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6. Model Parameters
We present the parameter of each comparison model for the
task of reconstruction from incomplete image with random
missing pixels (Sec. 4.2) in Tab. 5. We also present model
parameters for the task of super resolution (SR) from in-
complete image with random missing pixels (Sec. 4.3) in
Tab. 6. Our model achieves favorable performance with
fewer parameters.

Method Params(M)
DIV2K Val [1]

PSNR↑ SSIM↑

Partial Conv [7] 51.55 27.04 0.7998
RFR [5] 31.22 27.77 0.8343
MISF [6] 65.87 21.83 0.6733

DPDNN [2] 1.37 29.15 0.8583
DPIR [9] 32.64 29.51 0.8781

RRSNet [3] 3.77 29.15 0.8637
DiffPIR [11] 93.56 28.90 0.8482
CODE [10] 12.23 27.79 0.8383

Ours 1.71 30.67 0.8932

Table 5. Model parameters and quantitative results of reconstruc-
tion from incomplete image with 80% random missing pixels on
DIV2K validation set [1].

7. Representation of Irregularly Sampled Pix-
els

The irregularly sampled pixels are unordered and unstruc-
tured. If the coordinates of the sampled pixels happen to be
the integer coordinates of a regular grid, these sampled pix-
els can be represented by a regular image array, where the
unknown pixels are set to 0. A binary mask can be used to

*Corresponding author.

Method Params(M)
DIV2K Val [1]

×1.5 ×2 ×2.5 ×3∗ ×4∗

DPIR+Bicubic 32.64 30.80 28.76 27.43 26.52 25.20
DPIR+EDSRb 34.01 - 29.50 - 27.13 25.72
DPIR+EDSR 73.37 - 29.52 - 27.14 25.73

DPIR+SwinIR 44.39 - 29.52 - 27.14 25.74
DPIR+LIIF 34.21 31.45 29.43 28.02 27.08 25.69

Ours 1.71 31.82 29.58 28.17 27.16 25.76

Table 6. Model parameters and quantitative results of super reso-
lution from incomplete image with 50% random missing pixels on
DIV2K validation set [1]. (EDSRb: EDSR-baseline, the encoder
in LIIF is the EDSR-baseline, ∗ indicates the equivalent sampling
ratio is out of our model’s training distribution.)

indicate the sampled pixels and unknown pixels. However,
this scenario is rare. In most cases, the coordinates of the
randomly sampled pixels are fractional and cannot be easily
represented by a finite-resolution regular grid. Therefore,
following the strategy in point cloud processing [8], we or-
ganize irregular pixels into a list as input for ISP2HRNet.

8. Experimental Details
8.1. Relationship Between M and N

During training, we set the number of input irregularly sam-
pled pixels N equal to the number of regular grid points
M = h × w = 48 × 48 = 2304 in IRC module (Sec.
4.1). This setting ensures compact information transfer and
reduces potential information loss.

8.2. Inference Details
The memory required for searching nearest neighbors is
proportional to the square of the number of irregular pixels
(N2). As N increases, the memory demand rises sharply.
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Due to memory constraints, we reconstruct a high resolu-
tion (HR) image by stitching multiple reconstructed patches
and averaging the overlapping areas.

Specifically, we first obtain a ratio r′ between the num-
ber of sampled pixels and the resolution of an image that
we expect to reconstruct. Then, we divide the target res-
olution plane into multiple patches from left to right and
top to bottom. The size of each patch is round(48/

√
r′)×

round(48/
√
r′), which ensures that the number of irreg-

ular pixels falling into each patch is approximately 2304.
The stride for dividing patches is 1

2 · round(48/
√
r′), i.e.,

there is an overlapping area of size
(
1
2 · round(48/

√
r′)

)
×

round
(
48/

√
r′
)

between any two adjacent patches. For
high resolution image reconstruction of a patch, we choose
2304 irregular pixels falling within the patch as the network
input. If the number of irregular pixels falling in the patch
is less than 2304, we randomly choose repeated pixels until
the number reaches 2304. If the number of irregular pix-
els falling in the patch exceeds 2304, we randomly select
2304 pixels from them. The proposed ISP2HRNet gener-
ates 48 × 48 regular grid features in IRC module, and re-
constructs a high resolution patch using the implicit neural
representation. After generating HR reconstruction results
of all patches, we obtain the target image by stitching all
reconstructed patches and averaging the overlapping areas.

8.3. Training and Testing Details in Sec. 4.2

For a fair comparison, all comparison methods (except
DPIR and DiffPIR) are retrained on the DIV2K training
dataset. For DPIR and DiffPIR, we retrain the denoiser for
DPIR and the diffusion model for DiffPIR on the DIV2K
training dataset.

These comparison methods are retrained and tested us-
ing three-channel 2D image arrays as input, with randomly
missing pixels set to zero, as these methods cannot handle
input formats other than image arrays. Although the coor-
dinates of the irregular pixels in this task are integers (i.e.,
they can be represented by a 2D image array with unknown
pixels set to zero), we still organize these pixels into a list
as the input to ISP2HRNet. Following the strategy in im-
age inpainting, the sampled pixels of input are fused to the
output image to generate the final reconstruction result. For
ISP2HRNet, we trained a single model that is used to ad-
dress all tasks in Sec. 4.

Additionally, we note that RRSNet [3] was originally
trained and evaluated on grayscale (Y channel) images, as
reflected by its source code. In our experiments, we retrain
and test RRSNet on color images, which largely accounts
for the difference between our reported results (Tab. 1) and
those in the original paper. Another factor contributing to
this discrepancy lies in different training strategies.

8.4. Comparison Methods in Sec. 4.3
Our work focuses on high resolution image reconstruction
from irregular pixels, which has been less explored in the
community recently. Therefore, we employ a straightfor-
ward idea to combine existing image restoration and SR
methods, which could achieve similar functions for compar-
ison. We choose DPIR [9] as the image restoration method
as it outperforms other methods in Tab. 1. Specifically,
DPIR first reconstructs an LR image from the degraded LR
input. Then, image SR methods take the reconstructed LR
image as input and output HR image.

8.5. Difference between Tasks in Sec. 4.2 and Sec.
4.4

Tasks in Sec. 4.2 and Sec. 4.4 both use HR images from the
test datasets as the source of sampled pixels and the ground
truth. In Sec. 4.2, the coordinates of the irregularly sampled
pixels are integers, and the pixel values at these coordinates
can be directly obtained. The coordinates of sampled pixels
in Sec. 4.4 are decimal, and the pixel values at these coor-
dinates are obtained by bicubic interpolation. In Sec. 4.2,
the sampled pixels are fused to the output image to form
the final results for evaluation. As the sampling ratio in-
creases, the final results in Sec. 4.2 contain more known
pixel values, resulting in an increasing performance gap be-
tween Tab. 1 and Tab. 3. For example, on the DIV2K
validation set, when the sampling ratio is 0.2, the PSNR is
30.67 dB in Tab. 1 and 30.55 dB in Tab. 3, resulting in
a performance difference of 0.12 dB. In contrast, when the
sampling ratio increases to 0.8, the PSNR is 42.19 dB in
Tab. 1 and 38.07 dB in Tab. 3, yielding a much larger gap
of 4.12 dB.

8.6. Ablation Study on K Nearest Neighbors
We explore the choice of K, i.e., the number of nearest
neighbors used for extracting image gradient structure at
irregular positions, as presented in Tab. 7. For a trade-off
between performance and computation, we consider K = 8
a reasonable choice.

Ratio K = 4 K = 6 K = 8 K = 12

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
0.2 26.44 0.8826 27.35 0.8854 27.43 0.8864 27.45 0.8867
0.4 31.20 0.9447 31.38 0.9453 31.40 0.9455 31.47 0.9460

Table 7. Ablation study on K, i.e., the number of nearest neighbors
used for extracting image gradient structure at irregular positions.

9. More Visual Results
9.1. Reconstruction from Incomplete Image with

Random Missing Pixels
We provide more visual results of reconstruction from in-
complete image with random missing pixels in Fig. 7. Most



comparison methods produce reconstruction results with se-
vere artifacts. Although DPIR [9] and DiffPIR [11] are
able to restore clear texture structures in certain cases (e.g.
img027, img044 from Urban100 [4]), our method achieves
better performance in reconstructing fine details.

9.2. Super Resolution from Incomplete Image with
Random Missing Pixels

We provide more visual results of super resolution from
incomplete image with random missing pixels in Figs. 8
and 9. Note that for large super resolution scales, both
our method and comparion methods struggle to reconstruct
complete details. However, our method preserves neat
edges, while the comparison methods suffer from visually
annoying artifacts and rough edges.

9.3. Reconstruction from Irregularly Sampled Pix-
els

We present the visual results of reconstruction from irregu-
larly sampled pixels at different sampling ratios in Fig. 10.
Fig. 10 includes the irregularly sampled pixels that serve as
the input to ISP2HRNet, the initial regular grid pixel value
reconstruction results which are generated by the IRC mod-
ule, and the reconstruction results output by ISP2HRNet.
The resolution of initial reconstruction in IRC module is re-
lated to the number of irregularly sampled pixels N, because
M = N (M is the number of regular grid coordinates in IRC
module). The more sampled pixels, the higher the reso-
lution of initial reconstruction. We indicate the resolution
of initial reconstruction and final reconstruction results in
Fig. 10. The proposed ISP2HRNet can handle reconstruc-
tion from varying numbers of irregularly sampled pixels. As
the number of sampled pixels increases, the reconstructed
texture becomes closer to ground truth.

9.4. Super Resolution from a Fixed Number of Ir-
regularly Sampled Pixels

The proposed ISP2HRNet can handle arbitrary-size high
resolution image reconstruction from a fixed number of ir-
regularly sampled pixels, as shown in Fig. 11. The input is
irregularly sampled from the 100×100 origin image (with
decimal coordinates), and we perform super resolution at
multiple upsampling scales. We present HR reconstruction
results of varying resolutions. As the upsampling scale in-
creases, the reconstruction results maintain clear textures.
It is noted that a single model is used to address all tasks in
Secs. 9.1 to 9.4.
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Figure 7. Visual results of reconstruction from incomplete image with random missing pixels. The sampling ratio is 0.2. Please enlarge
the figure for better comparison.
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Figure 8. Visual results of super resolution from incomplete image with random missing pixels. The sampling ratio is 0.5 in low resolution
image. Please enlarge the figure for better comparison.
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Figure 9. Visual results of super resolution from incomplete image with random missing pixels. The sampling ratio is 0.5 in low resolution
image. Please enlarge the figure for better comparison.
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Figure 10. Visual results of reconstruction from irregularly sampled pixels. r is the sampling ratio.
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Figure 11. Visual results of super resolution from a fixed number of irregularly sampled pixels. The sampling ratio is 0.2 in the original
image. #ISP is the number of irregularly sampled pixels. From top to bottom: 0803, 0821, 0829, 0896, and 0898 from the DIV2K dataset
[1].
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