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Abstract

3D super-resolution aims to reconstruct high-fidelity 3D
models from low-resolution (LR) multi-view images. Early
studies primarily focused on single-image super-resolution
(SISR) models to upsample LR images into high-resolution
images. However, these methods often lack view consistency
because they operate independently on each image. Although
various post-processing techniques have been extensively ex-
plored to mitigate these inconsistencies, they have yet to fully
resolve the issues. In this paper, we perform a comprehen-
sive study of 3D super-resolution by leveraging video super-
resolution (VSR) models. By utilizing VSR models, we en-
sure a higher degree of spatial consistency and can reference
surrounding spatial information, leading to more accurate and
detailed reconstructions. Our findings reveal that VSR mod-
els can perform remarkably well even on sequences that lack
precise spatial alignment. Given this observation, we propose
a simple yet practical approach to align LR images without
involving fine-tuning or generating ‘smooth’ trajectory from
the trained 3D models over LR images. The experimental re-
sults show that the surprisingly simple algorithms can achieve
the state-of-the-art results of 3D super-resolution tasks on
standard benchmark datasets, such as the NeRF-synthetic and
MipNeRF-360 datasets.

Project Page — https://ko-lani.github.io/Sequence-Matters

1 Introduction

Recent advancements in 3D reconstruction from multi-view
images, e.g., Neural Radiance Fields (NeRF) and 3D Gaus-
sian Splatting (3DGS), have demonstrated outstanding per-
formance across various tasks, such as novel view synthe-
sis (Mildenhall et al. 2021; Miiller et al. 2022; Chen et al.
2022; Fridovich-Keil et al. 2022; Kerbl et al. 2023) and sur-
face reconstruction (Wang et al. 2021; Yariv et al. 2021,
2023; Guédon and Lepetit 2024; Huang et al. 2024; Fan et al.
2024). In addition, these techniques have proved highly ef-
fective in creating 3D scenes and assets when combined with
the generative model approaches (Poole et al. 2022; Liu et al.
2023). The versatility of these methods and their ability to
generate accurate and detailed 3D models have broadened
their applicability to various tasks (Wang et al. 2024; Yu
et al. 2024b).

*These authors contributed equally.
"Corresponding author.
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Utilizing high-quality or high-resolution multi-view in-
put images is crucial for obtaining high-fidelity 3D mod-
els from these techniques. However, meeting this require-
ment in real-world settings is often infeasible due to vari-
ous constraints, e.g., equipment limitations or adverse en-
vironmental conditions. To overcome these challenges, sev-
eral recent studies have investigated the 3D super-resolution
task, which aims to generate high-fidelity 3D models from
low-resolution multi-view images (Wang et al. 2022; Han
et al. 2023; Yoon and Yoon 2023; Lin et al. 2024; Feng et al.
2024a; Lee, Li, and Lee 2024; Wu et al. 2024; Feng et al.
2024b; Shen et al. 2024; Yu et al. 2024a). The early ap-
proaches have utilized single-image super-resolution (SISR)
models. They first upscale low-resolution (LR) input im-
ages to high-resolution (HR) images and then apply NeRF
or 3DGS techniques to represent the 3D models. However,
they face a critical limitation; the generated HR images usu-
ally lack 3D consistency since the input view images are
processed individually. Although numerous works have im-
proved 3D consistency using refinement stages, these solu-
tions introduced additional computational complexity and
could not fully resolve the problems.

A recent work (Shen et al. 2024) has explored the use
of Video Super-Resolution (VSR) models (Xu et al. 2024b)
to improve the 3D consistency. Inspired by the latest stud-
ies showing video generative models can achieve highly ac-
curate 3D spatial consistency across the generated video
frames (Voleti et al. 2024; Zuo et al. 2024), it repurposes
VSR models to upsample LR multi-view images. This ap-
proach first constructs a low-resolution 3D representation
using 3DGS from LR input images and then generates an LR
video (a sequence of multi-view LR images) rendered from
a ‘smooth’ camera trajectory. This VSR-friendly ‘smooth’
LR video serves as the input for the VSR model, and it is up-
scaled to an HR video (a sequence of multi-view HR images)
from which the HR 3D model is subsequently produced.

While promising, the empirical evaluation has revealed
certain limitations of this approach. The distribution shift be-
tween the training data (natural LR videos) and the testing
data (the rendered LR videos from 3D models, e.g., 3DGS)
negatively impacted the pre-trained VSR models. The ren-
dered images from 3DGS frequently introduce stripy or
blob-like artifacts, degrading the VSR models’ performance.
Although fine-tuning the VSR models on the rendered im-



ages from 3DGS could mitigate the distribution mismatch
issue, posed multi-view image data is not abundant com-
pared to natural videos, which limits the generalization per-
formance. In addition, it is time-consuming and computa-
tionally heavy since it requires training 3DGS to obtain 3D
representations for rendering input images. Consequently,
the up-to-date 3D super-resolution techniques utilizing the
VSR models have yet to demonstrate superior results over
those leveraging SISR models (Lim et al. 2017; Wang et al.
2018; Liang et al. 2021).

In this work, we propose a method that ensures the VSR
models receive their desired input without fine-tuning them.
We have made two critical observations regarding VSR
models: 1. The artifacts introduced by the rendered im-
ages substantially comprise the performance, and 2. The
VSR models maintain strong performance even when in-
put videos do not adhere to ‘smooth’ camera trajectories.
Given these critical observations, we propose surprisingly
simple yet effective algorithms to order training datasets
into structured ’video-like’ sequences. These 'video-like’ se-
quences lead to improved VSR results, while eliminating the
need for fine-tuning VSR models as they are composed of
ground truth LR images, ensuring freedom from stripy or
blob-like artifacts. The experimental results have shown that
our proposed algorithms achieved state-of-the-art results on
the NeRF synthetic and Mip-NeRF 360 datasets, underscor-
ing their efficacy and robustness. Our key contributions are
summarized below.

* We propose a novel method that leverages VSR mod-
els to bridge the gap between low-resolution and high-
resolution images. By generating input video sequences
that are sufficiently ‘smooth’ and exhibit minimal arti-
facts, we optimize their suitability for VSR models.

* We propose surprisingly simple yet effective ordering al-
gorithms, demonstrating superior performance compared
to the existing prior arts.

e Our method achieves state-of-the-art performance on
both object-level and scene-level datasets, including the
NeRF Synthetic and Mip-NeRF 360 datasets, highlight-
ing the robustness and effectiveness of our approach in
both object and scene datasets.

2 Related Work

Novel View Synthesis Novel view synthesis (NVS) is the
task of synthesizing images from novel viewpoints given
multi-view images. With the rise of deep learning, Neural
Radiance Fields (NeRF) (Mildenhall et al. 2021) achieved
remarkable results by learning a continuous function of
the scene with MLP and can render the novel views with
a volumetric renderer. In contrast to NeRF and its vari-
ants (Mildenhall et al. 2021; Barron et al. 2021, 2022; Miiller
et al. 2022; Chen et al. 2022; Fridovich-Keil et al. 2022),
which learns the implicit 3D representation of the scene, 3D
Gaussian Splatting (3DGS) (Kerbl et al. 2023) learns the
point cloud-based explicit 3D representation. Since 3DGS
employs explicit representation and renders images through
rasterization, it achieves real-time rendering without com-
promising the quality of rendered images. However, to learn
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high-fidelity 3D representation, these neural fields require
high-resolution images, which is not always guaranteed in
real-world environments. In this work, we study 3D super-
resolution task, where we build 3D representations given the
only LR images.

3D Super-resolution Despite the great success of 3D neu-
ral fields in various applications, it is challenging to re-
construct high-resolution (HR) radiance fields using low-
resolution datasets. Recently, several studies (Wang et al.
2022; Feng et al. 2024a) have attempted to achieve 3D
super-resolution using super-sampling techniques without
the guidance of off-the-shelf models, such as image restora-
tion or generative models. In contrast, another line of re-
search (Han et al. 2023; Yoon and Yoon 2023; Lin et al.
2024; Lee, Li, and Lee 2024; Feng et al. 2024b; Yu et al.
2024a; Xie et al. 2024) has focused on improving the res-
olution of 3D representations with the aid of these estab-
lished models. They utilize SISR models to upsample low-
resolution images and incorporate additional modules or
techniques to enhance multi-view consistency across the up-
sampled images. Recent works in this line (Han et al. 2023;
Yoon and Yoon 2023; Feng et al. 2024b) utilize SISR mod-
els to upsample training datasets. On the other hand, another
work (Lin et al. 2024) upsamples rendered images for fast
inference speed. Additionally, other studies (Lee, Li, and
Lee 2024; Yu et al. 2024a) employ a latent diffusion model
(LDM) (Rombach et al. 2022) and score distillation sam-
pling (SDS) loss (Poole et al. 2022) to achieve 3D super-
resolution.

A recent work (Shen et al. 2024), closely related to ours,
leverages a VSR model as an upsampler for the LR dataset.
Unlike SISR models, which often do not consider other
frames during super-resolution, VSR models reference ad-
jacent frames, thereby enhancing multi-view consistency.
Specifically, this work starts by training the 3DGS with LR
images and renders LR video frames from the trained LR
3DGS. Subsequently, with the LR video rendered from the
LR 3DGS, the VSR model generates the training dataset of
HR 3DGS. However, the distribution of the LR dataset dif-
fers from that of the rendered LR video, thereby introducing
stripy or blob-like artifacts in the upsampled video. Fine-
tuning the VSR model with rendered LR videos can mitigate
this distribution shift, but it is a time-consuming process,
as it involves extensive training and rendering of LR 3DGS
to generate the fine-tuning dataset (LR rendered videos). In
this work, we propose a method that does not involve addi-
tional finetuning or training 3DGS on LR images to render
‘smooth’ video.

Video Super-resolution Video super-resolution (VSR)
has evolved from advancements in image super-
resolution (Wang et al. 2018; Liang et al. 2021; Zhang
et al. 2021; Chen et al. 2023; Tian et al. 2024), generating
high-resolution video frames by utilizing information from
adjacent frames to enhance the current frame’s resolution.
BasicVSR (Chan et al. 2021) introduced a bidirectional
propagation approach to achieve balanced references
from both directions and compute optical flow from
features rather than images for more accurate alignment.
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Figure 1: [llustration of stripy or blob-like artifacts generated
in VSR outputs of LR videos rendered from 3DGS. ‘VSR-
Render’ shows the VSR outputs of the LR rendered videos,
while ‘VSR-GT’ displays the VSR outputs of the ground
truth (GT) LR videos.

BasicVSR++ (Chan et al. 2022) built on this by using
second-order grid propagation, which extracts features
through multiple stages and incorporates information from
non-adjacent frames, enhancing robustness to occlusion.
VRT (Liang et al. 2024) advanced VSR by combining
recurrent model-based approaches with transformer struc-
tures and PSRT (Shi et al. 2022) proposed patch alignment,
which aligns image patches rather than individual pixels,
utilizing self-attention to enhance alignment and perfor-
mance. Additionally, IART (Xu et al. 2024a) introduced
a neural network-based resampling strategy, employing
sinusoidal positional encoding and a transformer-based
coordinate network to preserve high-frequency details and
reduce spatial distortions. In this work, we harness the
recent VSR models’ capability to improve the multi-view
3D super-resolution tasks.

3 Method
3.1 Rendering Artifacts

In most multi-view datasets and image acquisition scenarios,
images are hardly spatially ordered (except for a few cases,
e.g., a monocular camera captures a sequence of images and
records the time they are taken), which are unfavored for
VSR models. A straightforward approach to obtaining the
spatially ordered images from LR multi-view images would
involve obtaining 3D representations with LR images, such
as 3DGS, and rendering a smooth video from them (Shen
et al. 2024). However, this approach introduces a significant
problem due to the mismatch between the rendered images
from the 3DGS trained on LR multi-view images and im-
ages from LR video datasets on which the VSR model was
trained, e.g., bicubic downsampled from HR videos. This
mismatch often results in blob-like or stripy artifacts from
3DGS, which degrades the performance of VSR models.
Shen et al. (2024) partially addressed this issue by finetuning
the VSR models on the images rendered from 3DGS. While
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Algorithm 1: A Simple Greedy Algorithm

Input: A set of unordered images, I = {I; };V: 1
Output: An ordered sequence of images, S
1: 51:.[1, I<—I\{Il}

:forj < 1to N —1do

Sj+1 = argminsim(S;, Iy)

Iel

I T\{Sj}
end for
return S

w N

SARSANP S

effective, it demands training 3DGS for each training in-
stance, which increases significant computational complex-
ity. Furthermore, the multi-view image dataset is less abun-
dant than natural videos, limiting the generalization perfor-
mance of finetuned VSR models.

We have investigated these blob-like, stripy artifacts of
the rendered images from the 3DGS models trained on LR
multi-view images. These are primarily observed in the re-
gions where high-fidelity information from HR images is
lost in the LR images. The VSR models take the damaged
images as inputs and upsample them, preserving or often
magnifying the artifacts, which significantly degrades the
output quality. As shown in Fig. 1, the regions with lost de-
tails in the LR images become severe artifacts in the upsam-
pled images.

3.2 A Simple Greedy Algorithm

In Sec. 3.1, we demonstrated the limitations of training
3DGS with low-resolution (LR) images to obtain a ‘smooth’
video. This section explores alternative approaches that ex-
ploit the raw unordered LR multi-view images to create a
video-like sequence.

Determining the most desirable order for generating
video-like sequences from unordered LR datasets is chal-
lenging due to the absence of clear criteria, such as ‘how
video-like’ a sequence should be or what makes a sequence
a ‘good video’ for VSR models. Our objective is to arrange
a sequence of images to maximize the quality of the high-
resolution (HR) images produced by VSR models. However,
the absence of ground-truth HR images, as defined by the
problem, makes it infeasible to establish a clear objective
function. We consider a rather simple approach: a ‘good’
video is a sequence in which each frame is ‘similar’ to its
adjacent frames, ensuring a smooth visual flow.

Although these criteria were well-defined, finding the op-
timal sequence remains NP-hard due to the combinatorial
nature of the problem. Our investigation, however, demon-
strated that VSR models are sufficiently robust to non-
optimal sequences, effectively utilizing distant multi-view
references for upsampling. Given the observation, we pro-
pose a simple yet practical greedy algorithm (Alg. 1). Start-
ing from an initial image 51, it repeatedly finds the next im-
age by using the nearest neighbor based on the similarity
score sim(+, -).

We explore two similarity measures, camera poses and
visual features. By utilizing camera poses, we can spatially



Algorithm 2: Adaptive-length Subsequening

Input: A set of unordered images, I = {I; };V: 1

N

Output: Multiple ordered sequences, {57 j=1

I: fori(g)— 1to N do

2: Sl :Ii, I+ {I]}jv:l\{ll}

3: forj<+ 1to N —1do

4 S = argminsim S@,I
j+1 _I%el_ ( J k)

5: if sim(Sj(.Z), Sj(-fgl) < ¢ then

6: S0 = SY; // The length of S(?) becomes j

7: break

8: endif

9: I+ I\{S;{1}

10:  end for

11: end for

12: return {SW}Y,

connect images that are close to each other to form a video.
Although this approach is conceptually sound, it may lack
generalizability across diverse datasets, such as Mip-NeRF
360 dataset, which is not object-centric (i.e., the images are
not all focused on the same object). As an alternative, we ex-
plore the visual feature-based similarity. We evaluated mul-
tiple feature extractors (Lowe 2004) (Rosten and Drummond
2006) (Bay, Tuytelaars, and Van Gool 2006) (Calonder et al.
2010) and found that ORB (Oriented FAST and Rotated
BRIEF) feature (Rublee et al. 2011) offers a balance of com-
putational efficiency and robustness in feature matching.

3.3 Adaptive-Length Subsequence

While promising, the proposed simple greedy algorithm
faces two challenges when connecting all images into a sin-
gle video sequence. First, the resulting sequence often ex-
hibits abrupt transition due to the inherent weaknesses of
greedy algorithms (illustrated in Fig. 3-(b)). For instance,
the nearest neighbor of S may have already been included
in the processed list (S1, ..., Sk—1), forcing the selection of
a far-distant image.

Second, the results are highly influenced by the choice of
the initial image S7. To address these challenges, we im-
prove the algorithm by 1. stopping building sequence when
the similarity score does not meet a certain threshold and 2.
creating multiple subsequences starting from each image in
the dataset.

Alg. 2 describes the detailed algorithm, and each subse-
quence SU) is an ordered sequence starting from the initial
image I;, and each subsequence has different lengths. Fi-
nally, we apply VSR models to upsample the subsequence
and aggregate the outputs to generate the final upsampled

sequence [ = {I; }é\le as follows,

I=agg({SVYYL),

where agg is an aggregate operator that takes multiple up-
sampled sequences as input and produces the final upsam-
pled sequence. During aggregation, it removes redundant

S — \/SR(S(J'))7
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images, retaining only the image from the earliest subse-
quence (|I| = |I] = N).

Each similarity measure has its own limitations. Pose sim-
ilarity suffers from the different orientations of cameras. The
proximity in camera position does not account for the fact
that the cameras may be facing in different directions, lead-
ing to connections between unrelated images. On the other
hand, feature similarity can lead to incorrect alignments (sig-
nificantly different image pairs often have a high similarity
score). We observed that when dividing sequences into sub-
sequences, pose and feature can complement each other. For
example, we can use feature similarity for sim in line 4 and
pose similarity for sim in line 5 of Alg. 2.

Multi-threshold Subsequence Generation We generate
subsequences from each multi-view image in the dataset
based on a uniform threshold.

However, applying a uniform threshold across all se-
quences can lead to inefficiencies. Setting a high threshold
imposes strict constraints, ensuring that only very closely
related images are connected, which results in smoother se-
quences but shorter sequences. On the other hand, a lower
threshold ensures longer sequences, which often compro-
mises the smoothness of the resulting sequences.

To leverage both advantages, we introduce a multi-
threshold generation approach as illustrated in Fig. 2. Ini-
tially, we apply a high threshold for creating the subse-
quences, prioritizing the smoothest subsequences. These
subsequences are then processed through the VSR model for
upsampling. However, since not all images can be processed
by a high-threshold approach (note that VSR models require
a certain number of frames), we then lower the threshold
in the next iteration, creating more relaxed and less smooth
subsequences to include the remaining images. Please refer
to more detailed algorithms in the Appendix.

3.4 Training Objective

We use a VSR model to upsample LR images to enhance
multi-view consistency. However, generated high-frequency
details are not always consistent across different views,
which leads to degrade the quality of 3D reconstruction. Fol-
lowing (Wang et al. 2022; Feng et al. 2024b), we use sub-
pixel constraints to regularize inconsistent high-frequency
details. In practice, since bicubic interpolation is used to
generate the low-resolution (LR) dataset, we also utilize
bicubic interpolation when downsampling the sub-pixels.
The sub-pixel loss Ly, is LR 3DGS loss calculated between
LR images and downsampled rendered images. Then, the fi-
nal loss of our framework is expressed as below:

L= /\renﬁren + (1 - )\ren)ﬁspv (2)

where L., HR 3DGS loss. Please see Appendix. F for more
details.

4 Experiment
4.1 Setup

Datasets We wuse the NeRF Synthetic Blender
dataset (Mildenhall et al. 2021) and the Mip-NeRF
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Figure 2: Overview of the proposed method. Given LR multi-view images, we generate subsequences (Sec. 3.3) starting from
each image using a simple greedy algorithm (Sec. 3.2) and these subsequences are bounded by multiple thresholds (Sec. 3.3).
Finally, we train a 3DGS model for 3D reconstruction using the upsampled HR images.
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Figure 3: Illustration of subsequence generation. (a) is an un-
ordered multi-view image dataset. (b) is the result of using
a simple greedy algorithm, Alg. 1. (c) highlights misalign-
ments incurred by the algorithm, and we propose to split it
into subsequences based on a pose difference threshold (red
dotted line) between consecutive frames.
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360 dataset (Barron et al. 2022). The Blender dataset
consists of 8 synthetic object-centric scenes, with each
scene with a resolution of 800 x 800. For our experiments,
we downsampled the images with bicubic interpolation
by a factor of 4 to create a low-resolution (LR) dataset
(200 x 200). The Mip-NeRF 360 dataset contains 9
real-world scenes. The resolutions vary across the scenes,
but each scene has a higher resolution compared to the
Blender dataset. We downsampled the dataset with bicubic
interpolation by a factor of 8 to create the LR dataset.

Metrics Following the previous works, we evaluate the
quantitative results using PSNR, SSIM, and LPIPS. Some
previous works (Han et al. 2023; Lee, Li, and Lee 2024; Wu
et al. 2024; Shen et al. 2024) emphasize the importance of
perceptual metrics such as NIQE and LPIPS rather than fi-
delity metrics like PSNR. However, we prioritize the PSNR
metric, as we regard the super-resolution task as a subset
of reconstruction tasks, where accurate reconstruction of the
original image is crucial.

Background Impact on Metrics When measuring met-
rics on the Blender dataset, we follow DiSR-NeRF and
RaFE by using a black background where the alpha chan-
nel value is 0, unlike NeRF-SR, which used a white back-
ground. We observed that compositing with a white back-
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ground introduces black artifacts around the edges of the
images, making it difficult to obtain accurate measurements.
In our experiments, the artifacts from compositing with a
white background significantly degraded the output quality
(empirically, by about 0.3 to 0.4 on PSNR). Since most of
the previous works have not released their code and do not
mention the background issue, we are unable to determine
which background they used for their metrics.

Baseline Models As a baseline, we examined NeRF-
SR (Wang et al. 2022), ZS-SRT (Feng et al. 2024a),
CROP (Yoon and Yoon 2023), FastSR-NeRF (Lin et al.
2024), DiSR-NeRF (Lee, Li, and Lee 2024), SRGS (Feng
et al. 2024b), GaussianSR, and SuperGaussian, following
the metrics used by these models. Unfortunately, only two
models, NeRF-SR and DiSR-NeRF, have provided their
codes publicly. We have added three additional baseline
methods: Bicubic, SwinlR, and Render-SR. For Bicubic
and SwinlR, we upsampled LR images using bicubic inter-
polation and the SwinIR model, respectively. For Render-
SR, we trained 3DGS with LR images in a SuperGaus-
sian manner and upsampled the rendered smooth video
using PSRT (Shi et al. 2022). After the upsampling pro-
cess, we used 3DGS for the 3D reconstruction of these
models. For NeRF-SR, DiSR-NeRF, and the three addi-
tional baselines, rendering is conducted with a white back-
ground by default. Note that our model and SuperGaus-
sian are based on video super-resolution models, whereas
GaussianSR, NeRF-SR, ZS-SRT, CROP, and SRGS are all
based on single-image super-resolution models. Addition-
ally, NeRF-SR, ZS-SRT, FastSR-NeRF, CROP, and DiSR-
NeRF are NeRF-based models, while SRGS, GaussianSR,
SuperGaussian, and our model are based on 3DGS.

Implementation Details We implement our method us-
ing the open-source 3D Gaussian Splatting code base. Fol-
lowing the 3DGS protocol, we train both coarse and fine
3DGS models for 30,000 iterations. To create the low-
resolution (LR) dataset, we downsample the high-resolution
(HR) dataset using bicubic interpolation with a downscale
factor of 4. As a VSR backbone of our model, we employed
PSRT (Shi et al. 2022). Please refer to the Appendix for fur-
ther details.
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Figure 4: An example result from the simple greedy algo-
rithm applied to the NeRF-synthetic dataset (Lego). Two
neighboring images highlighted in red demonstrate abrupt
transitions caused by misalignments.
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4.2 Results

The Effect of The Proposed Algorithms Fig. 4 shows a
resulting sequence of the proposed simple greedy algorithm
(Lego, training images from the NeRF-synthetic dataset).
We used the visual feature for similarity measure in this
example, and two neighboring images with red color high-
light the abrupt transition between two subsequent images
due to the misalignment of the algorithm. We upsampled
the ordered sequence using the VSR model and calculated
the PSNR of the upsampled images highlighted in Fig. 4
with the ground-truth HR images. Tab. 2 shows the com-
parison between the simple greedy algorithm (S) and the
adaptive-length subsequence algorithm (ALS). Since ASL
offers smoother transitions and is more VSR-friendly, it al-
lows the VSR model to reference more information from
neighboring images. This significantly enhances the quality
of the upsampled images, demonstrating the effectiveness
of the approach. The Tab. 2 further shows the consistent im-
provement of ALS over the simple greedy algorithm. First
we ran the simple greedy algorithm to order the sequence
and find the image pairs that their angles are more than 45
degrees. For those non-smooth image pairs, we compared
the performance of the proposed ordering algorithms.

3D Super-Resolution Results We provide the 3D super-
resolution results, where we measure the metrics on test-
view images rendered from the trained 3DGS models. The
quantitative comparison with baseline models on Nerf-
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Index L R

S ALS S ALS
1 34.06 | 37.18 | 34.53 | 35.52
2 33.12 | 34.33 | 34.67 | 36.63
3 32.90 | 33.37 | 31.62 | 34.26
4 33.47 | 34.41 | 33.68 | 34.29
5 34.07 | 35.68 | 32.77 | 35.31
6 32.65 | 34.41 | 32.05 | 32.77
7 3271 | 33.43 | 32.68 | 34.66

Table 1: The quantitative results of the proposed order-
ing algorithms. S: the simple greedy algorithm, ALS: the
adaptive-length subsequence. L and R denote the PSNR of
the left and right image in two image pairs from Fig. 4.

S ALS
Chair 32.11 | 32.74
Drums 29.74 | 30.26
Ficus 35.31 | 35.96
Hotdog 37.85 | 38.32
Lego 33.30 | 34.73
Materials || 35.24 | 35.85
Mic 31.38 | 31.62
Ship 30.03 | 30.48

Table 2: The comparison of the proposed ordering algo-
rithms in the NeRF-synthetic dataset.

synthetic in Tab. 3. Due to the space constraints, we provided
the quantitative results on the Mip-NeRF 360 dataset in the
Appendix. The 3DGS-HR is the result of 3DGS trained on
ground-truth HR images, which is considered as the upper
bound. The values with { were taken from the original pa-
pers as their codes are not publicly available. In all baseline
comparisons, the best performance is highlighted in bold.

Our methods (Ours-ALS) consistently outperformed
other baseline models across all metrics. The Comparison
against Render-SR and SuperGaussian, clearly highlights
that the proposed methods do not suffer from stripy or blob-
like artifacts.

Qualitative Results While we showed improvements in
various aspects, super-resolution tasks are notoriously chal-
lenging to improve quantitative metrics, such as PSNR. This
is due to the most improvement comes from small parts of
the images or high-frequency details, which conventional
metrics do not accurately capture. We provide a few qualita-
tive results to demonstrate the effectiveness of the proposed
algorithms (Fig. 5 and Fig. ??). We compared ours to the
baseline models whose codes are available, such as NeRF-
SR and DiSR-NeRF. On the NeRF-synthetic dataset, we
compared our model against Bicubic, SwinlR, Render-SR,
NeRF-SR, and DiSR-NeRF. For the Mip-NeRF 360 dataset,
we compared ours with Bicubic and SwinlR, as the NeRF
models for NeRF-SR and DiSR-NeRF do not perform well
on the Mip-NeRF 360 dataset. In both datasets, our model
retains more high-frequency details and best reconstructs the
ground truth.
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Figure 5: Qualitative results on the NeRF-synthetic dataset. The PSNR values against GT are embedded in each image patch.
Ours have shown superior results than the existing baselines, especially for high-frequency details.
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Figure 6: Qualitative results on Mip-NeRF 360 dataset. The
PSNR values against GT are embedded in each image patch.
Ours have shown superior results than the existing baselines,
especially for high-frequency details.

5 Conclusion

In this paper, we introduce simple yet practical algorithms
to leverage the existing VSR models to improve the 3D
super-resolution task. We proposed a simple greedy algo-
rithm to efficiently generate a desirable sequence for the
VSR models. We further improved the resulting sequence
with the adaptive-length sequence technique. Using the pro-
posed algorithms, we addressed the issue of stripy or blob-
like artifacts caused by the trained 3D models on LR im-
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PSNRT | SSIMT | LPIPS])
Bicubic 27.56 | 0.9150 | 0.1040
SwinIR 30.77 | 0.9501 | 0.0550
Render-SR 28.90 | 0.9346 | 0.0683
NeRF-SR 28.46 | 0.9210 | 0.0760
ZS-SRT' 29.69 | 0.9290 | 0.0690
CROP' 30.71 | 0.9459 | 0.0671
FastSR-NeRF' 30.47 | 0.9440 | 0.0750
DiSR-NeRF 26.00 | 0.8898 | 0.1226
SRGS' 30.83 | 0.9480 | 0.0560
GaussianSR' 28.37 | 0.9240 | 0.0870
SuperGaussian' | 28.44 | 0.9459 | 0.0670
Ours-ALS 31.41 | 0.9520 | 0.0540
3DGS-HR 33.31 | 0.9695 | 0.0303

Table 3: Comparison of different methods for 3D super-
resolution (x4 — x1) in Blender Dataset. The numbers
marked with T are sourced from their respective paper, as
the code is not available at this time.

ages and achieved promising performance without involv-
ing fine-tuning the VSR models. The experimental results
demonstrated the effectiveness of the proposed algorithms,
showing the state-of-the-art results on standard benchmark
datasets. We believe this work paves the way for more robust
and efficient 3D super-resolution techniques by rethinking
how to leverage VSR models, offering valuable insights for
future research and development in this field.
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