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Abstract

Reconstructing high-resolution (HR) 3D Gaussian Splatting
(3DGS) models from low-resolution (LR) inputs remains
challenging due to the lack of fine-grained textures and ge-
ometry. Existing methods typically rely on pre-trained 2D
super-resolution (2DSR) models to enhance textures, but suf-
fer from 3D Gaussian ambiguity arising from cross-view in-
consistencies and domain gaps inherent in 2DSR models. We
propose IE-SRGS, a novel 3DGS SR paradigm that addresses
this issue by jointly leveraging the complementary strengths
of external 2DSR priors and internal 3DGS features. Specifi-
cally, we use 2DSR and depth estimation models to generate
HR images and depth maps as external knowledge, and em-
ploy multi-scale 3DGS models to produce cross-view consis-
tent, domain-adaptive counterparts as internal knowledge. A
mask-guided fusion strategy is introduced to integrate these
two sources and synergistically exploit their complementary
strengths, effectively guiding the 3D Gaussian optimization
toward high-fidelity reconstruction. Extensive experiments
on both synthetic and real-world benchmarks show that IE-
SRGS consistently outperforms state-of-the-art methods in
both quantitative accuracy and visual fidelity.

Introduction

3D scene reconstruction plays a crucial role in various ap-
plications. A central task is novel view synthesis (NVS) to
generate photorealistic images from unseen viewpoints. 3D
Gaussian Splatting (3DGS) has recently emerged as a ef-
fective solution for real-time, high-fidelity rendering by ex-
plicitly representing scenes as a collection of 3D Gaussians
(Kerbl et al. 2023). Despite its advantages in rendering qual-
ity and speed, 3DGS struggles to reconstruct accurate scenes
from low-resolution (LR) inputs due to the lack of fine-
grained textures and geometric details. Moreover, acquiring,
storing, and transmitting high-resolution (HR) multi-view
data is often costly or infeasible in practical scenarios, moti-
vating the need for effective super-resolution (SR) methods
that enable HR 3DGS reconstruction from LR observations.
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Several recent methods (Yoon and Yoon 2023; Ko et al.
2025; Xie et al. 2024; Feng et al. 2024b; Shen et al. 2024)
have explored 3DGS super-resolution, typically employ-
ing pre-trained 2D super-resolution (2DSR) models such
as single-image super-resolution (SISR) or video super-
resolution (VSR) to upsample LR views and generate
pseudo-HR supervision for training 3DGS-based models.
However, directly employing 2DSR models has two funda-
mental issues: (1) cross-view inconsistency, as 2D models
process each view independently without enforcing multi-
view consistency; and (2) domain gap, due to the discrep-
ancy between the 2D training data and the target 3D novel
scenes. Together, these issues lead to ambiguity during 3D
Gaussian optimization. While prior works have attempted
to address these issues through alignment, regularization, or
post-processing techniques, substantial limitations remain.

In this work, we propose IE-SRGS, a novel 3DGS SR
paradigm that mitigates ambiguity by jointly leveraging the
complementary strength of external 2DSR priors and inter-
nal 3DGS features. Pre-trained 2DSR models offer strong
HR detail priors but lack cross-view consistency and adapt-
ability to novel 3D scenes. In contrast, multi-scale 3DGS
models naturally enforce cross-view consistency and adapt
to scene geometry but struggle to recover fine-grained tex-
tures from LR inputs (Yan et al. 2024; Yu et al. 2024b). IE-
SRGS bridges this gap through three key components: (1)
applying pre-trained 2DSR and depth estimation models to
generate HR images and depth maps as external knowledge;
(2) employing a multi-scale 3DGS model to produce cross-
view consistent, domain-adaptative counterparts as internal
knowledge; and (3) introducing a mask-guided fusion strat-
egy to effectively integrate both sources and jointly guide the
3D Gaussain optimization. By systematically fusing external
and internal knowledge, IE-SRGS effectively suppresses vi-
sual artifacts, restores fine details, and enables high-quality
HR 3DGS from only LR inputs. Figure 1 illustrates our
paradigm shift through internal-external knowledge fusion.
Extensive experiments demonstrate that IE-SRGS consis-
tently outperforms state-of-the-art (SOTA) methods.

Our contributions are summarized as follows:

* A novel 3DGS SR paradigm, IE-SRGS, that addresses
the ambiguity issue by integrating complementary in-
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Figure 1: Comparison between existing methods and IE-SRGS. Left: External 2D Super-Resolution (2DSR) models provide
detail but lack consistency; internal 3D models offer consistency but lack details. IE-SRGS achieves consistent and detailed
outputs. Right: Existing methods rely solely on external priors. IE-SRGS jointly integrates external and internal knowledge,
enabling high-quality high-resolution (HR) 3D Gaussian Splatting (3DGS) from low-resolution (LR) multi-view inputs.

ternal (multi-scale 3DGS-based) and external (2DSR-
based) knowledge.

* Added geometric priors from the depth estimation model
for optimization of Gaussians in 3DGS SR.

* A mask-guided strategy that effectively integrate internal
and external guidance to supervise 3DGS optimization.

» Extensive experimental validation on both synthetic and
real-world benchmarks, demonstrating that IE-SRGS
consistently outperforms SOTA methods.

Related Work
Novel View Synthesis

NVS aims to generate photorealistic images from unseen
viewpoints using multi-view inputs (Gortler et al. 2023).
NeRF-based methods (Mildenhall et al. 2020; Xie et al.
2023; Reiser et al. 2021; Yariv et al. 2023; Huang et al. 2022;
Chen et al. 2024) achieve high visual quality, but suffer from
slow rendering due to costly ray marching. Grid-based meth-
ods (Miiller et al. 2022; Sun, Sun, and Chen 2022; Shao
et al. 2023; Chen et al. 2022; Barron et al. 2023; Liu et al.
2020) partially improve efficiency via structured discretiza-
tion. Recent 3DGS methods (Kerbl et al. 2023; Zhang et al.
2024b; Yang et al. 2024b; Shi et al. 2025; Zhang et al. 2024a;
Cheng et al. 2024; Qiao et al. 2025) have achieved real-time,
high-fidelity NVS, but heavily rely on HR inputs to recover
fine textures and geometry. However, acquiring HR multi-
view images is costly or infeasible. To address this, methods
like multi-scale reconstruction (Yan et al. 2024) and Mip-
Splatting (Yu et al. 2024b) have been proposed to improve
detail handling, but still struggle to recover high-frequency
content without external priors.

Single-Image and Video Super-Resolution

SISR and VSR are widely used to generate external HR pri-
ors for 3DGS SR. SISR enhances spatial details from LR im-
ages using CNNs (Lim et al. 2017; Zhang et al. 2018b; Ding
et al. 2025), Transformers (Liang et al. 2021), or GAN/d-
iffusion models (Ledig et al. 2017; Wang et al. 2018; Sa-
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haria et al. 2022). VSR extends this by using temporal in-
formation across frames through motion-aware architectures
(Chan et al. 2021, 2022; Liang et al. 2024a). While effective
in 2D tasks, these models face challenges when applied to
multi-view 3D reconstruction. They process each view inde-
pendently, introducing cross-view inconsistencies, and often
suffer from performance degradation due to domain gaps be-
tween training data and target 3D scenes. These limitations
motivate our framework, which explicitly addresses cross-
view consistency and domain adaptation for 3DGS SR.

3D Super-Resolution

High-quality 3D reconstruction from LR inputs remains
challenging for both NeRF- and 3DGS-based methods. Ear-
lier NeRF-based works (Wang et al. 2022; Feng et al. 2024a;
Yoon and Yoon 2023; Lee, Li, and Lee 2024) leverage super-
sampling or 2DSR priors to improve texture quality, but of-
ten suffer from inefficiency or limited adaptability. Recent
3DGS-based methods (Shen et al. 2024; Ko et al. 2025; Xie
et al. 2024; Feng et al. 2024b; Yu et al. 2024a) enable real-
time rendering without extensive scene-specific fine-tuning,
such as SRGS (Feng et al. 2024b) and GaussianSR (Yu
et al. 2024a) methods. However, they rely mainly on ex-
ternal priors, largely ignoring internal 3D consistency and
scene-specific adaptation. To address these limitations, we
propose IE-SRGS, which integrates external high-frequency
priors with internal 3D consistency from multi-scale 3DGS
representations, and explicitly incorporates geometric depth
priors to further enhance reconstruction quality.

Preliminaries

3D Gaussian Splatting. 3DGS (Kerbl et al. 2023) repre-
sents a 3D scene using a set of anisotropic 3D Gaussians
G = {g1,82,...,gN}, where each Gaussian is parameter-
ized by a 3D position u, covariance matrix X, color ¢, and
opacity . Each Gaussian defines a density distribution:

5P = e (502w -)
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Figure 2: Overall framework of the proposed IE-SRGS. Given LR multi-view images, IE-SRGS extracts external guidance
from pre-trained 2DSR models and internal guidance from a multi-scale 3D model. A mask-guided internal-external guidance
integration provides structured, adaptive supervision for final HR 3DGS optimization.

where x denotes a 3D location. These Gaussians are pro-
jected into screen space and rasterized using splatted alpha
blending to render novel views. In this work, we aim to en-
hance HR 3DGS reconstruction from LR inputs by improv-
ing the texture and geometric quality of Gaussian primitives
via internal-external knowledge fusion.

Mip-Splatting. Mip-Splatting (Yu et al. 2024b) enhances
3DGS rendering stability by applying a 3D smoothing op-
eration that suppresses aliasing and high-frequency noise
under magnification. Specifically, each 3D Gaussian is con-
volved (i.e., ®) with a low-pass filter gy, before projection:

gn(z) = (g°° ® giow) (2), 2

which yields a regularized Gaussian with enlarged covari-
ance, effectively controlling the sampling rate and smooth-
ing sharp artifacts. This operation preserves geometric con-
sistency across views and improves robustness to domain
variations. In our framework, we leverage this multi-scale
rendering consistency to mitigate cross-view ambiguity.

Method

Overview. The overall framework of IE-SRGS is shown in
Figure 2. Given a set of LR multi-view images, we first
apply a pre-trained 2DSR model and a depth estimator to
generate HR images and depth maps, forming the external
guidance rich in texture details. Meanwhile, a multi-scale
3DGS model is constructed directly from LR inputs and op-
timized via multi-view regularization to ensure cross-view
consistency and scene adaptation. We then apply a SR splat-
ting to generate internal, upscaled images and depth maps,
which serve as the internal guidance. Finally, we introduce a
mask-guided fusion strategy to integrate internal and exter-
nal knowledge, leveraging their complementary strengths in
texture and geometry to guide HR 3DGS optimization.

External Knowledge for HR Detail Restoration

Reconstructing high-quality HR 3DGS from LR inputs is
challenging due to lacking HR fine textures and accurate
geometry. To address this, we propose to leverage exter-
nal knowledge from pre-trained 2DSR and depth estima-
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tion models, which provide strong priors learned from large-
scale datasets. Specifically, we use SwinIR (Liang et al.
2021) to generate super-resolved images with rich texture
details, and Depth Anything V2 (Yang et al. 2024a) to es-
timate depth maps from these images, offering geometric
cues. The resulting super-resolved image and depth map are
denoted as Eiyage and Egepm, respectively, and serve as ex-
ternal guidance for optimizing the 3D Gaussians.

To inject external knowledge into the 3DGS model, we
supervise the optimization of its Gaussian using both the
texture and geometric information provided by Eiyage and
Egepn. For texture guidance, we compare the rendered im-
age Rimage, Obtained by projecting the current Gaussian onto
the target view during optimization, with the external refer-
ence Eimage using a weighted sum of L, loss and D-SSIM
loss L4 (Kerbl et al. 2023):

‘ch = (1 - A)‘cl (Eimage: Rimage) + )\Eds(Eimagey Rimage); (3)
where A balances pixel-wise accuracy and structural similar-
ity. For geometric supervision, we align the rendered depth
Rgepin, obtained via splatted rasterization during Gaussian
optimization, with Egep, using a relaxed relative loss (Xiong
et al. 2023) based on Pearson correlation:

N
1 Cov (Rdepth ’ E depth)

AT )
’L
\/ Var(R depth ) Var( depth)

where N is the number of pixels, and Cov(-) and Var(-) de-
note covariance and variance, respectively. Together, these
losses guide 3D Gaussians to capture fine textures and accu-
rate geometry from external knowledge.

EE

gem
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Internal Knowledge for Ambiguity Correction

While external knowledge offers rich texture and geometry
priors for Gaussian optimization, it suffers from: (1) cross-
view inconsistency, as 2D models process each view inde-
pendently without enforcing 3D coherence; and (2) domain
gaps between training data and target scenes. These limita-
tions introduce ambiguity in Gaussian optimization. To ad-
dress this, we introduce internal knowledge from a multi-
scale 3DSR model that inherently enforces cross-view con-
sistency and adaptability. We adopt Mip-Splatting (Yu et al.



2024b) as the internal backbone for its anti-aliasing capabil-
ity and scale-consistent representation.

To extract internal guidance, we first train a multi-scale
3DGS model using LR multi-view inputs. To further en-
hance cross-view consistency, we adopt Multi-View Reg-
ulation (MV-Regulation) (Du, Wang, and Yu 2024), which
supervises multiple views jointly during optimization. This
strategy reduces overfitting to individual views and pro-
motes geometric coherence across viewpoints. We then ap-
ply SR-Splatting to generate HR internal references. Specif-
ically, 3D Gaussians are projected onto a 2D screen-space
plane and upsampled using a predefined scaling factor. The
upsampled splats are rasterized to produce internally scaled
images and depth maps, denoted as Iinage and Jgepm, Which
serve as internal guidance for Gaussian optimization.

To correct the ambiguities introduced by external supervi-
sion, we supervise the rendered image Rjmage and depth map
Rgepn using the internal references fimage and Igepm through
dedicated internal texture and geometry losses:

Etlex = (17)‘)£1 (Iimage7 Rimage)+>\£ds(1imagea Rimage)a )
Eéem =L (Ideptha Rdepth)~ (6)

These losses guide the 3D Gaussians toward consistent and
scene-adaptive reconstructions, complementing the HR de-
tails provided by external knowledge.

Internal-External Fusion for HRGS Optimization

To fully exploit the complementary strengths of internal and
external guidance, we propose integrating them through a
unified supervision framework. This fusion enables accurate
texture restoration and robust geometric reconstruction, and
is structured into two components: Texture Guidance Inte-
gration and Geometric Guidance Integration.

Texture Guidance Integration. Considering that the in-
consistencies and local artifacts introduced by 2DSR mod-
els are typically localized, and internal guidance ensures
cross-view consistency but lacks HR details, we propose
a mask-guided integration strategy for texture supervision.
This can effectively address inconsistencies while preserv-
ing the high-quality texture details. Specifically, an uncer-
tainty map D(p) is computed at each pixel p to measure the
discrepancy between limage and Fimage:

|Iimage(p) - Eimage(p)|
Iimage (p) +e€

where € is a small constant (10~%) for numerical stability.

Then, a binary mask M (p) is obtained with a threshold T
1, D(p)>T

M — ) pu—

) {&-MM<T
This mask guides the texture supervision process: regions
with high discrepancy are trained using internal references,

while the the remaining areas follow external guidance. The
final texture loss is defined as:

D(p) =

; N

®)

Lox = LL +LE )
where £ = £L © M(p) and LE, = LE © (1 — M(p))

and © denotes element-wise multiplication.
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Geometric Guidance Integration. As geometric struc-
tures are relatively coarse and less sensitive to local variance,
we directly combine internal and external geometric losses
via a weighted sum by balancing factors A; and A.:

Loem = NiLlfem + AeLE (10)
The final loss for HR 3DGS optimization is defined as:
Eﬁnal = »Ctex + »Cgem« (11)

Through joint internal-external guidance at both texture and
geometry levels, IE-SRGS effectively resolves ambiguities,
preserves HR details, and achieves high-fidelity 3D recon-
struction from LR inputs.

Experiments
Datasets and Evaluation Metrics

We evaluate IE-SRGS on 21 scenes from four public
datasets to demonstrate its robustness and generalization.
Specifically, we use 9 real-world indoor and outdoor scenes
from Mip-NeRF 360 (Barron et al. 2022), 2 from Deep
Blending (Hedman et al. 2018), 2 from Tanks&Temples
(Knapitsch et al. 2017), and 8 synthetic scenes from NeRF
Synthetic (Mildenhall et al. 2020). To construct LR inputs,
training views are downsampled using bicubic interpola-
tion, by a factor of 8 for Mip-NeRF 360 (for 4x 3D super-
resolution) and by a factor of 4 for the other datasets, follow-
ing SRGS (Feng et al. 2024b) for fair comparison. We as-
sess reconstruction quality using Peak Signal-to-Noise Ratio
(PSNR), Structural Similarity Index (SSIM) (Wang, Simon-
celli, and Bovik 2003), and Learned Perceptual Image Patch
Similarity (LPIPS) (Zhang et al. 2018a).

Implementation Details

IE-SRGS is built upon the open-source Mip-Splatting code-
base, with modification to the Gaussian rasterization module
for depth map rendering. For internal model training, we use
3 randomly sampled views in MV-Regulation and optimize
the multi-scale 3DGS model for 30,000 iterations using the
same hyperparameters as Mip-Splatting (Yu et al. 2024b).

Methods

NeRF Synthetic

3DGS (Kerbl et al. 2023) 21.77 0.867 0.104
SwinlR-3DGS (Liang et al. 2021) 30.38 0.945 0.059
NeRF-SR (Wang et al. 2022) 28.90 0.927 0.099
DiSR-NeRF (Lee, Li, and Lee 2024) 26.00 0.890 0.123
FastSR-NeRF (Lin et al. 2024) 30.47 0.944 0.075
CROC (Yoon and Yoon 2023) 30.71 0.945 0.067
Mip-splatting (Yu et al. 2024b) 24.59 0.909 0.101
GaussianSR (Yu et al. 2024a) 28.37 0.924 0.087
SuperGaussian (Shen et al. 2024) 28.44 0.923 0.067
SRGS (Feng et al. 2024b) 30.83 0.948 0.056
Ours 3097 0.952 0.054
Upper Bound 33.37 0.969 0.032

Note: Upper Bound refers to the results obtained by training
HR 3DGS directly with HR inputs.

Table 1: Quantitative comparison of 4x 3D super-
resolution results on NeRF Synthetic dataset.



Methods Ml[%-NeRF360 Deeg Blendm§ Tanks&Temples
3DGS (Kerbl et al. 2023) 20.72 0.617 0.396 27.02 0.851 0.304 19.62 0.715 0.337
SwinIR-3DGS (Liang et al. 2021)  26.68 0.762 0.299 29.29 0.892 0.279 23.32 0.805 0.281
Mip-splatting (Yu et al. 2024b) 26.43 0.754 0.304 28.93 0.885 0.283 23.04 0.790 0.293
GaussianSR (Yu et al. 2024a) 25.60 0.663 0.368 28.28 0.873 0.307 - — -
SRGS (Feng et al. 2024b) 26.88 0.767 0.286 29.49 0.896 0.275 23.41 0.807 0.278
Squence Matters (Ko et al. 2025) 27.02 0.774 0.279 - - - 23.43 0.808 0.274
Ours 27.15 0.779 0.278 29.63 0.899 0.271 23.52 0.810 0.274
Upper Bound 27.23 0.797 0.254 29.73 0.905 0.243 23.51 0.828 0.242

Note: Upper Bound refers to the results obtained by training HR 3DGS directly with HR inputs.

Table 2: Quantitative comparison of 4 x 3D super-resolution results on three real-world datasets Mip-NeRF360, Deep Blending,

and Tanks&Temples evaluated by PSNR, SSIM, and LPIPS.

Mip-Splatting SwinIR-3DGS

Ground Truth

SRGS

Figure 3: Qualitative comparisons of 4 x 3D super-resolution on the NeRF Synthetic dataset. IE-SRGS achieves sharper textures
and higher fidelity compared to SOTA methods 3DGS, Mip-Splatting, SwinIR-3DGS, and SRGS.

We set A\; = 0.001 and A, = 0.0001 for internal and exter-
nal supervision and use a discrepancy threshold 7" of 0.9 for
real-world scenes and 0.6 for synthetic scenes. All experi-
ments are run on a single NVIDIA RTX 4090 GPU.

Performance Comparison

We compare IE-SRGS with a range of SOTA 3D SR meth-
ods, including NeRF-SR (Wang et al. 2022), CROC (Yoon
and Yoon 2023), DiSR-NeRF (Lee, Li, and Lee 2024),
FastSR-NeRF (Lin et al. 2024), GaussianSR (Yu et al.
2024a), SuperGaussian (Shen et al. 2024), SRGS (Feng et al.
2024b), and Sequence Matters (Ko et al. 2025). SRGS is
the most relevant baseline and Sequence Matters reports the
best performance. For methods without public code (CROC,
FastSR-NeRF, GaussianSR, SuperGaussian), we cite results
from their papers. For real-world datasets lacking their re-
sults, we include comparisons with 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023), Mip-Splatting (Yu et al. 2024b),
and a baseline variant SwinIR-3DGS.

Quantitative Comparison. Table 1 presents results on
the NeRF Synthetic dataset for 4x 3D SR, a most com-
mon benchmark for SOTA methods. As shown, IE-SRGS
outperforms all SOTA methods across all metrics, achiev-
ing the best performance. Notably, IE-SRGS improves upon
its backbone Mip-Splatting by 25.9% in PSNR, 4.73% in
SSIM, and 46.5% in LPIPS, clearly demonstrating the effec-
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tiveness of internal-external knowledge fusion. Moreover, its
performance closely approaches the Upper Bound trained on
HR inputs, highlighting its strong capability to recover accu-
rate textures and geometries from LR inputs.

Table 2 reports results on three real-world datasets:
Mip-NeRF360, Deep Blending, and Tanks&Temples. While
many SOTA methods avoid evaluation on real-world scenes
due to increased complexity and domain shifts, we evaluate
across all datasets to thoroughly assess the robustness of our
method. As shown, IE-SRGS again achieves the best perfor-
mance across all metrics and datasets, closely approaching
the Upper Bound. These results highlight its strong gener-
alization under real-world LR constraints and validate our
core claim that joint internal-external guidance enables con-
sistent, high-quality 3D SR across diverse domains.

Qualitative Comparison. Figure 3 and Figure 4 show
qualitative results for 4x 3D SR on synthetic and real-
world datasets, respectively. As observed, standard 3DGS
exhibits severe blurring due to the absence of HR details.
Mip-Splatting improves consistency but still lacks fine tex-
tures, revealing the limitations of internal knowledge alone.
Methods using external knowledge, such as SwinIR-3DGS
and SRGS, recover partial details but introduce noticeable
artifacts and distortions, especially in regions with com-
plex structures. In contrast, IE-SRGS consistently generates
sharper textures, more accurate geometry, and visually co-
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Figure 4: Qualitative comparisons of 4x 3D super-resolution on real-world datasets. IE-SRGS reconstructs finer textures and
preserves more structural details compared to SOTA methods 3DGS, Mip-Splatting, SwinIR-3DGS, and SRGS.

Methods MipNeRF-360 Backbones Mil%NeRF-360

Mip-Splatting (Baseline) 26.43 0.754 0.304 —= PSRT (Shi et al. 2022) 25.19 0.697 0.353
+ MV-Regulation 26.68 0.757 0.297 g g)uys I(IIQ)SET) R %ggg gggg 8%(2)
Mip-Splatting (Baseline) 26.43 0.754 0.304 5 OV,E;] (Sé,irll?ﬁ% etk ) 2573 0729 0.306
+ External Texture Guidance (Ejmage) 26.69 0.762 0.300 - -
+ External Geometric Guidance (Egepn) 26.72  0.763  0.299 3 A-Splatting (Liang et al. 2024b) 24.14  0.629  0.411
. _ £ Ours (A-Splatting) 2548 0.716 0.324
—+ Internal Texture Guidance (Lmage) 27.00 0.775 0.283 i) Mlp—Splattlng (Yll et al. 2024b) 25.04 0.687 0.349
+ Internal Geometric Guidance (Igepn) 27.05 0.775 0.282 = Ours (Mip-Splatting) 2573 0729 0.306

+ Mask-Guided Texture Integration 27.15 0.779 0.278

Table 4: Performance comparison across different back-

Table 3: Ablation study on component effectiveness of IE- bones with and without our joint internal-external guidance.

SRGS. MV-Regulation is applied to Mip-Splatting to form
a multi-view consistency baseline, while guidance compo-

t ively added without MV-Regulation.
fients ate progressively added withou ceuation lacks high-frequency recovery. Introducing external guid-

ance sharpens textures but introduces local artifacts (e.g., in
the grass regions). Adding internal guidance reduces these
artifacts but retains some blurring. With mask-guided fusion,
internal and external cues are effectively combined, produc-
ing sharp, artifact-free textures and accurate geometry, as

herent results across all datasets, validating the effectiveness
of internal—-external fusion.

Ablation Study observed in both rendered images and depth maps.
Component Contribution Analysis. To evaluate the effec- Backbone Generalization Analysis. To assess the gen-
tiveness of each component in IE-SRGS, we conduct abla- eralizability of our joint internal-external guidance, we ap-
tion studies on the Mip-NeRF360 dataset. We first enhance ply it to alternative backbone models. Specifically, for ex-
Mip-Splatting with MV-Regulation to serve as a reference ternal guidance, SwinlR is replaced with PSRT (Shi et al.
baseline for evaluating the impact of enforcing multi-view 2022); for internal guidance, Mip-Splatting is replaced with
consistency. Then, we progressively introduce external tex- Analytic-Splatting (Liang et al. 2024b). We conduct experi-
ture guidance (Fimage), €xternal geometric guidance (Egepih), ments on two representative scenes, bicycle and stump, from
internal texture guidance (Iimage), internal geometric guid- the MipNeRF-360 dataset. As shown in Table 4, our joint
ance (Igepwn), and finally, mask-guided texture integration. guidance consistently improves performance across differ-
Table 3 summarizes the quantitative results. Each com- ent backbones on all metrics, confirming its strong robust-
ponent yields incremental improvements across all metrics, ness and backbone-agnostic generalization.
confirming the effectiveness of each design. Notably, the Hyperparameter Sensitivity. To assess the effect of the
full internal-external joint guidance framework outperforms threshold 7" in mask-guided texture integration, we conduct
both the original and MV-Regulation-enhanced baselines, a sensitivity analysis on two representative scenes from the
indicating that the joint guidance not only provides stronger Mip-NeRF360 dataset. The 7" balances internal and exter-
multi-view consistency constraints but also enhances texture nal guidance: T" = 0 relies solely on internal supervision,
fidelity. Figure 5 presents qualitative comparisons. The Mip- while 7" = 1 heavily trusts external guidance in ambiguous
Splatting baseline suffers from blurred textures and miss- regions. As shown in Figure 6, PSNR gradually improves as
ing details. MV-Regulation improves consistency but still T increases from 0 to 0.9, indicating that moderate external
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Figure 5: Qualitative results of the component effectiveness analysis. MV-Regulation is first added to Mip-Splatting to form a
consistency baseline, while external, internal, and joint guidance components are progressively added without MV-Regulation.

Datasets

Methods External Train Internal Train Depth Estimation HRGS Train Total Train Time Inference (FPS)

- . SRGS 45.0s - - 13minlls 13mins 56s 191

NeRF Synthetic g §RGs 4505 6min40s 2395 1 1mins42s 19mins30s 260
. SRGS 2min39s - - 43minl2s 45mins 51s 92
MipNeRF-360  {E'SRGS  2min39s 10min30s 48 3s 40mins20s S4minsi7s 119

Table 5: Time breakdown and inference speed comparison of SRGS vs. IE-SRGS on NeRF Synthetic and MipNeRF-360.
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Figure 6: Threshold T sensitivity in mask-guided texture in-
tegration on two scenes from the Mip-NeRF360 dataset.

guidance enhances texture quality. The performance drop at
T = 1 suggests that excessive reliance on external priors
introduces artifacts. These results confirm that IE-SRGS is
robust to threshold selection over a wide range and further
validate the effectiveness of integrating internal knowledge.

Efficiency Analysis. To assess the efficiency of IE-SRGS,
we analyze the runtime of each component and compare it
with the SOTA method SRGS (Feng et al. 2024b). As shown
in Table 5, although IE-SRGS includes additional modules
such as internal training and depth estimation, the total train-
ing time increases only slightly, by 7-8 minutes, demon-
strating the efficiency of our design. Importantly, IE-SRGS
achieves significantly faster inference, with 260 FPS on
NeRF Synthetic and 119 FPS on MipNeRF-360, compared
to 191 FPS and 92 FPS for SRGS. This gain is due to faster
convergence enabled by our joint internal-external guidance
and mask-guided integration. These results show that IE-
SRGS achieves high-quality reconstruction with minimal
added cost and superior runtime efficiency.

Scaling Robustness Analysis. To assess the scalability of
IE-SRGS, we perform an additional 8 x SR experiment on
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Methods MiBNeRF'360

Mip-Splatting (Yu et al. 2024b) 25.02  0.728  0.417
SRGS (Feng et al. 2024b) 25.27  0.741 0.405
Ours 25.64 0.755 0.386

Table 6: Quantitative results on 8 x super-resolution on the
bicycle and stump scenes from MipNeRF-360 dataset.

the MipNeRF-360 dataset, focusing on two representative
scenes: bicycle and stump. Existing SOTA methods rarely
report results under such extreme scaling, our experiment
offers a more rigorous evaluation of model robustness. Ta-
ble 6 presents the quantitative results. IE-SRGS consistently
outperforms both the baseline and SOTA method across all
metrics, without requiring scene-specific fine-tuning. These
results further highlight the strength of our internal-external
guidance framework in preserving reconstruction quality
even under large magnification factors.

Conclusion

We proposed IE-SRGS, a novel framework for 3D SR
that integrates external and internal knowledge to optimize
3DGS. By combining HR detail priors with cross-view
consistency and scene adaptation, IE-SRGS achieves high-
fidelity 3D reconstruction from LR inputs. Extensive exper-
iments demonstrate that IE-SRGS consistently outperforms
SOTA methods and closely approaches the performance of
HR upper bounds. This work lays the foundation for future
research on unified frameworks for 3D low-level tasks and
more effective internal-external knowledge integration.
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