Zero-Shot Image Denoising via Hybrid Prior-Guided Pseudo Sample Generation

Supplementary Material

Algorithm 1 Local Prior-Guided Down-Sampling (S,)

Algorithm 2 Generation of Pixel Bank B, for S,

Input: Noisy image x € R"¥*¢ window size k
Output: Downsampled samples (x¢,¥¢), (X5, yr)

1: Initialize X, y¢, Xp, yr € R/2Xw/2X¢ a5 7er0 tensors

2: Obtain Sobel gradients of x using Sobel operators Sy,
and Sye;: Ghor(X) = X * Shor, Gver(x) =X * Sy

3: Compute the aggregated gradients using k& x k average
pooling, and average them over c channels: Gy (%) =
Ghor(x) * ]Ikxk/kzs G"ver(x) = Gver(x) * Hkxk/k2~

4: Compute the magnitude map of aggregated gradients:

G(x) = /G (%) + G ()

5: /* Sobel gradient-guided down-sampling */

6: for each non-overlapping 2 x 2 patch in G(x) do

7: Extract 4 elements within the patch: g1, g2, g3, 94
8 Record the coordinates of them as: p1, p2, P3, P4
9 Sort in ascending order, e.g., g3 < g2 < g4 < g1

10 /* Create low-low / high-high instance pairs */
1: xe < x(p3), ye ¢ x(p2)

122 xp = X(pa), yn < x(P1)

13: end for

14: return (x4, y¢), (Xn, Yr)

1. More Details about the Samplers
1.1. Local Prior-Guided Down-Sampling

We provide more details about our Sz in Alg. 1. As can be
seen, it makes use of image locality (P;) by aggregating the
Sobel gradients within a local window of size k x k. Then
the down-scaled instances are intuitively generated through
pairing image pixels with low-low and high-high gradient
magnitudes, as shown in lines 6 ~ 12 in Alg. 1. The reason
for gradient pairing lies in that the potential signals of image
pixels with high gradients may have fundamentally different
statistics from those with low gradients, which is probably
more in line with the assumption of consistent underlying
signal in Noise2Noise [4].

1.2. Construction of the Pixel Bank

The core component of our S, is the pixel bank B,,, which
is built following the procedure described in Alg. 2. Unlike
Pixel2Pixel [6], the pixels in our B,, are not sampled from
a local window centered around the target pixel, but from
the entire image restrained by a Gaussian distribution. This
simple improvement yields two substantial benefits:
¢ Our method makes better use of non-local self-similarity
(P2) within natural images, thus producing higher-quality
candidate pixels for pseudo sample generation;

Input: Noisy image x € R"*“*¢ neighborhood size
1, Top-K, number of candidate pixels M, and o
Output: Pixel Bank B, € R xwxexK
1: Extract the luminance (Y channel) of the YCbCr color
space of x, denoted as xy € RAxwx1
for each coordinate p in xy do
Extract the [ x [ patch centered at p: N;(p)
/* Global random sampling s.t. a Gaussian */
Sample M candidate coordinates conditioned on a
Gaussian: C(p) = {p1,...,Pm}, where p(p;) ~
N(p,oiI)and1 <i< M
6: for1 <i< M do
7 Extract the neighborhood N;(p;) centered at p;
8
9

Compute the distance D(p, p;) using L1 norm
: end for
10 /* Top-K candidate selection */
11: Find the coordinates {P1,...,Px } corresponding

to the K smallest values in {D(p, p;) } 4,
12: Extract the K pixels of x located at pq, ..., px and

form a tensor v € R1X1X¢XK for the pixel x(p)
13: Store these pixels in the pixel bank: B, [p] « v
14: end for
15: return B,

* By directly performing random sampling conditioned on
a Gaussian instead of exhaustively searching over a local
window, it significantly improves model efficiency.

2. Rationale

We provide additional experimental results and analyses in
this supplementary material to further verify the design and
effectiveness of our ZS-HPD model. The primary content
of this part consists of the following:

* Window Size: We analyze the impact of varying the win-
dow size for gradient aggregation in our local sampling
strategy (Sq).

* Patch Size: We study how different patch sizes (i.e., [ of
N, (ug, vo)) affect the performance of our global sampler
(S,) in measuring patch similarity.

* Radius for Spectrum Division: The sensitivity analysis
about the radius r for spectrum division is performed to
verify our choice.

* Gaussian: The standard deviation of the Gaussian affects
the range of global sampling, so we explore the effect of
the parameter o on the performance of our S, .

* Top-K: This parameter decides the number of candidate



Algorithm 3 Hybrid Prior-Guided Zero-Shot Denoising

Input: Noisy image x, down-sampler Sy, random sam-
pler S,., denoising network Fy, total iterations 7’
Output: Trained denoising network J

: /* Step 1: Down-scaled sample generation with Sy */

t (%0, ¥0), (Xn, yn) < Sa(x)

: /* Augment with inverted pairs */

Ba = {(x¢;¥0), (%5, Y1), (Yo, %0), (Yr,Xn) }

: /* Step 2: Build the pixel band B,, with S,. */

B, + S.(x)

: /* Step 3: Denoising network training */

: fort =1toT do

Randomly select a training pair (x4, y4) from By

Randomly select a training pair (x,, y,) from B,

Ya = Fo(xa), Yp = Fo(xp)

Lq=SWL(ya,¥a), Lp=SWL(yp,¥p)

Totalloss £ = Lq+ L,

Minimize £ with AdamW optimizer

: end for

16: return Trained denoising network JFj
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Table 1. The performance of our ZS-HPD on Kodak24 [3] when
window size for gradient aggregation changes (Gaussian noise).

Sampler Window Size oc=10 =25 o =50
3x3 33.57 29.76 26.33

S, 5x5 33.57 29.88 26.36
7x7 33.45 29.55 26.28

9%x9 33.43 29.54 26.26

Table 2. Denoising results of our ZS-HPD on Kodak24 [3] when
patch size for similarity measurement changes (Poisson noise).

Sampler Patch Size A=10 A=25 A =50
3x3 26.16 28.13 30.05
S 5%5 26.49 28.76 30.27
" 7x7 26.85 28.79 30.12
9%9 26.66 28.76 29.98

pixels in our pixel bank B,,, and we investigate its effect
on denoising performance here.
Besides, we also present extra visual results to further verify
the effectiveness of our ZS-HPD. The detailed studies are
exhibited in the following. Except for the hyperparameters
to be analyzed, the remaining settings of the framework are
consistent with those described in the manuscript.

3. Supplementary Results
3.1. Window Size for Gradient Aggregation

To study the impact of the window size utilized for gradient
aggregation, we set it to be 3x3, 5x5,7x7,9x9, and assess
the performance of the proposed ZS-HPD on Kodak24 [3]
with Gaussian noise (¢ = 10, 25, 50). The results are shown
in Table 1, and it can be seen that a larger window size does

Table 3. Impact of the radius r for frequency separation on Mc-
Master18 [9] with different Gaussian noise.

Noise Radius ()
Level (o) | 10% 20% 30% 50% 70%
10 3449 3434 3450 3434 3434
SWL 25 29.60 29.85 2934 29.24 2940
50 25.08 2510 25.06 25.04 25.00

Component

Table 4. Impact of different standard deviation (o) for gaussian
sampling on McMaster18 [9] with different Poisson noise.

Sampler Noise Standard Deviation (o)
Level (\) 10 15 20 25 30
10 2736 2793 2787 27.87 2773
S, 25 30.09 30.20 30.13 30.01 2991
50 31.75 31.64 3147 3136 31.31

not necessarily lead to better results. According to the prior
of spatial locality Py, this is probably because that increased
window size results in weakened spatial coherence between
the pixels within it, thereby affecting the guidance provided
by aggregated gradients for subsequent downsampling. On
the other hand, larger window sizes typically signify greater
computational requirements. So, in our settings, we opt for
a 5x35 size as our final choice.

3.2. Patch Size for Similarity Measurement

We experiment with patch sizes of 3x3, 5x5, 7x7,9x9 to
investigate the optimal patch size for measuring non-local
self-similarity. This study is conducted on the Kodak24 [3]
dataset with Poisson noise levels of A = 10, 25, and 50. As
shown in Table 2, it can be seen that the model performs
overall better when the patch size [ = 7. In fact, the patch
size [ can behave to control the impact of noise on similarity
measurement to some extent. On the one hand, it is difficult
for small image patches to overcome noise interference. On
the other hand, if [ is too large, it becomes hard to effectively
exploit the non-local self-similarity (P2). Our observations
are in line with Pixel2Pixel [6], even though it is verified
with real-world noise. Therefore, in our experiments, we
simply choose 7x7 for all cases.

3.3. The Radius for Frequency Division

In our spectral weighted loss (SWL), a hyperparameter that
may affect the performance of our approach exists, i.e., the
radius r for frequency division. To this end, we conduct a
sensitivity analysis on this hyperparameter. We test a range
of values for the radius r: 0.1, 0.2, 0.3, 0.5, 0.7 (normalized
by image size) on McMaster18 [9] with Gaussian noise (o
=10, 25 and 50), and the results are shown in Table 3. It can
be seen that when the value of 7 is between 0.2 and 0.3, the
model performance is better than in other cases. The value
of r is intuitively determined to be 0.2 in our experiments.
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K for Top-K Selection

Figure 1. The impact of K in Top-K candidate selection on model
performance. The results are collected on FMD [10] and Kodak24
[3]. The noise levels for Gaussian noise and Poisson noise are set
to o = 25 and A\ = 25, respectively.

3.4. Standard Deviation for Gaussian Sampling

To investigate the effect of the sampling range of our S,., we
dive to study how the standard deviation o of the Gaussian
affect the results of our ZS-HPD. We conduct experiments
with McMaster18 [9] by setting o to 10, 15, 20, 25, and
30. The results are illustrated in Table 4. It can be seen that
when o¢ = 15, the model reaches the best results for A = 10
and A\ = 25, but the best result for A = 50 corresponds to o
= 10. So although we are seeking to effectively explore the
non-local self-similarity P, the restraint of spatial locality
‘P1 is equally important. In our implementation, we choose
o¢ = 15 for all cases.

3.5. Top-K Candidates for Pixel Bank

We conduct a comprehensive study to explore how the value
of K in top-K candidate selection affects the performance
of our ZS-HPD. We evaluate the denoising performance for
Gaussian noise (o = 25) and Poisson noise (A = 25) with
varying K values on Kodak24 [3], and for real-world noise
on FMD [10]. The quantitative comparisons are visualized
in Fig. 1. It can be observed that the performance initially
improves as K increases, since a larger pool of high-quality
candidates introduces necessary sample diversity for model
training. However, continuously increasing K results in the
degradation of the performance, which indicates an inherent
trade-off between the benefit of improved sample diversity
and the detriment resulting from low-correlation candidate
pixels. In our experiments, we adopt K = 10 for all trials.

4. More Visual Results

We provide more visual results of our ZS-HPD compared
to other advanced zero-shot denoising methods, including

DIP [2], BM3D [1], ZS-N2N [7], ZS-N2M [5], Pixel2Pixel
[6] etc., as shown in Fig. 2 ~ Fig. 5. In most cases, our
ZS-HPD can restore the underlying structures in these test
images more reliably than other methods, generating visual
effects that are closer to the ground truth. The quantitative
PSNR and SSIM [8] values below each small image patch
also confirm this observation. These visual results prove the
superiority of the proposed ZS-HPD over other advanced
methods, and to some extent, also illustrate the significant
role of adequately exploring the local and non-local priors
of natural images in zero-shot image denoising.
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Noisy BM3D DIP Z5-N2N Z25-N2M Pixel2Pixel Z5-HPD Ground Truth
20.46/0.2314 25.75/0.5126 27.96/0.5781 30.03/0.7210 30.75/0.7646 30.91/0.7551 31.00/0.7620 PSNR/SSIM

Noisy BM3D DIP Z5-N2N Z5-N2M Pixel2Pixel Z2S5-HPD Ground Truth
19.41/0.2032 30.98/0.8085 27.62/0.6291 29.49/0.7158 30.14/0.7777 31.15/0.7942 31.24/0.8103 PSNR/SSIM

Figure 2. Visual results of several compared methods on two testing images from Kodak24 with Poisson (A = 10) noise. The best and
second-best PSNR and SSIM results are highlighted in red and blue, respectively.

oisy DIP - Z25-N2M Pixel2Pixel Ground Truth
20.48/0.5753 25.88/0.8256 23 91/0 7269 25.08/0.7673 25.38/0.8082 26.27/0.8239 26.65/0.8338 PSNR/SSIM

Noisy BM3D DIP Z5- N2N Z25-N2M Pixel2Pixel Z25-HPD Ground Truth
19.79/0.4500 26.10/0.7468 24.02/0.6406 25.37/0.6912 25 10/0 7120 25.76/0.7200 26.29/0.7550 PSNR/SSIM

Noisy BM3D DIP Z5-N2N Z25-N2M Pixel2Pixel Z25-HPD Ground Truth
18.88/0.3807 27.11/0.7508 24.43/0.6266 25.61/0.6703 26.22/0.7337 26.94/0.7404 27.32/0.7647 PSNR/SSIM

Figure 3. Visual results of several compared methods on three testing images from Kodak24 with Poisson (A = 10) noise. The best and
second-best PSNR and SSIM results are highlighted in red and blue, respectively.



Noisy BM3D DIP | Z5-N2N Z5-N2M Pixel2Pixel Z5-HPD Ground Truth
20.16/0.3726  24.75/0.6857  26.88/0.7180  27.81/0.7351  28.53/0.7560  28.59/0.7448  28.67/0.7634  PSNR/SSIM

oisy BM3D DIP ZS-N2N Z5-N2M Pixel2Pixel Z25-HPD Ground Truth
22.34/0.4089 30.01/0.7865 28.34/0.7324 29.14/0.7434 30.19/0.8182 30.72/0.8164 30.84/0.8267 PSNR/SSIM

Figure 4. Visual results of several compared methods on two testing images from McMaster18 with Poisson (A = 10) noise. The best and
second-best PSNR and SSIM results are highlighted in red and blue, respectively.

Noisy BM3D DIP Z5-N2N Z5-N2M Pixel2Pixel Z8-HPD Ground Truth
19.35/0.2982 27.17/0.7092 25.44/0.5922 26.76/0.6431 26.83/0.6981 28.31/0.7248 28.41/0.7345 PSNR/SSIM

Noisy BM3D DIP Z5-N2N Z5-N2M Pixel2Pixel Z5-HPD Ground Truth

20.74/0.3133 28.40/0.7679 27.66/0.6533 28.87/0.6994 29.20/0.7584 30.01/0.7773 30.24/0.7882 PSNR/SSIM
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Noisy BM3D DIP ZS-N2N Z25-N2M Pixel2Pixel Z5-HPD Ground Truth
21.60/0.3756 29.32/0.8019 28.87/0.7445 29.70/0.7679 31.27/0.8433 31.59/0.8389 31.80/0.8630 PSNR/SSIM

Figure 5. Visual results of several compared methods on three testing images from Kodak24 and McMaster18 with Poisson (A = 10)
noise. The best and second-best PSNR and SSIM results are highlighted in red and blue, respectively.
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