[ly/a —&I3] = - E(ly/a -z +o - &3]

1< 1 g 2 T .
—> i+ |z - “E[(y - —2)]. 11
o 1:11 + ol =2l + [(y — az)" (z — &)] (11)

Again, assuming that we are in a low-noise regime, i.e., the second and the third terms in (11) are
close to zero, and using 2 3" | x; &~ 0.5 approximation, it follows that LE[||y/a — £[3] ~ 5=.
This implies that, in the case of Poisson noise, we can still use Algorithm 1 to find )\, after updating
[&®) —y||2 > no? to [|&*) — y||? > ;. We empirically observe that MSE(y /., 2) in training our
networks is close to i as reported in Table 1, which indicates that i is a good approximation of the
MSE that can be used as a threshold for selecting A. When « is not known, we obtain the estimate &,
and use % as a valid threshold to set A.

Table 1: Analyzing the estimation of Poisson noise parameter for Barbara image in Setl1 (MSE
values are reported in terms of PSNR).

true  estimated @ empirical MSE(y /&) [dB] 1/(2«) [dB] 1/(2&) [dB]

25 23.02 17.12 16.98 16.63
50 46.05 19.66 20.00 19.64

S Experiments

In this section, we evaluate the denoising performance of ZS-NCD on both synthetic and real-world
noise, across natural and microscopy images. We compare against representative zero-shot denoisers,
including both traditional and learning-based methods. All baselines are dataset-free, i.e., they
operate solely on the noisy image to be denoised. For non-learning methods, we include JPEG-2K
and BM3D. Although rarely used as a denoising baseline, JPEG-2K provides a useful point of
comparison from the perspective of compression-based denoising, as it represents a fixed, pre-defined
compression code. For learning-based methods, we evaluate Deep Image Prior (DIP) [21], Deep
Decoder (DD) [22], Zero-Shot Noise2Self (ZS-N2S) [12], Self2Self (S2S) [23], and Zero-Shot
Noise2Noise (ZS-N2N) [24].

Due to instability in training for several baselines, we report their best achieved performance (with
early stopping or model selection), whereas ZS-NCD is evaluated at its final training iteration,
without manual tuning or stopping criteria.

Natural images with synthetic noise We consider two synthetic noise models, AWGN A/ (0, 02),
where o, is the standard deviation of the Gaussian distribution, and Poisson noise defined as
Poisson(ax), where « is the scale factor. Note that Poisson noise is signal-dependent noise with
E[y] = ax. To re-scale the noisy image to the range of clean image, we followed the literature by
assuming that the the scale « is known, and normalize the noisy image as y/« in the experiments of
this section. We evaluate on grayscale Set/ 1 [25], RGB Set13 [54] (center-cropped to 192 x 192)
and Kodak24 [55] datasets. Table 2 presents the denoising performance of various methods. BM3D
achieves the strongest results on grayscale images, though it relies on accurate knowledge of the noise
power parameter. Existing learning-based zero-shot denoisers, in contrast, often exhibit inconsistent



Table 2: Denoising performance comparison under AWGN and Poisson Noise, average PSNR(dB)
and SSIM are reported. Best results are in bold, second-best are underlined.

Noise Parameter AWGN, N (0,0?) Poisson, Poisson(ax)/a
oora Method Setl1 Set13 Kodak24 Setl1 Setl3 Kodak24
JPEG2K  27.45/0.7699 26.69/0.7543 27.86/0.7457 22.35/0.5882 21.76/0.5494 22.56/0.5249
BM3D  32.22/0.8991 31.15/0.8808 32.37/0.8754 26.66/0.7505 25.64/0.6912 27.04/0.6900

DIP 29.11/0.7990 30.31/0.8570 31.42/0.8454 23.69/0.5863 25.14/0.6916 26.37/0.6761
DD 28.83/0.8215 29.22/0.8371 28.71/0.8016 24.37/0.6629 24.96/0.7006 25.59/0.6679

15 S28 26.81/0.8158 20.61/0.6879 23.08/0.7695 21.75/0.6872 19.23/0.6553 22.52/0.7418
ZS-N2S  28.92/0.8495 18.18/0.5690 18.68/0.5540 25.06/0.7051 21.23/0.6066 22.24/0.6170

ZS-N2N  30.01/0.8169 30.95/0.8701 32.30/0.8650 24.04/0.5766 25.37/0.6878 26.80/0.6757

ZS-NCD 31.35/0.8580 31.93/0.8983 33.18/0.9026 25.65/0.7132 26.44/0.7434 27.64/0.7432

JPEG2K  24.91/0.6997 24.32/0.6676 25.43/0.6550 23.03/0.6108 22.65/0.5952 23.58/0.5680

BM3D  29.79/0.8523 28.81/0.8213 29.98/0.8092 22.70/0.5741 22.17/0.5992 24.13/0.5931

DIP 26.60/0.7128 27.85/0.7837 28.90/0.7738 24.94/0.6512 26.13/0.7289 27.49/0.7243

25 DD 26.93/0.7530 27.40/0.7832 27.62/0.7496 25.48/0.7022 26.04/0.7373 26.56/0.7060
S28 23.32/0.7306  17.95/0.5998 20.69/0.6949 23.40/0.7355 20.18/0.6927 23.09/0.7674

7ZS-N2S  27.30/0.7971 20.39/0.6200 20.89/0.6156 26.01/0.7478 21.19/0.6312 21.47/0.6277

ZS-N2N  27.18/0.7173  28.36/0.8001 29.54/0.7798 25.40/0.6432 26.75/0.7455 28.21/0.7374

ZS-NCD 28.93/0.8079 29.33/0.8351 30.60/0.8144 27.10/0.7431 27.60/0.7827 28.77/0.7677

JPEG2K  22.05/0.5794 21.43/0.5295 22.17/0.5055 24.77/0.6811 24.25/0.6696 25.52/0.6608

BM3D  26.56/0.7619 25.78/0.7134 27.06/0.7047 23.09/0.5787 23.00/0.6281 24.49/0.6008

DIP 23.46/0.5783 24.82/0.6748 25.90/0.6494 26.30/0.7004 27.72/0.7845 29.12/0.7845

50 DD 24.01/0.6584 24.56/0.6779 24.98/0.6413 26.87/0.7455 27.43/0.7867 27.71/0.7543

S28 17.41/0.5200 14.21/0.3938 17.00/0.5325 25.70/0.7896 21.75/0.7365 23.88/0.8014
7ZS-N2S  24.74/0.6883 20.62/0.5880 20.05/0.5774 27.08/0.7855 20.75/0.6033 20.25/0.5993
ZS-N2N  23.52/0.5457 24.67/0.6444 25.82/0.6151 27.26/0.7216 28.57/0.8112 30.13/0.8076
ZS-NCD 25.58/0.7144 25.87/0.7269 27.89/0.7464 28.44/0.7914 29.09/0.8223 30.60/0.8235

performance across noise levels and image resolutions. For example, ZS-N2S and Self2Self degrade
on high-resolution images, likely due to the limitations of training with masked pixels. ZS-N2N
performs well on high-resolution images from Kodak24 but suffers on lower-resolution images in
Setl13 (192 x 192), as it is trained to map between two downscaled versions of the same noisy image.
In comparison, ZS-NCD maintains robust performance across different noise levels and image sizes.
The more realistic case of not having access to the noise parameter o was discussed in Section 4. In
both noise regimes, we use MSE as the loss function. However, for Poisson noise, minimizing the
negative log-likelihood is also a natural choice. We defer the results using this loss to Appendix B.3.

Table 3: First 2 rows: Denoising performance (average PSNR / SSIM of 6 images) under AWGN
N(0,0%1) on Mouse Nucle fluorescence microscopy images (image size 128 x 128). Noise levels
are 10 and 20. Last row: Real camera denoising performance on camera image dataset: PolyU. The
images are cropped into size of 512 x 512. We report the average PSNR / SSIM of 6 random images.

o JPEG2K BM3D DIP DD ZS-N2N 7ZS-N2S S28 ZS-NCD

10 32.89/0.8294 38.65/0.9640 36.43/0.8789 37.33/0.9533 36.17/0.9319 31.26/0.8812 12.63/0.2966 38.23/0.9508
20 28.57/0.6986 34.96/0.9296 32.32/0.7889 33.50/0.9092 32.25/0.8532 30.41/0.8600 10.09/0.1559 34.71/0.9093

Unknown 32.89/0.8294 35.71/0.9506 35.43/0.9408 34.83/0.9395 34.07/0.9028 23.61/0.8344 35.66/0.9527 35.84/0.9534

Fluorescence microscopy and real camera images To evaluate performance in low-data and
domain-shift settings, we test ZS-NCD on Mouse Nuclei fluorescence microscopy images [56], which
differ significantly from natural images in structure and texture. We also assess real-world denoising
using the PolyU dataset [57], which contains high-resolution images captured by Canon, Nikon, and
Sony cameras. Ground-truth images are obtained by averaging multiple captures, while the noisy
inputs are single-shot acquisitions. Results are shown in Table 3. ZS-NCD consistently outperforms
other learning-based zero-shot denoisers, demonstrating robustness to unknown noise models and
non-natural image distributions.

Table 4: Comparison of AWGN denoising of Conv and MLP based ZS-NCD on Setl1.
ZS-NCD o=25 o =50

Conv 28.93/0.8079 25.58/0.7144
MLP 29.52/0.8363  25.89/0.7306




Figure 4: Denoising Parrot using ZS-NCD, where only a single pixel from each overlapping patch
(stride 1) is retained after compression. (AWGN, o, = 25.) Each heatmap value indicates the PSNR
achieved when denoising is based solely on the pixel at that specific location within each patch.

Robustness to overfitting. Most learning-based zero-shot methods are prone to overfitting due to
the lack of clean targets and the use of overparameterized networks. In contrast, ZS-NCD, grounded
in compression-based denoising theory, overcomes this issue given the entropy constraint. To
further highlight this key aspect of ZS-NCD, we replace the convolutional encoder-decoder (=~ 0.4M
params) with a fully connected MLP (= 2.3M params) and observe that, instead of degradation, the
performance improves using the same A (see Table 4).

Effect of overlapping patch aggregation. As described in Section 4 and illustrated in Fig. 1,
ZS-NCD denoises each pixel by aggregating outputs from overlapping patches, where each patch is
first compressed and then decompressed using a learned neural compression model. Intuitively, one
might expect the most accurate reconstruction for a given pixel to come from the patch in which it
lies at the center, as this location benefits from the largest available spatial context, which has been
observed in [58].

This observation leads to the question: Does averaging over overlapping reconstructions improve
denoising quality, or would it suffice to use only the patch where pixel appears at a fixed position (e.g.,
the center)? From a computational perspective, both strategies are equivalent, since in both methods
every patch is processed, but in averaging scheme, each patch contributes to all the pixels it covers.

To investigate this, we conducted an ablation in which, instead of averaging, each pixel (i, j) is
reconstructed solely from one of the k& x k patches in which it appears, using a fixed location in the
patch (e.g., top-left, center, etc.). The results are shown in Fig. 4, where each heatmap entry reports
the PSNR obtained by using only that specific location in the patch for reconstruction. As expected,
performance is best when the pixel is centrally located, and degrades as it moves toward the patch
boundaries.

However, the key observation is that averaging across all overlapping reconstructions yields a
substantial performance gain. For instance, in denoising Parrot (from Setl1 dataset), the best single-
location reconstruction achieves 25.90 dB (center), while averaging achieves 28.14 dB, a gain of
over 2 dB. This highlights the denoising benefit of combining multiple noisy views of each pixel,
consistent with principles from ensembling and variance reduction.

6 Conclusions

We have studied maximum likelihood compression-based denoising, and provided theoretical char-
acterization of its performance under both AWGN and Poisson noise. Furthermore, we introduced
ZS-NCD, a new zero-shot neural-compression-based denoising and demonstrated that it achieves
state-of-the-art performance among zero-shot methods, in both AWGN and Poisson denoising.

The presented theoretical results are derived by assuming a fixed (e.g., pre-trained/defined) compres-
sion code. Extending these results to the case of zero-shot learned compression codes is an interesting
direction for future research.
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A  Proofs

A.1 Auxiliary lemmas
Before stating the proofs of the mains theorems, here we state some lemmas that will be used later in
the proofs.

Lemma 1. Assume that 0 < o, < a1, as < aypy < o0o. Then,

Qm o (2 — 1) (%)2(02—041) _

< Dgp(Poisson(ay ) ||Poisson(as)) <

an 20 O, 200
Lemma 2. Consider independent Poisson random variables Y1, ..., Y, where Y; ~ Poisson(«;).
Consider wy,...,w, € R. Let 02 = Y"' | w?o; and wyy £ max;e(y, . ny |wi|. Then, for any
telo, 2],
n n 2
P(; w;Y; > izzlwiai + t) < exp(—m). (12)
and

P Y < i — 1] < —_—). 13
(Zw 2 e ) S w3 -

A.1.1 Proof of Lemma 1

Proof.
Dy (Poisson(a)||Poisson(as)) = as — a3 + a; log M ag — oy — oy log(1l+ @2 ).
(e%) aq
(14)
Using the Taylor’s theorem,
u?
log(1 +u) :u—f”(a)77 (15)
where f(u) = log(1l + u) and & € (0, u). Note that
1
1 -
F =~
Letting u = "‘ZOZM ,fora € (0,u),
QM 2 " Qm 2
—(—) < < —(—)°. 16
(G2 < f(a) < ~(52) 6
Combining (14), (15) and (16) yields the desired result.
O

A.1.2 Proof of Lemma 2
Proof. Define

n

fin =E[Zwm

i=1

n
= E w; O,
i=1

and




Consider s > 0, then using the Chernoff bound, we have

i=1 i=1

exp(st)

n

= exp(Z(ai(eS“’i —1—sw;)) — st). a7

=1

Note that foru € (—1,1),e* — 1 —u < 2(11_‘71/3) Assuming that s < ﬁ, then |sw;| < 1, for all 4.
Therefore,

n n
sw; (SU)@)Q
eXp(;(ai(e —1—sw;)) —st) < eXp(; ai(m) — st)
)2
(sw;)
< ; — st
xp ZO‘ 0 —swn3) Y
SQO'TQL
= — " — st). 18
P Ga ) (18)
Evaluating this bound at s = W, since 1 — swyr/3 = U%Jr‘;izjt/:s, it follows that
2 2 ; 2
S — (19)
2(1 — swyr/3) 2 2(02 + wprt/3)

To derive the other bound, we can follow the same steps and apply Chernoff bound as done in (17) to
get

IF’(Z w; Yy < iy — t> < exp(z a;(e7% — 1 4 sw;) — st). (20)
i=1 i=1

We now use the inequality for u € (—1,1):
w2
2(14+u/3)

et —1+u<
Assume 5 < - 50 that s|w;| < 1 for all 4. Then:
i ( —swi ] 4 < Z swl 2
a;(e Wi sw;) Qg
pt ’ ’ "2(1 4 sw;/3)
(sw;)?
<Y
— 4/3
5202

=1 1)

Hence,

- 5202
P ZiniS,un—t <exp<4/3”—st). (22)
i=1

Setting s = 2 2 , which satisfies s < — —,
M

5202 3t2 t?

= <
13 T 402 = T 202 fwnt)3) @3)
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A.2 Proof of Theorem 1

Proof. Recall thaty = x + z, with z is i.i.d. N(0,02), and
& = argmin ||c — y||3, & = argmin|jc — z|)3.
ceC ceC

Since both &, & are in C,

Il —yl3 < |12 - ylI3 (24)

(@ =) - 2[5 < || - =) - 23 (25)

& —2|* - 2(z,& — x) + ||2]* < |& - |* - 2(z, & — «) + ||z (26)
& - 2|* < ||& - 2|* - 2(2,2 - @) + 2(z, & — x) 27

& — 2| < |2 - 2|® + 2[(z,& — )| +2[(z, & —z)|.  (28)

Let e = & — x denote the error of the compression-based estimate of ground truth  from its noisy
version y, and d = & — x denote the distortion from the compressing the ground truth & with the
compression code C, then we have

lell> < [|dll* + 2|(z, e)| + 2[(z,d)] (29)
d

— ||d||? +2 Sy 42| ’ 30

d]| lell|(= ”e”> dll|(z ||d||> (30)

For any possible reconstruction ¢ € C, we define error vector e(®) = ¢ — . Given ¢y, 5 > 0, define
event & and & as

n ()
€ .
51{;%”9@” <t : cEC}. (31)
and
n e(i)
& = E_;ZW <ty g, (32)

respectively. Conditioned on & N &, it follows from (30) that

lel> < lldlf” + 2t [le]| + 2t2]ld]- (33)

Therefore,
lell? 261 lle]l + £ < |d|* + 2t | d] + & + (2 — £3), (34)
llell = t2] < \/(ldll + £2)2 + (£ — 3), (35)

and finally,

lellz < |ldll2 + 1 +t2 4+ (/1T — 13, (36)

where the last line follows because va + b < v/a + Vb, for all a,b > 0. To finish the proof we need
to bound P((£1 N &2)¢) and set parameters ¢; and t5.

() . . . (o)
Note that for each c, m is a unit vector in R". Therefore, Y-, zzm ~ N(0,02). Hence,

t2
JZ

Therefore, applying the union bound and noting that |C| < 27,

n

P<_

St
()l
= lle@]

t2
c) < R+1 1
P(EY) <2 exp( 20_3), (38)
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and

2
P(E5) < 2exp (2';22> (39)

Forn € (0,1), set
t1 =0,v/2In2R(1 + n),

ty = 0./2In2Rn.

and

Then,
P(Ef U E5) < 27712, (40)

Using the selected values of ¢; and ¢, in (36) yields the desired result, i.e.,

1 21 2)R
where we have used the fact that 2||d||3 < 6. O

A.3 Proof of Corollary 1

Proof. We start by designing a lossy compression code for the set of signals in Q,,, defined as
Qn={z e R": |zllo <k, [@]o <1} (41)

For a k-sparse « € Q,,, let (%) ¢ R* denote the k-dimensional vector derived from the non-zero
coordinates of . We define a lossy compression code ( f, g) that achieves distortion . Specifically,
given a k-sparse x € Q,,, the encoder operates as follows:

1. Encode the number of non-zero entries and their locations. This requires at most

log, k + log, (Z) <logy, k+k logQ(%)

bits.

2. Quantize the values of the non-zero coordinates such that overall distortion J is achieved. To
achieve this goal it quantizes each non-zero coordinate of @ into b bits. Let [x;], denote the
b-bit quantized version of ;. Then, |z; — [z;]5| < 27°. Therefore, the overall /5 distortion

can be bounded as
& — g(f ()5 < k272",

Choosing
1 k
b= |-logy, —
|—2 ) 'I’L(S“

ensures that ||z — g(f(x))||2 < nd.

It can be observed that overall the number of bits required for describing the signals in Q,, within
distortion § can be bounded as

k k n
R < §log2(%) + klog, ¥ + ¢k,

where ¢, = logy k + k(logye + 1). Using the defined lossy compression code to solve (1) and
applying Theorem 1, it follows that, with a probability larger than 1 — 27 77+2,

. k k k
|:c—w||2§\/g+azC\/2nlog2(n5) logQ(k)—i-f

= \/5+UZC\/k log2(]:;)—i-ci

2
Jn
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where C' = 2(1 + 2,/7)V2In 2. Let

1
o= —.
n
Then,
1 . 1 klog, k kK n Ck
IR SR 7 3 I
1 n
= %—i-azc 10g2(z)+’)’n7
where
klogy k ¢k
Yn =
2n n

Finally, since R > klog,(%),

1— 2777R+2 Z 1— efnklog(%).

O
A.4  Proof of Theorem 2
Proof. Recall that arg mineee £(c; y). Let
T = arg rcne%l |z — cl|2.
Since both & and & are in C, we have L(&;y) < L(Z;y), or
n (aZ; — yilog &;) < En: (aZ; — y;log 7;) . (42)
i=1 i=1

Given the input signal € R™ and ¢ € C, let Poisson(ax) and Poisson(a«c) denote the distributions
corresponding to independent Poisson random variables with respective means ax; and ac;. Note
that

n

Dk (Poisson(ax)||Poisson(ac)) = Z (a(ci —x;) + ax; log E) (43)

i=1
Adding ), (—ax; + ax; log ;) to the both sides of (42), it follows that

n

Z (T — ;) — yilog &; + ax;logx;) < Z (& — i) —yilog @ + ax;logx;),  (44)

i=1 i=1
or
Dy (Poisson(ax)||Poisson(ai)) + Z(ami —y;) log &;

i=1

< Dy (Poisson(ax)||Poisson(az)) + Z(ami —y;) log &;. 45)
i=1

Given t1,to > 0, define events £ and &, as

i=1

& = {Z(yl —ax;)loge; <ty : Ve e C} (46)

and

& = {Z(yz —ax;)logZ; > tQ} , 47
i=1
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respectively. Conditioned on & N &s,
Dy (Poisson(ax)||Poisson(ad)) < Dk (Poisson(ax)||Poisson(a&)) + t1 + ta,  (48)

and consequently from Lemma 1,

2 2

T s ~ T ~

“Frale - &3 < —Falle — |3 + (4 +t2). (49)
max min

To finish the proof, we bound P(&; N &) and set ¢1 and ts.
To bound P(£5), we apply Lemma 2, where for each ¢, we set w;(c) = log . Then,

n

o"(c) = Z(log %)ani < ap? in,

=1 i=1

and
wyy = max |w;| < B,
K3
where
=1 .
B og(xmin)
Therefore, using the union bound, it follows that
R 7
P(E7) < 2% exp(— -
( 1) = p( 2(0[62 Zi:l z; _’_6{;1/3))
2
< 2R — ! . 50
< 27 exp( 2(naB2rmax + ﬁt1/3)) 0

To bound P(£5), we again apply Lemma 2, with w; = log %, and derive
3
(@f? 325y @i + Bta/3)

3
naﬁzxmax +ﬁt1/3)) (51)

Setting ¢ and ¢, such that they are both smaller than 3na3, and noting that x,,,x < 1, we have

P(&3) < exp(—3 )

< exp(—2(

2 2

. e t t
P(EFNES) < 2R exp(—4noléﬁz) - exp(—4n;62). (52)

Choosing t1 = 81/ 5nR(1 + n)a and t; = B4/ 5nRna, it follows that
P(EfNEs) <277, (53)

A.5 Proof of Theorem 3

Proof. Recall that

& = argmin ||c — y/a|3, & = argmin ||c — z||3.
ceC ceC

Following the similar setup as in Section A.2, we get
& —y/ol* < || —y/al®
|& —z+a—y/ol* < |2 -2 +z-y/af?
& —|® - 2(y/a —z,& — ) + |y/a —z|* < [|& — 2|* - 2(y/a — 2, & —z) + |y/a - z|?
& - z|* < || - 2|* - 2(y/a —x, & — @) + 2y/a — x, & — @)
& —2|* < |z — 2|* + 2/(y/a — 2, — 2)| + 2/(y/a — 2,2 — z)|.
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Defining e, d and e®) ¢ e (, as done in the proof of Theorem 1, we have

lell> < ||d|I” + 2[(y/a — z, e)| + 2|(y/a — z, d)|. (54)

Define events

& = { > (i —aw)el® | <ti:e= 1,...,2R}, (55)
i=1
and
n ~
&y = { S (g — az)el®| < tg}. (56)
=1
Conditioned on &1 N &, it follows that
lell* < ld)l* + 2(t1 + t2) /e, (57)

(e)

Using Lemma 2 with y; ~ Poisson(ax;) and w; = e, ’, it follows that

P P — QT e(-c) >t <2ex (—), 58)
(13—t 21) <20~ :
where
o2 = Zw?ai = aZ(egc))%i < nazxd, (59)
i=1 i=1
and
Wy = iegl,?j%fn} |wz| S Tmax-

Using the union bound and noting that |C| < 2%, we have

2
P(&7) < 2+ exp (_ 2(na3 o i t1$max/3)> o
and
¢ t%
P(£3) < 2exp (_2(m;°;laxa + tzxmax/i%)) ' o
Setting ¢ and ¢ such that they are both smaller than 3nz2,, «, and noting that Zp,.x < 1, we have
12 3
P(£° M £2) < 27+ exp(*ﬁ) + 2exp(fﬁ). (62)

Forn € (0,1), set

t1 = 2v/n(n2)(1+ n)aR,

to = 2y/nn(In2)aR.

and

Then,
P(EF U E5) < 27112, (63)

Using the selected values of ¢1 and t» in (57) yields the desired result, i.e.,

R R
lell < Il + 4\/ﬂ(ln2)(1 )+ 4\/n77(1n2)

< ||d|I3 + \/?(4\/1?2)(\/1+n+\/77+ 1),
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Figure 5: Neural compression network used for denoising. Conv and FC denote the convolutiona and
fully connected layer, respectively. GDN and ReL U are activation functions.

B Additional experiments and experimental settings

In this section, we provide the details of the networks structures and experimental settings. We also
present more experiments for Poisson denoising using MLE and MSE loss functions with unknown
noise level.

B.1 Network structure

For our experiments we used 3 convolutional layers in the encoder with 128 number of channels for
the first two layers in the encoder (and the last two layers of decoder), see Figure 5. For color images
we choose the number of channels in the last encoder (and first decoder) layer equals to 32, and for
grayscale images equals to 16. The MLP-based network of the ablation study in Section 5 has 3 fully
connected layers in the encoder with 1024 hidden units for the first two layers in the encoder (and the
last two layers of decoder). The number of hidden units in the last encoder (and first decoder) layer
equals to 16. As activation function we use GDN [32] for Conv network and ReL.U for MLP.

B.2 More recent improvements on Zero-shot Noise2Noise

Zero-shot Noise2Noise (ZS-N2N) [24] learns a mapping between two downsampled noisy images
extracted from the original image. This strategy of generating noisy samples was extended in two
recent concurrent works. Dual-sampling Noise2Noise (DS-N2N) [29] identifies a key sub-optimality
in ZS-N2N: the network learns to denoise at a lower resolution but is then directly applied to the
larger, original resolution. To address this, the authors proposed to apply an additional bicubic
upsampling to the downsampled images and train the network on both the low-resolution and the
upsampled pairs, which boosts the performance of ZS-N2N.

In Pixel2Pixel [30], the authors identified the local sampling in ZS-N2N insufficient to break the
spatial correlation of real-world noise. To address this issue, Pixel2Pixel first finds a “pixel bank™ for
each pixel based on the non-local similar patches. Then, by randomly choosing pixels from the bank,
it generates multiple noisy pairs to be used as a pseudo-training dataset for zero-shot denoising.

We have compared the performance of both methods under AWGN and Poisson noise in Tables 5 and
6, respectively. Each paper’s official code was used to report the numbers in the tables. In AWGN,
our compression-based denoiser ZS-NCD outperforms both methods while achieving the second-best
performance in Poisson denoising. Pixel2Pixel performs well in Poisson denoising.

Table 5: Average PSNR(dB)/SSIM denoising performance on Kodak24 dataset under AWGN
N(0,02). Best results are in bold, second-best are underlined.

o, =15 o, =25 o, =50
ZS-N2N (2023)  32.30/0.8650 29.54/0.7798 25.82/0.6151
DS-N2N (2025)  32.31/0.8803 29.64/0.8044 25.42/0.6378
Pixel2Pixel (2025) 31.31/0.8707 29.89/0.8098 26.55/0.6873
ZS-NCD 33.18/0.9026 30.60/0.8144 27.89/0.7464

22



Table 6: Average PSNR(dB)/SSIM denoising performance on Kodak24 dataset under Poison noise,
Poisson(ax) /. Best results are in bold, second-best are underlined.

a=15 a =25 a =50
ZS-N2N (2023) 26.80/0.6757 28.21/0.7374 30.13/0.8076
DS-N2N (2025)  27.29/0.7016  28.50/0.7540 30.27/0.8250
Pixel2Pixel (2025) 28.22/0.7390 29.26/0.7891 30.41/0.8372
ZS-NCD 27.64/0.7432 28.77/0.7677 30.60 / 0.8235

B.3 MSE and likelihood estimation under Poisson noise without knowing true o

We compare the MSE and MLE distortion for Poisson denoising in Table 7 using the estimated & as
explained in Section 4.

Table 7: Minimizing Poisson negative log-likelihood (NLL) vs. MSE with estimated & for Camera-
man image in Set11. PSNR / SSIM are reported here.

a  MSE (with estimated &) NLL (with estimated &)
15 23.41/0.7554 23.13/0.7567
50 25.22/0.7961 24.88 /1 0.7460

B.4 Study on factors in patch-wise compression affecting denoising

In this section, we explain the intuition behind why learning compression networks and denoising on
overlapped patches is feasible. The centered pixels in the patches are better compressed as empirically
observed in [58], thus they can provide better denoising performance. To study the contribution of
each patch containing the single pixel to be denoised we design the experiment that, in the denoising
phase, we denoise the overlapped patches, but only a single pixel at the same location from each
patch is used to construct the final denoised image, instead of averaging all of them as in (9). We
show the denoising performance of each pixel location in Figure 6. The PSNR at each pixel denotes
the denoising performance of only using the specific pixel of each overlapped patches with stride 1.
We can find that the boundary pixels give lower PSNR, which is consistent with previous research
findings that the centered pixels are better compressed. Next, we analyze the effect of patch size
in both learning and denoising phases. Given that scaler quantization is applied and the entropy
model is learned on latent code of the patches, the compression performance on the latent code is
affected by both the patch size and the number of downsampling operations in CNN-based encoder.
We design the experiment that 3 downsampling operators are applied to patch size 8 and 16, where
the latent code sizes are 1 X 1 X np and 2 X 2 X ny respectively, where the denoising performance
at each pixel location is in Figure 6 (Left) and (Middle), and if we increase the downsampling to 4
for patch size 16, which results in the latent code size to be 1 x 1 X n;, the denoising performance
is in Figure 6 (Right). We find that spatial size of the latent code to be quantized matters given the
scaler quantization limitation, the reconstructed output by the decoder will be restricted by the only
correlated latent code as we can observe. Motivated from this, we perform the learning and denoising
phases both patch-wise with proper networks structure, all pixels in each patch are used and the
overlapped areas are averaged properly to reduce the variance of the compression-based estimates.

C Additional numerical results

In this section, we provide the full denoising numerical results of the denoisers on all the test images.
All the experiments were run on Nvidia RTX 6000 Ada with 48 GB memory. It takes 40 minutes to
denoise a grayscale image of size 256 x 256, and 50 minutes for an RGB image of size 512 x 768.
Adam optimizer is used for training the networks over 20K steps, with initial learning rate of 5 x 10~3
decreased to 5 x 10~* after 16K steps for the Conv-based network. The learning rate for MLP-based
networks is 1 x 1073,
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Figure 6: Denoising AWGN (o, = 25) of image Parrot by only compressing a single pixel in each
overlapped patches with stride 1. The PSNR at each pixel denotes the final denoising performance
by only compressing the pixel at that specific location in each patch. Left: patch size 8 x 8, with
downsampling factor equals 8 in fy, ; Middle: patch size 16 x 16, with downsampling factor equals
8 in fp, ; Right: patch size 16 x 16, with downsampling factor equals 16 in fy,.

C.1 Setll Dataset

For noise levels (15, 25, 50) we set A = (300, 850, 3000). Similar to Kodak and other experiments
we set training epochs to have 20K steps of gradient back propagation. For Poisson denoising
a = (15,25,50) the A = (3000, 1500, 1000). We report the detailed results of AWGN denoising in
Table 8, and Poisson noise denoising in Table 9.

Table 8: Setl1 Denoising performance comparison under AWGN N (0, o21).

256 x 256 512 x 512

- Method C.man House Peppers Starfish Monarch Airplane Parrot Barbara Boats Pirate Couple Average
BM3D 31.84/0.8974  34.94/0.8870 32.82/0.9118 31.16/0.9082 31.92/0.9409 31.09/0.9034 31.47/0.9032 33.04/0.9253 32.12/0.8604 31.94/0.8726 32.11/0.8795 32.22/0.8991
JPEG2K 27.12/0.7474  29.48/0.7621  27.96/0.7907  26.75/0.8077  26.74/0.8166  26.58/0.7664 27.30/0.7778  26.76/0.7690 ~ 27.87/0.7390  27.92/0.7471  27.44/0.7449  27.45/0.7699
DIP 27.94/0.7417 31.39/0.8111  29.80/0.8273  29.58/0.8605  29.93/0.8767 28.14/0.8047 28.37/0.7794 27.65/0.7538  29.48/0.7798 29.27/0.7817 28.65/0.7727  29.11/0.7990
DD 29.41/0.8099  32.83/0.8406  26.97/0.8488  29.39/0.8739  30.01/0.8957  26.44/0.8228  29.32/0.8447 24.48/0.7089  29.45/0.7883 29.78/0.8085 29.06/0.7938  28.83/0.8215
15 ZS-N2N 30.14/0.8133  32.19/0.8138  30.58/0.8264 29.52/0.8639  30.15/0.8551 29.98/0.8298  30.19/0.8290 27.70/0.7772  30.06/0.7900  30.06/0.7957 ~ 29.59/0.7913  30.01/0.8169
ZS-N2S 27.66/0.8272  31.08/0.8442 29.46/0.8675 28.83/0.8810 28.77/0.8961 27.34/0.8591 27.67/0.8528 28.75/0.8534 29.52/0.8139 29.41/0.8181 29.60/0.8311 28.92/0.8495
S28 20.29/0.6769  32.96/0.8633  23.96/0.8387  25.50/0.8250  30.05/0.9269 28.10/0.8611 20.20/0.7132  30.35/0.8865 27.74/0.7871 29.97/0.8192 25.82/0.7754 26.81/0.8158
ZS-NCD 30.83/0.8554  34.45/0.8835 32.20/0.8844 31.34/0.8749 31.83/0.8966 30.07/0.8552 30.40/0.8464 31.14/0.8826 31.09/0.8014 30.82/0.8302 30.67/0.8279  31.35/0.8580
ZS-NCD (MLP) 31.18/0.8680 34.86/0.8887 32.43/0.9009 31.37/0.9053 32.04/0.9263 30.79/0.8848 31.02/0.8839 32.55/0.9123 31.82/0.8468 31.35/0.8552 31.55/0.8638 31.91/0.8851
BM3D 29.54/0.8499  32.79/0.8561  30.13/0.8705 28.58/0.8578 29.36/0.9046  28.50/0.8584  28.94/0.8561 30.63/0.8887 29.87/0.8039 29.64/0.8082  29.74/0.8206  29.79/0.8523
JPEG2K 24.49/0.6976  27.26/0.7269  24.93/0.7206 24.18/0.7167  24.06/0.7561  23.91/0.7126  24.38/0.7162  24.09/0.6825 25.61/0.6577 25.76/0.6566  25.28/0.6534  24.91/0.6997
DIP 25.23/0.6043  28.93/0.7545  27.39/0.7579  26.39/0.7777  27.47/0.8169  25.57/0.6983  26.29/0.7409  24.75/0.6356 ~ 27.05/0.6843  27.06/0.6857  26.52/0.6847  26.60/0.7128
DD 27.24/0.7521  30.48/0.8023  25.39/0.7591 26.86/0.8051 27.69/0.8526 24.93/0.7120  27.29/0.7863  23.81/0.6455 27.49/0.7163 27.87/0.7380 27.13/0.7131  26.93/0.7530
25 ZS-N2N 27.32/0.7089  29.36/0.7276  27.46/0.7240  26.61/0.7821  27.20/0.7634  27.02/0.7463  27.16/0.7149  25.49/0.6854  27.26/0.6779 27.48/0.6931  26.63/0.6673  27.18/0.7173
ZS-N2S 26.24/0.7843  29.23/0.8073  27.77/0.8233  27.61/0.8463  27.35/0.8569 25.86/0.8023 26.27/0.7997  26.43/0.7759  28.23/0.7580  27.52/0.7526  27.74/0.7617  27.30/0.7971
S28 16.93/0.5998  29.12/0.8275 21.88/0.7666 21.14/0.6974  25.93/0.8606 24.12/0.7350  17.09/0.6069 25.79/0.7980  23.94/0.7061  27.32/0.7403  23.29/0.6979  23.32/0.7306
ZS-NCD 28.78/0.8237  32.14/0.8547  29.62/0.8406 28.48/0.8134  29.02/0.8494 27.77/0.8126  28.14/0.8007 28.39/0.8192  28.85/0.7444  28.64/0.7630 28.37/0.7648  28.93/0.8079
ZS-NCD (MLP) 29.08/0.8259 32.63/0.8525 29.85/0.8574 28.73/0.8547 29.42/0.8861 28.37/0.8477 28.75/0.8431 30.01/0.8658 29.59/0.7843  29.15/0.7859 29.10/0.7958  29.52/0.8363
BM3D 26.56/0.7813 .61/0.8029  26.85/0.7911  25.07/0.7508  25.82/0.8192  25.29/0.7713  26.02/0.7809  27.02/0.7888  26.76/0.7003  26.75/0.6962  26.37/0.6977  26.56/0.7619
JPEG2K 21.49/0.5880  24.24/0.6444  21.72/0.6077  21.39/0.5784  20.86/0.6414  21.11/0.6021  21.29/0.6035 21.65/0.5377 22.83/0.5318 23.29/0.5356 22.67/0.5025  22.05/0.5794
DIP 22.73/0.5846  25.67/0.6475 23.81/0.5987 22.99/0.6406 23.06/0.6293 22.64/0.5522 23.02/0.5811 22.38/0.5316 23.90/0.5371 24.43/0.5524 23.40/0.5064 23.46/0.5783
DD 23.89/0.6487  27.27/0.7282  22.95/0.7276  23.44/0.6700 23.55/0.7319  22.52/0.6652 23.87/0.6471 22.72/0.5980 24.47/0.6050 25.19/0.6340 24.30/0.5872 24.01/0.6584
50 ZS-N2N 23.36/0.5324  25.17/0.5167  23.86/0.5669 22.92/0.6186 22.95/0.6010 23.39/0.5988 22.87/0.5136 22.62/0.5150 23.93/0.5138 24.30/0.5330 23.30/0.4930  23.52/0.5457
ZS-N2S 24.65/0.6966 .72/0.7091  25.24/0.7297  24.05/0.7102  24.82/0.7618  24.04/0.7467  24.00/0.7078  22.81/0.5916 25.46/0.6512  25.55/0.6469 24.80/0.6197  24.74/0.6883
S28 14.23/0.4809  21.14/0.6396  17.80/0.5763 15.71/0.4176 ~ 18.33/0.5955 15.70/0.4828  13.66/0.4446 17.60/0.4883 18.69/0.5264  19.55/0.5354  19.12/0.5325  17.41/0.5200
ZS-NCD 25.55/0.7616  28.62/0.7995  26.31/0.7604 24.59/0.6925 25.53/0.7585 24.65/0.7338 25.31/0.7228 24.06/0.6525 25.61/0.6538 25.92/0.6707 25.19/0.6519  25.58/0.7144
ZS-NCD (MLP) 25.61/0.7342  29.13/0.7881 ~ 26.30/0.7702 24.85/0.7426  25.12/0.7795 24.84/0.7497 25.24/0.7596  25.55/0.7146  26.26/0.6698 26.25/0.6717  25.65/0.6560  25.89/0.7306

Table 9: Setl1 Denoising performance comparison under Poisson noise Poisson(ax)/cv.
256 % 256 512 x 512
«  Method C.man House Peppers Starfish Monarch Airplane Parrot Barbara Boats Pirate Couple Average

BM3D  26.64/0.7651  29.39/0.7668  27.13/0.7914  24.93/0.7519  26.32/0.8265 24.79/0.6730  26.26/0.7866 ~27.24/0.7860  26.82/0.6977 27.07/0.7048  26.67/0.7056  26.66/0.7505
JPEG2K  21.98/0.6032  24.35/0.6106 22.12/0.6213  21.52/0.5887  21.24/0.6493  20.87/0.5818  22.02/0.6378 21.94/0.5688 23.09/0.5346  23.75/0.5510 23.01/0.5237 22.35/0.5882

DIP 22.85/0.5382  26.32/0.6528 24.23/0.6138  23.23/0.6696  23.54/0.6875 22.07/0.4938 22.81/0.5723 22.59/0.5503 24.18/0.5533 24.95/0.5811 23.83/0.5362 23.69/0.5863

DD 24.45/0.6261  27.59/0.7453  23.20/0.7269  23.86/0.7164  24.66/0.7286 ~ 22.22/0.6055 24.38/0.6830 22.89/0.6081 24.64/0.6023 25.61/0.6516 24.58/0.5986  24.37/0.6629

15 ZS-N2N  24.19/0.5818 25.41/0.5346 24.65/0.6016 23.12/0.6520 23.92/0.6441 23.12/0.5565 23.83/0.5821 23.05/0.5503 24.40/0.5403 24.87/0.5684 23.94/0.5305 24.04/0.5766
ZS-N2S  24.94/0.7241 27.29/0.7317 25.71/0.7431 24.41/0.7417  25.37/0.7968 ~ 23.05/0.7051 24.98/0.7315 22.87/0.6087 26.08/0.6696 25.94/0.6655 25.09/0.6389  25.06/0.7051

S28 23.53/0.7325  22.01/0.7409  22.73/0.7300  18.20/0.6010  21.81/0.7813  16.18/0.5010  20.27/0.7304 ~ 22.10/0.7261 = 23.49/0.6529  24.72/0.6782 24.17/0.6843  21.75/0.6872
ZS-NCD  25.73/0.7660  28.87/0.8015 26.54/0.7745 24.65/0.6988 25.86/0.7791 24.21/0.6568 25.52/0.7356 24.11/0.6562 25.48/0.6510 25.93/0.6705 25.29/0.6552 25.65/0.7132

BM3D  22.69/0.5154 22.82/0.4765 22.74/0.5930 22.11/0.6947 = 23.44/0.7213  19.60/0.3788  23.05/0.5991 23.09/0.6508 22.77/0.5123 23.89/0.5979 23.45/0.5753 22.70/0.5741
JPEG2K  22.54/0.6267 24.97/0.6773  22.87/0.6076  22.26/0.6378 22.55/0.6641 21.59/0.5649 22.62/0.6373  22.55/0.5976 23.71/0.5685 24.20/0.5801 23.49/0.5566 23.03/0.6108
DIP 24.21/0.5976  27.06/0.6553  25.76/0.6945 24.41/0.7312  25.21/0.7384  23.58/0.6290 24.69/0.6608 23.11/0.5903 25.24/0.6130  26.10/0.6528 24.91/0.5998  24.94/0.6512
DD 25.59/0.6695  28.47/0.7606  24.20/0.7348  25.14/0.7667  26.16/0.8022  23.24/0.6306  25.89/0.7289  23.27/0.6257 25.84/0.6517 26.76/0.6961  25.77/0.6573  25.48/0.7022
ZS-N2N  25.54/0.6334  27.14/0.6234  25.82/0.6522 24.33/0.7158 25.51/0.7109 24.53/0.6274 25.55/0.6617 24.09/0.6173 25.60/0.6018 26.11/0.6354 25.16/0.5958  25.40/0.6432
ZS-N2S  26.22/0.7776  27.81/0.7643  26.55/0.7768  24.82/0.7795 26.48/0.8254 24.77/0.7463  25.44/0.7839 23.24/0.6387 27.25/0.7143  27.13/0.7200 26.44/0.6986  26.01/0.7478
S28 25.09/0.7572  24.10/0.7398  24.91/0.7733  19.11/0.6491  23.64/0.8226  17.93/0.6279  21.13/0.7692 24.01/0.7860  25.30/0.7058  26.45/0.7232  25.77/0.7360  23.40/0.7355
ZS-NCD 27.17/0.7635  30.09/0.8109 27.92/0.7932  26.27/0.7600 27.28/0.8093 24.93/0.6116 26.74/0.7551 26.24/0.7393  27.30/0.6993  27.32/0.7192  26.83/0.7123  27.10/0.7431

BM3D  22.94/0.5314 22.89/0.4548 23.22/0.5844 23.06/0.7150 23.87/0.6990 20.51/0.4115 23.65/0.6136 23.54/0.6545 22.82/0.5205 23.97/0.6087 23.47/0.5723  23.09/0.5787
JPEG2K  24.23/0.6635 26.87/0.6796  24.96/0.7042  24.08/0.7240  24.05/0.7568 23.40/0.6387 24.57/0.7077 23.95/0.6804 25.37/0.6414 25.73/0.6483 25.25/0.6475 24.77/0.6811

DIP 25.34/0.6348  28.88/0.7369  27.59/0.7559  26.18/0.7891  26.58/0.7728  24.69/0.6457  26.04/0.7062 23.88/0.6158 26.61/0.6712 27.21/0.7015  26.34/0.6747  26.30/0.7004

DD 27.24/0.7398  30.16/0.7784  25.44/0.7615 26.78/0.8127 27.82/0.8527 24.39/0.6568 27.39/0.7735 23.86/0.6518 27.30/0.7096  28.03/0.7476  27.16/0.7162  26.87/0.7455

50  ZS-N2N  27.63/0.7210 29.30/0.7113  27.92/0.7424  26.35/0.7857 27.38/0.7723  26.26/0.7037 27.68/0.7443  25.50/0.6883 27.31/0.6832 27.68/0.7075 26.84/0.6783 27.26/0.7216
ZS-N2S  26.82/0.8041 29.32/0.7832  27.75/0.8192  26.62/0.8243  28.03/0.8624  26.05/0.8097 26.56/0.8196 23.60/0.6606 27.92/0.7493  27.68/0.7557 27.54/0.7521 27.08/0.7855

S28 26.72/0.8220  27.19/0.8106  27.83/0.8300 20.47/0.7126  26.38/0.8780  21.09/0.6607 22.61/0.8001 27.07/0.8457 27.39/0.7620 28.31/0.7754  27.64/0.7885  25.70/0.7896
ZS-NCD  28.24/0.8093  31.90/0.8488 29.44/0.8410 28.02/0.8064 28.78/0.8504 26.99/0.7422 27.93/0.7961 27.60/0.7920  28.16/0.7273  28.11/0.7466 ~ 27.72/0.7456 ~ 28.44/0.7914
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C.2 Setl3 Dataset

All images are center-cropped at size of 192 x 192. For this set of images we set A = (100, 200, 800)
and for noise levels o, = (15,25, 50) and for Poisson denoising we have A = (900, 500, 200) for
noise levels = (15,25, 50). We report the detailed results of AWGN denoising in Table 10, and
Poisson noise denoising in Table 11.

Table 10: Set13 Denoising performance comparison under AWGN A/ (0, 021).

o Method Baboon Barbara Bridge Coastguard Comic Face Flowers. Foreman Man Monarch Peppers PPT3 Zebra Average
BM3D  28.56/0.7797 33.07/0.9151  30.39/0.8723  30.18/0.8799 28.74/0.9289  30.28/0.7665 29.62/0.9040 35.83/0.9369 29.88/0.8323 31.13/0.9361 31.77/0.8199 34.49/0.9588 31.02/0.9198 31.15/0.8808
JPEG2K  25.12/0.6539  27.01/0.7674  26.27/0.7426  25.79/0.7323  24.86/0.8017 27.35/0.6482 25.52/0.7986 30.86/0.8397 25.97/0.6983 25.63/0.7649 2 28.00/0.8183  26.33/0.8243  26.69/0.7543
27.25/0.7498  30.92/0.8403  30.18/0.8692  30.79/0.9036  28.25/0.9091  29.62/0.7611 28.85/0.8817 33.81/0.8947 29.99/0.8333  31.18/0.9085 32.22/0.8908  30.63/0.9203  30.31/0.8570
15 26.35/0.7029  24.27/0.7066  29.16/0.8508  28.80/0.8421 26.44/0.8932 29.59/0.7398 27.34/0.8634 34.87/0.9274 28.68/0.8073  30.02/0.9151 33.09/0.9277  30.22/0.9052  29.22/0.8371
28.63/0.7992  28.45/0.7803  32.08/0.9041  31.54/0.9141 28.70/0.9018  30.64/0.8048 29.67/0.8955 34.02/0.8817 31.63/0.8801 31.65/0.9120 32.84/0.9009  31.27/0.9277  30.95/0.8701
20.92/0.5844  21.14/0.5730  21.37/0.6468  20.78/0.4893  15.80/0.4987 22.03/0.5641 17.49/0.5154  8.43/0.3637  22.69/0.6725 12.21/0.6124  21.60/0.6438  11.58/0.4462 20.37/0.7871  18.18/0.5690
22.36/0.5810  30.39/0.8769  22.74/0.7485 22.72/0.7108 17.44/0.7015 17.23/0.4383 21.14/0.7121 16.78/0.8102 15.65/0.4463  26.92/0.8838  24.20/0.7398  15.48/0.7528 14.84/0.5400 20.61/0.6879
28.10/0.7831  33.85/0.9208  31.49/0.9051 32.65/0.9345 29.23/0.9355 30.51/0.7891 29.69/0.9077 35.85/0.9381 31.49/0.8867 33.21/0.9445 31.60/0.8281 35.07/0.9601 32.37/0.9448 31.93/0.8983
26.56/0.6892  30.70/0.8824  28.06/0.7955 27.59/0.7664  25.90/0.8698 28.87/0.6978  26.93/0.8396 33.51/0.9087 27.35/0.7428 28.72/0.9056 30.11/0.7823  31.66/0.9324  28.61/0.8643 28.81/0.8213
23.98/0.5711  24.14/0.6801  24.14/0.6400 23.53/0.5801 21.36/0.7014  26.17/0.5692  22.77/0.6809  28.30/0.7960 1/0.5667  23.03/0.7101  26.47/0.6729  25.23/0.7707  23.58/0.7389  24.32/0.6676
25.70/0.6734  27.27/0.7021  27.79/0.7999  27.86/0.8126  25.11/0.8382  28.16/0.6599  26.03/0.8164 31.17/0.8384 27.27/0.7446  29.02/0.8785 28.82/0.7313 29.20/0.8106  28.65/0.8820  27.85/0.7837
25 25.56/0.6589  23.56/0.6676  26.94/0.7758  26.77/0.7542  24.76/0.8397 28.37/0.6819  25.72/0.8058 32.22/0.8849  27.09/0.7366 27.68/0.8566 29.42/0.7615 29.94/0.8937 28.11/0.8641  27.40/0.7832
- 26.85/0.7287  26.73/0.7136  29.00/0.8282  28.30/0.8312  25.95/0.8462 28.71/0.7250 26.67/0.8248 31.31/0.8156 28.88/0.7940 29.03/0.8683 28.95/0.7282 29.78/0.8205 28.54/0.8768  28.36/0.8001
19.22/0.4963  15.44/0.3973  22.05/0.5859  21.55/0.5581 16.64/0.5734  25.76/0.6423  17.98/0.6324  20.90/0.6792 22.30/0.6170 21.29/0.7778  22.45/0.6535 17.04/0.6502 22.41/0.7964  20.39/0.6200
S28 18.66/0.4947  24.97/0.7969  19.43/0.6054  20.69/0.5890  16.30/0.6168 15.08/0.3846  17.57/0.5267 15.53/0.7605 14.11/0.3892  21.34/0.7849  22.40/0.6795  13.60/0.6805 13.69/0.4890 17.95/0.5998
ZS-NCD  26.54/0.7128  30.65/0.8388 28.78/0.8332 29.46/0.8718 26.83/0.8847 29.14/0.7367 27.05/0.8393 32.99/0.8870 28.83/0.8027 30.18/0.8917 29.62/0.7656 31.56/0.8898 29.63/0.9023 29.33/0.8351
BM3D  24.66/0.5953 26.99/0.7854 25.31/0.6606 24.45/0.5245 22.30/0.7299  27.19/0.6140  23.52/0.7068  29.84/0.8400 24.77/0.6272 25.62/0.8492 27.34/0.7139 27.51/0.8657 25.59/0.7613  25.78/0.7134
JPEG2K  21.99/0.4807 21.81/0.5541 21.55/0.4898 21.41/0.3641 18.50/0.5254 23.43/0.4603 19.92/0.5254 24.51/0.6873 20.74/0.4169 19.95/0.5819 23.66/0.5810 21.26/0.6490 19.81/0.5670 ~21.43/0.5295
DIP 24.07/0.5778  23.06/0.5943  25.05/0.6773  24.10/0.6179 21.64/0.7142  26.07/0.5804 22.84/0.6871 28.34/0.7754 24.60/0.6173  25.68/0.7922 26.06/0.6398 25.60/0.7060 25.55/0.7926 24.82/0.6748
50 DD 23.87/0.5745 06/0.6436  24.01/0.6402  23.43/0.4732  21.37/0.6956  26.83/0.6127  22.73/0.6819  29.12/0.8434 24.08/0.6011 24.09/0.7616  26.82/0.7055 25.40/0.8137 24.41/0.7659  24.56/0.6779
24.41/0.5999 99/0.5573  25.19/0.6726  24.45/0.6513  21.87/0.7014  25.90/0.5732  22.72/0.6619  27.10/0.6419 24.91/0.6111 25.11/0.7571  25.35/0.5654 25.14/0.6243  24.62/0.7594  24.67/0.6444
ZS-N2S  22.32/0.5704  16.65/0.5507 22.29/0.6475 21.75/0.4859 15.72/0.3989 25.49/0.6110 18.56/0.6121 24.16/0.7812 22.50/0.5681 19.83/0.6154 19.54/0.5440 16.26/0.4869 23.00/0.7724  20.62/0.5880
S28 14.08/0.3567  17.56/0.5046  14.95/0.3650  17.25/0.3204  13.55/0.3265 12.73/0.2916 13.31/0.2712  13.82/0.5715  12.16/0.2727  14.59/0.5444  17.16/0.4959 11.42/0.5186 12.16/0.2807  14.21/0.3938
ZS-NCD  24.32/0.6035 26.84/0.7333  25.70/0.7172  25.76/0.7385  23.14/0.7768  26.90/0.6401 23.74/0.7212  28.46/0.7716 25.46/0.6710 26.29/0.8075 26.40/0.6722 27.25/0.7856  26.10/0.8113  25.87/0.7269
Table 11: Set13 Denoising performance comparison under Poisson noise Poisson(ax)/a.

@ Method Baboon Barbara Bridge Coastguard Comic Face Flowers Foreman Man Monarch Peppers PPT3 Zebra Average
BM3D  24.46/0.5651  26.63/0.7712  25.18/0.6462 24.45/0.5186 22.07/0.7101 ~ 27.46/0.6342 23.51/0.7017 ~ 29.05/0.7747  24.98/0.6405 25.60/0.8101 27.53/0.7041  26.16/0.7288 26.19/0.7802  25.64/0.6912
JPEG2K  22.01/0.4873  21.82/0.5515 21.77/0.5163  21.69/0.3727 18.47/0.5237 24.97/0.5289 20.42/0.5841  23.83/0.6996  21.69/0.4723 20.21/0.5809 24.17/0.6012 20.73/0.5858 21.04/0.6381 21.76/0.5494
DIP 24.30/0.5907  23.05/0.6010  25.46/0.7069  24.21/0.5996  21.79/0.7282  26.99/0.6150  23.41/0.7456  28.03/0.7686  25.10/0.6444  26.34/0.8136  26.26/0.6510 25.44/0.7088  26.37/0.8180  25.14/0.6916
15 DD 23.89/0.5750  23.16/0.6479 24.83/0.6873 23.80/0.5544 21.52/0.7107 27.22/0.6387 23.41/0.7339  29.25/0.8522  25.03/0.6514 24.67/0.7745 27.09/0.7156  25.12/0.7640  25.43/0.8020 24.96/0.7006
ZS-N2N  24.82/0.6330 24.11/0.5768 25.82/0.7281 25.35/0.6946 21.99/0.7055 27.11/0.6779 23.67/0.7490  27.20/0.6491  26.60/0.7290 25.99/0.7740  26.01/0.6047 ~ 25.02/0.6004  26.13/0.8190  25.37/0.6878
ZS-N2S  21.39/0.5390 17.46/0.4084 22.23/0.6428 21.83/0.5714 17.53/0.5771 25.14/0.6103 17.97/0.5082  24.33/0.7854  22.94/0.5959 21.15/0.7157 21.53/0.5467 19.43/0.6122 23.08/0.7725  21.23/0.6066
S28 16.58/0.5042  21.66/0.6523  18.07/0.6269 22.14/0.6206 15.01/0.5319 24.18/0.6548 18.87/0.6736  14.80/0.7562  24.78/0.7188 17.73/0.7807 21.51/0.6626 12.61/0.5630 22.09/0.7728 ~ 19.23/0.6553
ZS-NCD  24.66/0.5807 27.63/0.7844  26.43/0.7443  26.40/0.7436  23.17/0.7781 ~ 27.53/0.6510 24.30/0.7680 29.58/00.8302 26.15/0.6997 26.46/0.7991 27.34/0.7196 26.68/0.7217 = 27.45/0.8440  26.44/0.7434
BM3D  20.61/0.4799  21.75/0.5241 22.93/0.6748 22.04/0.5620 19.94/0.6637 24.88/0.6358 22.35/0.7387  22.34/0.5167  23.11/0.5790 21.99/0.6799 22.75/0.5533 20.01/0.4239 23.48/0.7582 22.17/0.5992
JPEG2K  22.59/0.5060 22.38/0.5732 22.81/0.5904 22.12/0.4455 19.59/0.6087 25.30/0.5533 21.51/0.6444  25.19/0.7343  22.10/0.4841 21.52/0.6226 24.78/0.6181 22.07/0.6515 22.44/0.7057 22.65/0.5952
DIP 24.85/0.6243  24.02/0.5860  26.63/0.7646  25.41/0.6907  22.75/0.7640 27.42/0.6386 24.61/0.7935  29.42/0.8138  26.07/0.7119  27.02/0.8225 27.36/0.6839 26.86/0.7348  27.25/0.8467  26.13/0.7289
25 DD 24.51/0.6017  23.30/0.6625 25.78/0.7389  24.96/0.6226  22.80/0.7680 28.18/0.6808 24.65/0.7872  30.34/0.8723  25.91/0.6824 26.31/0.8306 28.07/0.7242  26.92/0.7823  26.80/0.8309 26.04/0.7373
- ZS-N2N  25.81/0.6876 25.11/0.6387 27.17/0.7874  26.65/0.7562 23.45/0.7635 28.28/0.7277 24.95/0.8033  28.68/0.7031  28.10/0.7878 27.67/0.8276 27.47/0.6713  26.90/0.6864 27.43/0.8511  26.75/0.7455
ZS-N2S  19.29/0.4409  21.36/0.5393  21.65/0.6879 20.44/0.4223 16.56/0.4988 25.41/0.6417 15.88/0.5870  25.29/0.8037  19.35/0.6591 21.09/0.6962 24.71/0.6801 22.47/0.7677 22.00/0.7806 21.19/0.6312
S28 17.40/0.5115  24.01/0.7441  18.56/0.6458 ~ 22.99/0.6967 15.48/0.5679 25.07/0.6826  19.74/0.7193  15.06/0.7385  26.12/0.7550  18.86/0.8094  23.26/0.6959 12.85/0.6302 22.89/0.8084 ~ 20.18/0.6927
ZS-NCD  25.23/0.6145 29.09/0.8189  27.60/0.7969 27.66/0.8053 24.50/0.8223 28.31/0.6908 25.65/0.8231 ~ 30.99/0.8571  27.21/0.7491 27.82/0.8309 28.40/0.7464 27.98/0.7490 28.42/0.8712 27.60/0.7827
BM3D  21.78/0.5516  22.44/0.5350 23.85/0.7114 22.60/0.6103 21.36/0.7094 25.06/0.6670 23.51/0.7921 ~ 23.08/0.4721  23.86/0.6477 22.82/0.6871 23.24/0.5494 5/0.4511  24.07/0.7814  23.00/0.6281
JPEG2K  23.83/0.5611 23.92/0.6612 24.26/0.6565 23.53/0.5775 21.09/0.6866 26.46/0.6041 22.88/0.7170  27.56/0.7817  23.77/0.5931 23.00/0.7123 26.46/0.6628 24.44/0.7320 24.00/0.7584  24.25/0.6696
DIP 25.67/0.6702  26.62/0.6890  28.12/0.8173  27.79/0.8136  24.29/0.8131  28.63/0.7149  26.30/0.8449  30.97/0.8395  27.29/0.7409  29.10/0.8779  28.24/0.7107 28.64/0.7849  28.74/0.8816  27.72/0.7845
50 DD 25.39/0.6439  23.57/0.6720 27.23/0.7930  26.69/0.7441  24.40/0.8285 28.69/0.7060  26.08/0.8358  32.04/0.8838  27.45/0.7575 27.94/0.8613 29.45/0.7641 29.37/0.8636 28.33/0.8740 27.43/0.7867
ZS-N2N  27.06/0.7422  26.44/0.7151  29.33/0.8535 28.72/0.8361 25.47/0.8308 29.57/0.7822 26.98/0.8566  30.77/0.7918  30.02/0.8491 29.50/0.8730 29.03/0.7330 29.21/0.7853  29.34/0.8968 28.57/0.8112
ZS-N2S  19.68/0.5011 19.80/0.4843  22.87/0.6603 19.48/0.3374 16.44/0.4783 18.21/0.4958 18.06/0.5203 ~ 25.22/0.8178  22.22/0.6118 21.95/0.7717 22.69/0.6847 19.84/0.7204 23.22/0.7586  20.75/0.6033
S28 19.15/0.5499  27.76/0.8445  19.57/0.6641 ~ 23.63/0.7330  16.26/0.6303  26.79/0.7083  20.99/0.7695  15.34/0.7890  27.87/0.8113  21.54/0.8363 26.51/0.7211 13.43/0.6657 23.93/0.8512 21.75/0.7365
ZS-NCD  26.05/0.6622 30.15/0.8172 29.25/0.8571 29.83/0.8761 25.99/0.8641 29.36/0.7458 27.52/0.8790  32.51/0.8739  29.05/0.8147 29.27/0.8500 29.64/0.7647 29.53/0.7775 30.03/0.9081 29.09/0.8223

C.3 Kodak24 Dataset

For Gaussian denoising A = (75, 150, 750) for noise levels o,

(15,25,50) and for Poisson de-
noising A = (750, 300, 150) for o = (15,25, 50). For BM3D Poisson denoising of oo = (15, 25, 50)
we set opmsp = (50, 25, 15). We report the detailed results of AWGN denoising in Table 12, and
Poisson noise denoising in Table 13.

Table 12: Kodak24 Denoising performance comparison under AWGN denoising NV'(0, 021).
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Table 13: Kodak24 Denoising performance performance under Poisson noise Poisson(ax)/a.

C.4 Microscopy Mouse Nuclei Dataset

For these images with noise level o, = (10, 20) we set A = (200, 600), we train the networks for
20K steps to obtain the results. We report the detailed denoising performance in Table 14 and 15
respectively.

Table 14: Denoising performance under AWGN N(0, 0%1) on fluorescence microscopy dataset:
Mouse Nuclei. Images are cropped into 128 x 128. Noise level o, = 10.

JPEG2K BM3D DIP DD ZS-N2N ZS-N2S S28 ZS-NCD

#

1 32.90/0.7954 38.88/0.9631 37.31/0.8973 37.73/0.9464 36.37/0.9356 34.70/0.9410 10.88/0.1687 39.03/0.9556
2 32.32/0.8300 37.53/0.9613  35.93/0.8909 36.46/0.9560 35.26/0.9345 28.78/0.8504 13.08/0.4000 36.83/0.9546
3 32.97/0.8584 38.43/0.9690 36.17/0.8482 37.03/0.9631 35.86/0.9405 31.53/0.9307 12.76/0.3374 37.81/0.9634
4
5

32.57/0.8418  38.05/0.9605 35.82/0.9107 36.70/0.9478  34.86/0.9066 32.13/0.8688 14.42/0.3639  37.51/0.9303
34.54/0.7646  41.53/0.9596  38.09/0.8268  40.02/0.9438  39.30/0.9252 29.75/0.7976  10.22/0.1165  40.93/0.9420
6 32.02/0.8860  37.49/0.9703  35.24/0.8997 36.05/0.9628 35.38/0.9491 30.63/0.8989 14.42/0.3931 37.26/0.9588

Average 32.89/0.8294  38.65/0.9640 36.43/0.8789 37.33/0.9533 36.17/0.9319 31.26/0.8812  12.63/0.2966  38.23/0.9508

Table 15: Denoising performance under AWGN A/ (0, 021) on fluorescence microscopy dataset:
Mouse Nuclei. Images are cropped into 128 x 128. Noise level o, = 20.

# JPEG2K BM3D DIP DD ZS-N2N ZS-N2S S28 ZS-NCD

1 28.37/0.6337 35.10/0.9211  33.09/0.8485 33.70/0.8938 32.32/0.8609 32.59/0.8763  9.30/0.0240  34.98/0.8843
2 27.97/0.7255 33.80/0.9410 31.41/0.7986 32.39/0.9239 31.07/0.8421 28.42/0.8328 10.73/0.2383 33.75/0.9172
3 28.42/0.7121  34.45/0.9352  31.47/0.7642 32.64/0.9096 31.63/0.8660 31.08/0.9003 10.12/0.1807 34.25/0.9216
4 29.31/0.7557 34.30/0.9245 31.02/0.7598 32.71/0.9008 31.12/0.8168 30.60/0.8551 11.33/0.1947  33.87/0.8947
5 29.62/0.5932  38.50/0.9158  35.45/0.7763  37.18/0.9068  35.90/0.8585 32.89/0.8640  8.23/0.0650  37.70/0.9137
6 27.71/0.7713  33.61/0.9399  31.48/0.7860 32.41/0.9206 31.43/0.8750 26.87/0.8312 10.83/0.2328  33.72/0.9245

Average 28.57/0.6986  34.96/0.9296 32.32/0.7889  33.50/0.9092  32.25/0.8532  30.41/0.8600 10.09/0.1559  34.71/0.9093

C.5 Real Camera Noise Dataset PolyU

For these images with unknown noise model/level A = 25. Also for BM3D the best peroformance
was achieved with setting opysp = 15. We report the detailed denoising performance in Table 16.
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Table 16: Real camera denoising performance on camera image dataset: PolyU. The dataset includes
photos taken from 3 brands of cameras. Randomly selected 6 images are cropped into 512 x 512.

Models C.plugll C.bikel0 N.flowerl N.plant10 S.plant13 S.door10 ‘ Average

JPEG2K  36.26/0.9615 34.23/0.9371 33.55/0.9194 36.74/0.9157 30.39/0.9001 34.84/0.9012 | 34.33/0.9225
BM3D  37.15/09758 34.85/0.9615 35.81/0.9504 38.40/0.9410 31.65/0.9465 36.43/0.9285 | 35.71/0.9506
DIP 37.62/0.9724 34.85/0.9534 34.93/0.9396 37.64/0.9256 31.50/0.9396 36.02/0.9145 | 35.43/0.9408
DD 36.79/0.9722  34.73/0.9566 34.85/0.9366 37.84/0.9327 30.91/0.9305 33.88/0.9084 | 34.83/0.9395
ZS-N2N  36.30/0.9621 33.18/0.8853 33.28/0.8974 36.21/0.8862 30.57/0.9052 34.89/0.8804 | 34.07/0.9028
ZS-N2S  22.76/0.9119 20.36/0.8133 25.20/0.8670 33.63/0.8920 21.33/0.8256 18.39/0.6966 | 23.61/0.8344
S28 37.75/0.9765 33.56/0.9545 35.78/0.9537 38.30/0.9398 31.93/0.9483 36.65/0.9433 | 35.66/0.9527
ZS-NCD  36.99/0.9763 34.79/0.9586 35.43/0.9489 38.65/0.9449 31.79/0.9464 37.42/0.9451 | 35.84/0.9534
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D Visual Comparisons

In this section, we provide more visualization comparison of the zero-shot denoisers. The reconstruc-
tion PSNR and SSIM are above the images.

D.1 Kodak24

Grount Truth (e, 1.0) Noisy (20.17 / 0.4078)
) . . ey

ZS-N2N (27.99/0.7707)

Figure 7: Kodim24 under additve white Gaussian noise (o, = 25).
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Ground Truth («, 1.0) Noisy (17.80/ 0.3365)

DD (24.57 / 0.7007)
B 3 F ‘?'"’%' .

525 (18.05/0.7221)

ZS-N2N (26.39/0.7239) ZS-NCD (27.82/0.8012)

Figure 8: Kodim24 under Poisson noise (o = 25).
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D.2 Mouse Nuclei

Ground Truth (e / 1.0) Noisy (22.1 / 0.3839)

BM3D (35.10/0.9211) DD (33.70/ 0.8938)

S2S5(9.30/0.0240) Z5-N2S (32.59/0.8763)

ZS-N2N (32.32/0.8609) ZS-NCD (34.98 /0.8843)

Figure 9: Mouse nuclei reconstruction comparison under additive white Gaussian noise (o, = 20).
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification:

e We claim that our proposed method is zero-shot, the details of how to crop patches
from the single given noisy image can be found in Figure 1 and Section 4.

e We provide the theory connects compression and denoising, which can be found in
Section 3, we characterize the performance for both AWGN and Poisson noise.

e We claim that the proposed ZS-NCD is the state-of-the-art zero-shot denoiser over both
natural and non-natural images, this can be found empirically in Table 2 and 3.

Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

e The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

e The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

e It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We have a section 6 which includes the discussion on the limitation of our
work.

Guidelines:

e The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

e The authors are encouraged to create a separate "Limitations" section in their paper.

e The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

e The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

e The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

e The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

e If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

e While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification:
o We assume that the compression code for Q is defined by an encoder-decoder pair
(f, g) characterized by R and d, these appear in the theoretical results we provide.
e The proof of all the proposed theorems and corollary are provided in Appendix A.

Guidelines:

e The answer NA means that the paper does not include theoretical results.

o All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

o All assumptions should be clearly stated or referenced in the statement of any theorems.

e The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

o Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification:

e The neural networks structures we used are provided in Appendix B. The learning
parameters including learning rate and optimizer are also included. The hyperparameter
A for each noise level are introduced in Appendix C.

e The code of our proposed method is included in the supplementary.
Guidelines:

e The answer NA means that the paper does not include experiments.

o If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

o If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

e Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

e While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification:

e We provide the implementation code of our method in ZS-NCD. We provide the
instruction and comments in how to run the code. We also provide the requirements of
the environments to run the code.

Guidelines:

e The answer NA means that paper does not include experiments requiring code.

e Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

e While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

e The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

e The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

e The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

e At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

e Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide the networks structures, hyperparameter A, learning rate and
optimizer in training the neural networks.

Guidelines:

e The answer NA means that the paper does not include experiments.

e The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

e The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Our experiments follow standard practice in image denoising, where evaluation
is performed on fixed noisy images and results are reported using metrics such as PSNR.

Guidelines:

e The answer NA means that the paper does not include experiments.

e The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

e The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

e The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

e The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

e For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide the information of computing resources and the running time in
Appendix C.

Guidelines:

e The answer NA means that the paper does not include experiments.

e The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

e The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

e The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Our research on zero-shot neural compression based denoising conducted in
the paper conform with the NeurIPS Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.
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10.

11.

12.

e The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper proposes a novel way of denoising. Zero-shot denoiser has great
potential to be used for imaging systems without ground truth and large amount of noisy
images, such as microcopy and medical imaging. Providing the good denoised version of
the acquired noisy images is beneficial to the downstream tasks.

Guidelines:

e The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

e Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

e The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

e The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

o If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Our paper poses no such risks.
Guidelines:

e The answer NA means that the paper poses no such risks.

e Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

e Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

e We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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13.

14.

15.

Answer: [Yes]
Justification: We have cited properly about the datasets we used in the paper.
Guidelines:

e The answer NA means that the paper does not use existing assets.
e The authors should cite the original paper that produced the code package or dataset.

e The authors should state which version of the asset is used and, if possible, include a
URL.

e The name of the license (e.g., CC-BY 4.0) should be included for each asset.

e For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

e If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

e For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

o If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: Our paper does not release new assets.
Guidelines:

e The answer NA means that the paper does not release new assets.

e Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

e The paper should discuss whether and how consent was obtained from people whose
asset is used.

e At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

o The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

o Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

e According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

e The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

e Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

e We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

e For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in our research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

e The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

e Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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