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Abstract

Gaussian Splatting (GS)-based methods rely on sufficient
training view coverage and perform synthesis on interpo-
lated views. In this work, we tackle the more challeng-
ing and underexplored Extrapolated View Synthesis (EVS)
task. Here we enable GS-based models trained with limited
view coverage to generalize well to extrapolated views. To
achieve our goal, we propose a view augmentation frame-
work to guide training through a coarse-to-fine process. At
the coarse stage, we reduce rendering artifacts due to insuf-
ficient view coverage by introducing a regularization strat-
egy at both appearance and geometry levels. At the fine
stage, we generate reliable view priors to provide further
training guidance. To this end, we incorporate an occlu-
sion awareness into the view prior generation process, and
refine the view priors with the aid of coarse stage output.
We call our framework Enhanced View Prior Guidance for
Splatting (EVPGS). To comprehensively evaluate EVPGS
on the EVS task, we collect a real-world dataset called Mer-
chandise3D dedicated to the EVS scenario. Experiments
on three datasets including both real and synthetic demon-
strate EVPGS achieves state-of-the-art performance, while
improving synthesis quality at extrapolated views for GS-
based methods both qualitatively and quantitatively. Our
code and dataset are available on the EVPGS Homepage.

1. Introduction

Gaussian Splatting (GS) [15] and its variants [16, 19, 24,
42] have enabled high-fidelity and real-time novel view syn-
thesis. Despite the achievements, a main drawback of the
existing methods is that they rely on training images with
sufficient view coverage, which is an interpolated view syn-
thesis setting. In real-world scenarios, users often capture
images by moving the camera horizontally around an ob-
ject, yet may desire novel views from elevated pitch an-
gles. Therefore, existing methods suffer from deteriorated
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Figure 1. Illustration of the EVS problem. We visualize the cam-
era pose at each view as a rectangle warped by the pose. Left: In
conventional novel view synthesis, the training views sufficiently
cover the scene. Right: In EVS, the training views have limited
scene coverage (only horizontal and near-horizontal views as per
the example) and overlap poorly with the testing views. Example
scene from DTU [14].

synthesis quality in real-world applications due to both lim-
ited training view coverage and the resulting large disparity
between the training and testing views. This gives rise to
the extrapolated view synthesis (EVS) problem, which we
tackle in this work. We illustrate EVS in Figure 1.

To remedy for the gap between the training and test-
ing views, concurrent works in sparse view reconstruc-
tion [18, 36, 41] perform view augmentation by generat-
ing view priors at augmented views, which act as pseudo-
labels during training. The view prior is typically gener-
ated by reprojecting a training-view image to an unseen
augmented view via a reconstructed explicit 3D represen-
tation, e.g. mesh or depth map. While these sparse view
reconstruction methods can produce novel-view renderings
with reasonable realism, they essentially deal with interpo-
lated view synthesis. We scrutinise the EVS problem and
identify two challenges which have not been addressed by
existing strategies for generating view priors, i.e. lack of
view-dependent color information, and occlusions in com-
plex scenes. We illustrate these challenges in Figure 2.
These issues can cause rendering artifacts such as unreal-
istic appearance and corrupted scene parts, which call for
more dedicated processing of the view priors.
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Figure 2. Illustration of the standard reprojection process and
its challenges. Left: In the standard reprojection process, each
pixel in the view prior of an augmented view retrieves color from
the corresponding pixel in the nearest training view, using repro-
jection via the reconstructed mesh. Right: This technique risks
losing view-dependent color information for the augmented views
and may introduce occlusion artifacts, leading to corrupted view
priors.

To address both challenges above, we present a com-
prehensive view augmentation framework for EVS called
Enhanced View Prior Guidance for Splatting (EVPGS).
Our framework generates reliable view priors through a
two-stage coarse-to-fine process. At the coarse stage, we
leverage both the prior knowledge from the Denoising Dif-
fusion Model (DDM) [11, 25] and the reconstructed mesh
from pre-trained GS Model to reduce rendering artifacts at
extrapolated views caused by insufficient view coverage. At
the fine stage, we incorporate the occlusion-aware strategy
into the view prior generation to eliminate the occlusion is-
sue encountered by the standard reprojection technique (il-
lustrated in Figure 2). We also refine the view priors by
integrating the view-dependent color information from the
regularized renderings at the coarse stage. Our fine stage
can produce high-quality view priors as strong appearance
guidance towards synthesizing realistic extrapolated views.
We term the view priors generated by the EVPGS frame-
work Enhanced View Priors.

To comprehensively evaluate our EVPGS framework,
we collect Merchandise3D, a real-world dataset specifically
tailored for the EVS task. This dataset includes seven ob-
ject instances of several categories with intricate structural
and textural details, representing challenging real-world
scenarios. We evaluate EVPGS on three different bench-
mark datasets, both real and synthetic, including DTU [14],
Synthetic-NeRF [20], and our Merchandise3D. Experimen-
tal results demonstrate the superior performance of EVPGS
over the different datasets.

In summary, our main contributions are as follows,

1. To address the challenges posed by EVS, we propose
the view augmentation framework EVPGS based on GS

16399

models to generate reliable view priors as high-quality
augmented views.
We propose several complementary strategies to im-
prove view prior quality through a coarse-to-fine pro-
cess. At the coarse stage, we introduce a regularization
strategy at both appearance and geometry levels to re-
duce rendering artifacts due to insufficient training view
coverage. Then at the fine stage, we generate reliable
view priors by both eliminating the occlusion issue in the
standard reprojection technique, and refining the view
prior with view specific visual information.

. EVPGS can synthesize extrapolated views with realis-
tic appearance and fine details. Experiments demon-
strate EVPGS achieves state-of-the-art performance on
three EVS benchmarks, including both public and our
self-collected datasets. We release our Merchandise3D
dataset to facilitate future research.

2. Related Work

2.1. Neural Scene Representations

Neural scene representations have been extensively studied
for efficient and high-quality 3D reconstruction. The pio-
neering work Neural Radiance Fields (NeRF) [1, 20] uti-
lizes a deep Multi-layer Perceptron to encode volume den-
sity and color across the continuous 3D space and employs
the alpha-composition technique for rendering into 2D im-
ages. [30, 31, 39] introduces explicit surface representa-
tion for better reconstruction. Several other works [0, 7, 10,
21, 34, 40] adopt the voxel-grid representation to expedite
training and rendering. To reduce memory cost, [3, 7] de-
compose the 3D volume into a set of 2D/1D planes/vectors,
representing the color and opacity at each 3D point with
features stored in the planes/vectors.

A more recent line of works [9, 12, 15, 16, 19, 24, 42—
44] adopt the splatting technique [48] for rendering, achiev-
ing significant improvement in both efficiency and quality.
The seminal work 3D Gaussian Splatting (3DGS) [15] pro-
poses the Gaussian primitive representation which is flexi-
ble and parameter-efficient while being conducive to paral-
lelized implementation. Mip-Splatting [42] introduces ker-
nel filtering techniques to alleviate aliasing artifacts caused
by resolution changes. By exploiting the characteristics of
Gaussian primitives, [9, 12, 43, 44] design dedicated ap-
proaches to improve surface reconstruction. Our framework
is generic and can be implemented with different GS-based
methods as backbones.

2.2. View Augmentation

Sparse View Reconstruction: While sparse view recon-
struction [2, 4, 17, 18, 22, 23, 29, 32, 36, 38, 41, 47] aims
to improve view interpolation between a small set of train-
ing views, several works [18, 36, 41, 47] incorporate view



augmentation strategies. [18, 36] leverage the reprojec-
tion technique to generate view priors, which provide train-
ing supervision at additional views. [41] improves the ge-
ometric consistency across different augmented views by
exploiting the point cloud generated with Structure-from-
Motion (SfM) [26, 27]. [47] leverages augmented views
to encourage the newly cloned Gaussians to be distributed
around the more representative locations.

Extrapolated View Synthesis: Several other works utilize
view augmentation strategies to better synthesize extrapo-
lated views [13, 37, 45]. Inspired by the early method based
on depth probability volume [5], [37] utilizes the recon-
structed pseudo-depth map with additional view coverage
information to produce priors at extrapolated views with
reasonable fidelity. [45] leverages the reprojection tech-
nique to apply supervision on a set of augmented pixels
based on reconstructed mesh vertices. Different from the
methods using augmented views for pixel-wise supervision,
[13] proposes an DDM-based [25] regularization strategy to
remove artifacts caused by insufficient training view cover-
age at the image semantics level. In our framework, we
encourage the backbone to extrapolate to unseen views by
adopting a similar strategy to [13], while we additionally
consider both problems of lacking view-dependent color in-
formation and occlusion issue during view prior generation
for further improving fidelity of the view prior.

3. Method
3.1. The EVPGS Framework

In the EVS task, the goal is to synthesize extrapolated views
by leveraging a training dataset with only limited view cov-
erage. As shown in Figure 1, there can be a drastic dis-
crepancy between the training and testing view coverages,
which hampers the learned GS model from synthesizing
high-quality images at testing views.

Our key idea is based on exploiting view priors as aug-
mented views during training. We propose the EVPGS
framework for generating reliable view priors which we
term Enhanced View Priors. Our EVPGS framework con-
ducts artifact removal and appearance refinement for GS
models in a coarse-to-fine manner. We illustrate our overall
framework in Figure 3.

We first pre-train a GS model using the training views
with limited coverage. Then at the coarse stage, we propose
the Appearance and Geometry Regularization (AGR) strat-
egy to fine-tune the pre-trained model across the augmented
views. The regularization objective is designed by lever-
aging both a pre-trained DDM [25] and the reconstructed
mesh from the pre-trained GS model. Benefiting from the
strong appearance priors in DDM, our appearance regular-
ization can produce visually sanitized images with signif-
icantly reduced artifacts. To further reduce artifacts, we

additionally propose the geometry regularization strategy
which indirectly improves appearance by smoothening the
reconstructed surface at the augmented views. This is im-
plemented by supervising the directly rendered depth map
from pre-trained GS model through mesh-rasterized depth
map from the reconstructed mesh.

At the fine stage, we guide EVS towards both better re-
alism and finer details by introducing the Occlusion-Aware
Reprojection and Refinement (OARR) strategy, which gen-
erates Enhanced View Priors through both occlusion re-
moval and view prior refinement. To eliminate occlusion
during view prior generation, we extend the standard repro-
jection technique [18, 36, 45] by introducing the reverse-
reprojection process, and replace the occlusion-corrupted
pixels with the coarse stage results by designing a selec-
tion criterion based on reverse-reprojection. As a result of
reprojection, the view prior only contains visual informa-
tion from its corresponding training image and lacks the
color information specific to its view. To compensate for
the view-specific visual information, we introduce a sim-
ple but effective refinement strategy to incorporate the com-
plementary visual information from coarse stage renderings
into the view priors.

While each stage of EVPGS can achieve significant im-
provement individually, we combine both stages into one
comprehensive framework for the best performance. We
present our proposed components in detail below.

3.2. Appearance and Geometry Regularization

Appearance Regularization: At the coarse stage, we fine-
tune the pre-trained GS model augmented views to reduce
artifacts due to insufficient training view coverage. To
achieve this goal, we employ the estimated noise of Denois-
ing Diffusion Model (DDM) [25] as the evaluation criterion
for the augmented views.

For each rendered image 7 at an augmented view, the
DDM produces the noise estimate through a diffusion and
denoising process. In the diffusion process, DDM gradually
adds random Gaussian noise € ~ AN(0,1) to Z following
the process I, = \/ai' + (1 — a,)e, where 7, is the noisy
version of Z, 7 is the time step [11] and & is the pre-defined
noise variance schedule. Then in the denoising process, the
noise estimatation is output by the denoising model €4 (-, 7),
where 6 is the model parameters. Previous works [11, 28]
have shown the estimated noise of DDM is proportional to
the score function, which is the negative gradient of the log-
likelihood of Z in our scenario, i.€.,

€9(Zr,7) x =V3logp(Z) (D
This equation suggests that by computing the estimated
noise, we can obtain the direction of the image gradi-
ent V5 log p(Z) which drives 7 towards the data distribu-
tion modes captured by DDM. Therefore, as suggested in
[13, 35], we formulate our appearance regularization term
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Figure 3. Framework Overview. In EVPGS, we first pre-train a GS model using the training set with limited view coverage (e.g. only
horizontal views), then fine-tune the GS model at augmented views (e.g. obtained by elevating the training views) through a coarse-to-fine
process. At the coarse stage, we propose the Appearance and Geometry Regularization (AGR) strategy, where we use the pre-trained GS
model to produce synthesis at augmented views and reduce the artifacts at these views by leveraging the Denoising Diffusion Model [25].
We additionally generate depth maps rasterized from reconstructed mesh to supervise the depth maps directly rendered from the GS model.
At the fine stage, we produce Enhanced View Priors at these augmented views as pseudo-labels, via our Occlusion-Aware Reprojection
and Refinement (OARR) strategy. The OARR strategy comprises both the occlusion-aware reprojection technique to eliminate occlusion
corruptions, and the view prior refinement strategy to incorporate the view-dependent colors obtained from the coarse stage.

L, as follows',

Lo= (eo(Zr,7) O L) 2)
where ©® is the Hadamard product. Unlike previous
works [13, 35] which fine-tune the DDM model to adapt
to their scenarios, we avoid fine-tuning the DDM model,
thereby reducing computational costs and mitigating the
risk of catastrophic forgetting.

Geometry Regularization: In the coarse stage of our
framework, we observe the depth maps rendered from the
pre-trained GS model (i.e. denoted as D) at augmented
views are usually inaccurate, which deteriorates the ren-
dering results at the extrapolated views. As a result, we
use the reconstructed mesh from the pre-trained model to
smooth the rendered depth map, further reducing severe ar-
tifacts. To smooth the rendered depth map, for each aug-
mented view, we use the pseudo-depth map (i.e. denoted as
D) rasterized from the reconstructed mesh to enforce ge-
ometry regularization, which we formulate as supervision
on the rendered depth map D,ie.,

H W R B
—=> > |Dy—D

i=1 j=1

Ly = 3)

i

Following the derivation of [35], the term eg (Z—, 7) in Eq. 2 does not
receive gradient when optimizing the GS model.
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where H and W are the image height and width.

3.3. Enhanced View Priors

At the fine stage, we generate reliable view priors to further
improve realism at augmented views while retaining both
the view-dependent effects inherit from the coarse stage
and the high-frequency details which can be lost after the
coarse stage. This is achieved by our joint strategy to both
remove occlusion corruption and refine the view priors. We
term this strategy Occlusion-Aware Reprojection and Re-
finement (OARR) strategy.

Occlusion-Aware Reprojection: We first generate view
priors based on our improved reprojection technique. For
each augmented view v, we rasterize the depth map D,
at this augmented view and the depth map D, at the near-
est training view t using reconstructed mesh from the pre-
trained GS model. For each pixel coordinate p, € R? in
the augmented view, the reprojection technique calculates
its correspondence pixel p,_,; € R? in the nearest training
view, 1.€.,
Po—t

dpw< ) >:Kt<dpvRK;1 (pf>+t) )

where K, and K, are the camera intrinsic matrices from
the views v and ¢, R and t are the rotation matrix and trans-
lation vector both mapping from the camera space of the



augmented view to the camera space of the training view,
dp, and dp, _,, are the depths of p, and p,_,; from D, and
Dy, respectively. Once the correspondence p,—,; is deter-
mined, the color at p, in the augmented view can be ob-
tained by passing the color at p,_,; in the training view to
Pv. Since p,_; is usually a sub-pixel coordinate, we cal-
culate its color using bilinear interpolation based on its four
nearest pixels.

To avoid potential occlusion when generating view pri-
ors, we extend the standard reprojection technique by intro-
ducing the reverse-reprojection technique which eliminates
occlusion corruptions. Our technique finds the reverse-
correspondence in the augmented view for each p,_,; fol-
lowing a reverse manner to Eq. 4, i.e.,

dpt—n; (pt;)v> _ Kv(dpq,_N,RTKt_l (pvl—)t> o RTt)

(%)
where p;_,, is the reverse-correspondence of p,_,; and
dp, ., is the depth of p,_,,. We observe the pixel distance
e = ||Pu — Pt—ul|5, Which we call reverse-reprojection er-
ror, can be used as a criterion for detecting occlusion, i.e.
the larger the distance, the more likely p,, is corrupted by
occlusion. Therefore, we set an error threshold & on e to fil-
ter out the pixels that are likely corrupted. When e < &, we
pass the color of p,,_+ to p,; otherwise p,, adopts the corre-
sponding pixel color of the regularized renderings from the
coarse stage.

View Prior Refinement: As a result of reprojection, each
view prior is only a warped version of its corresponding
training image and lacks visual information specific to its
view. This may lead to unrealistic appearance at the extrap-
olated views. To incorporate view-dependent information
into the view priors, we refine the view priors by blend-
ing them with regularized renderings from the coarse stage
in a complementary way. We observe that the view priors
can better retain high-frequency details, while the regular-
ized renderings from the coarse stage exhibit more view-
dependent coloring. Therefore, for each view prior Z, we
obtain the regularized rendering Z from the coarse stage at
the same augmented view, then blend the high-frequency
component of Z with the low-frequency component of 7
through weighted summation in the frequency domain. We
update Z to Enhanced View Prior as follows,

I+ F ' MoFD)+(1-MeFI) (©
where M is the weighting map in the frequency domain,
F and F~! are the Fast Fourier Transform [8] and its in-
verse transform, respectively. The weight map M assigns
a large weight wy, to the center pixel, which corresponds to
the high-frequency area, and a small weight w; to the outer
edges, which correspond to the low-frequency area. The
weight at each coordinate on M decreases linearly from wy,
to w; as the distance between the coordinate and the center
of M (i.e. the highest frequency) increases.

3.4. Training Strategies

Pre-train Stage: During the pre-train stage, we use the
photometric loss employed in GS-based methods, which is
a combination of L; and SSIM[33] loss, i.e.,

Lphoto = AC1(Z,T) + (1 — \)SSIM(Z,T)  (7)
where 7 is the rendered image and 7 is the ground truth im-
age. Our EVPGS framework is generic and can be imple-
mented with various GS-based methods as backbones. For
each backbone, we also incorporate the specific strategies
proposed in their respective papers.

Coarse Stage: We sample the augmented views by elevat-
ing the camera perspective at the training views for w de-
grees. We formulate the coarse-stage loss function L oqrse
by summing the photometric loss in Eq. 7 and our AGR reg-
ularization loss terms in Eq. 2 and 3. During optimization,
we update the GS model by taking gradients collectively on
all loss terms in L.oqrse, 1.€.,

Ecoarse = ‘CZFOZSJ + Aaﬁa + /\9[:9 (8)
where A\, and ), are the loss balancing weights, 5;7}'352 is
the photometric loss applied to the training images. We ap-

ply L, and L, only to the augmented views.

Fine Stage: At the fine stage, we use Enhanced View Priors
as pseudo-labels to fine-tune GS model on the augmented

views. We employ the photometric loss L%, with En-

hanced View Prior T as the supervision signal at the aug-
mented views, i.e.,

L9 = \Cy(Z,T) + (1 — N)SSIM(Z,Z)  (9)

photo
where 7 is the directly rendered images from the GS model.
We formulate the fine-stage loss £ f;,,. by incorporating the
training view loss from Eq. 7 into Eq. 9, i.e.,
Lpine = Lyhoto + Lyig (10)

photo photo

4. Experiments
4.1. Experimental Setup

Datasets: We conduct experiments on three datasets with
training/testing splits organized following the EVS sce-
nario. These include the two public datasets DTU [14]
and Synthetic-NeRF [20], and our custom-captured real-
world dataset called Merchandise3D which closely reflects
the EVS scenario. Merchandise3D includes seven common
products in real life with a significant difference in view
coverage between training views and testing views. More
details of our dataset are in supplementary material.

1) DTU[14]: We select 14 scanned scenes in our EVS task.
Each scan contains either 49 or 64 views. For each
scene, we use the 21 or 31 views with the smallest pitch
angles for training and the remaining for testing.

2) Merchandise3D: For each object, we use 50 images
captured from horizontal viewpoints as training views
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Figure 4. Qualitative results on the real-world datasets DTU [14] (top two rows) and our Merchandise3D (bottom two rows). On
both datasets, the baseline methods (the first and the third rows) exhibit rendering artifacts and lack of details due to limited training view
coverage, while all five variants of EVPGS can effectively deal with these issues.

DTU Merchandise3D Synthetic-NeRF
PSNRT SSIMT LPIPS| | PSNR{ SSIM{1 LPIPS| | PSNRT SSIM?T LPIPS |
3DGS[15] 25.188  0.8599  0.0865 23946 09125 0.0618 | 24479 0.8857  0.0804
Mip-Splatting[42] | 25.443  0.8668  0.0851 24276 09139  0.0607 | 27.507 09134  0.0517
2DGS[12] 25.589  0.8843  0.0762 | 22.181 09037 0.0746 | 27.058 0.9137  0.0573
GOF[43] 25.874  0.8633  0.0756 | 22903 09169 0.0639 | 27.528 09170  0.0530
RaDe-GS[44] 25.778  0.8882  0.0753 23.559 09134  0.0645 27.531 09190  0.0530
VEGS*[13] 24927  0.8674  0.0985 24.039 09115 0.0654 | 24509 0.8935  0.0944
EVPGS(3DGS) 26.101  0.8784  0.0773 24789  0.9204  0.0563 27.270 09173  0.0540
EVPGS(MS) 26.107  0.8777 0.0802 | 24.736  0.9207  0.0563 27.735  0.9206  0.0507
EVPGS(2DGS) 26.028  0.8936  0.0715 24.554 09194 0.0574 | 27266 0.9183  0.0565
EVPGS(GOF) 26.343  0.8959 0.0702 | 23.565 09239 0.0577 | 27.666 0.9221  0.0526
EVPGS(RaDe-GS) | 26.488  0.8991 0.0670 | 25.136 0.9267 0.0496 | 27.849 0.9243  0.0498

Table 1. Quantitative evaluation of our EVPGS framework. We compare the EVPGS variants based on different backbones with the
baselines on the DTU [14], Merchandise3D, and Synthetic-NeRF [20] datasets. For each dataset, we report the average metrics across all
scenes. Each EVPGS variant substantially improves performance over the corresponding baselines.

and the remaining 50 images from elevated viewpoints training and testing splits by calculating the pitch angle dif-

as testing views. ference between each test view and its closest training view,
3) Synthetic-NeRF[20]: We sort the camera locations averaged across all testing views for each dataset, as shown

of the original training/testing split in ascending order in Table 2.

along the z-axis to select the lowest 100 views as train-

ing views, leaving the remaining 200 views for testing. Baselines and metrics: We use six GS-based methods as

baselines, i.e. 3DGS [15], Mip-Splatting [42], 2DGS [12],
We quantify the view coverage disparity between the GOF [43], RaDe-GS [44], and VEGS [13]. These baselines
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Figure 5. Qualitative results on the synthetic dataset Synthetic-NeRF [20]. When using different backbones, our EVPGS produces
synthesis closer to the ground truth than the baselines at extrapolated views.

Dataset Average Training/Testing Pitch Angle Difference (Degree)
Original Split Our EVS-specific split
DTU [14] 11.576 24.497
Synthetic-NeRF [20] 8.463 26.491
Merchandise3D - 39.580

Table 2. Average pitch angle difference between the original
training/testing split and our EVS-specific split. We measure
the difference for the three datasets DTU, Synthetic-NeRF, and
Merchandise3D. Our EVS splits exhibit a larger view disparity on
each dataset, posing a more challenging scenario.

are trained only on the training views for each scene in each
dataset. To evaluate the flexibility of our EVPGS frame-
work, we integrate it with each GS-based backbone except
VEGS, as VEGS is specifically designed to tackle the EVS
problem. Based on the results, we select RaDe-GS as the
primary backbone for EVPGS, as it achieves the best per-
formance in our experiments. In the following figures and
tables, we use EVPGS(Backbone) to denote each backbone
in the corresponding experiment. Following the baseline
methods, we adopt PSNR, SSIM [33], and LPIPS [46] as
quantitative metrics.

Implementation Details: We first pre-train the backbone
model for 20k iterations. Then at the coarse stage, we em-
ploy the Stable-Diffusion-2.1 model [25] trained on billion-
scale real-world images to provide strong knowledge pri-
ors for our AGR strategy. We train for 1k iterations in this
stage. At the fine stage, we set the reverse-reprojection error
threshold £ = 1 and train for 9k iterations. We will explain
more implementation details in supplementary.

4.2. Comparison to baselines

We compare our EVPGS framework with 3DGS [15] and
four of its variants, i.e. Mip-Splatting [42], 2DGS [12],
GOF [43] and RaDe-GS [44]. To further evaluate the gen-
erality of EVPGS for the EVS task, we adopt these five GS
methods as alternative backbones. Additionally, we com-
pare EVPGS with VEGS [13], a GS-based method specif-
ically designed for the EVS problem in urban scenes. To

DTU Synthetic-NeRF
PSNR1 SSIM{ LPIPS | |PSNR{ SSIM1 LPIPS |
baseline 25.778 0.8882  0.0753 | 27.531 0.9190 0.0530
only coarse 26.219  0.8927 0.0699 | 27.683 0.9222  0.0507
only fine 26.165 0.8978 0.0703 | 27.708 0.9224 0.0523

Full w/o occ. 26.027 0.8791 0.0714 | 27.606 0.9217 0.0519
fullw/oref. 26.155 0.8951 0.0714 | 27.457 0.9221 0.0514
Jfullw/omesh | 26.337 0.8956 0.0680 | 27.829 0.9237 0.0501
Sfull 26.488 0.8991 0.0670 | 27.849 0.9243 0.0498
Table 3. Ablation study on DTU [14] and Synthetic-NeRF [20].

We use RaDe-GS [44] as the baseline.

adapt VEGS to our scenario, we remove the LiDAR ini-
tialization and object detection, referring to this variant as
VEGS™ in the following.

Table 1 shows quantitative results on DTU [14], Mer-
chandise3D, and Synthetic-NeRF [20]. EVPGS(RaDe-
GS) consistently outperforms the baseline methods across
all metrics, including PSNR, SSIM, and LPIPS, on all
three datasets. Integrating the five baseline models into
our EVPGS framework brings substantial performance im-
provements over the corresponding baselines.

Figure 4 shows the qualitative results on the real-world
datasets DTU and Merchandise3D. In comparison with the
baselines, our EVPGS framework can synthesize extrap-
olated images with fewer and milder artifacts, while pre-
serving high-frequency details (e.g. text on the merchan-
dise and tiles on the roof). These results highlight the
ability of EVPGS to recover fine-grained details and pro-
duce realistic extrapolated views. Moreover, we show in
Figure 5 our qualitative improvements on the synthetic
dataset Synthetic-NeRF. The results on Synthetic-NeRF
also demonstrate the efficacy of EVPGS.

4.3. Ablation Study

Ablation on both coarse and fine stages: We investi-
gate the impact of each proposed strategies on EVS per-
formance. Following the results in Table 3, we use RaDe-
GS [44] as the backbone in our ablation study, since
EVPGS(RaDe-GS) brings the best performance. We eval-
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Figure 6. Qualitative results from the ablation studies. The first row demonstrates the effectiveness of the coarse stage in reducing
prominent artifacts. The second row illustrates the impact of the view prior refinement strategy, which effectively combines view-dependent
color information from the coarse stage while preserving fine-grained details.

uate the effectiveness of both coarse and fine stages in our
framework, as well as the two strategies of the fine stage,
i.e. occlusion-aware reprojection and view prior refinement.
For the coarse and fine stages, we conduct two separate ex-
periments where each experiment has only one of the stages
applied. We denote these two simplified versions of EVPGS
as only coarse and only fine, respectively. For the two
strategies of the fine stage, we conduct another two ex-
periments by removing either strategy from the complete
EVPGS framework, resulting in two more simplified ver-
sions of EVPGS which we denote as full w/o occ. and
full w/oref., respectively. As shown in Table 3, all of the
proposed components contribute significantly to EVPGS.
We also provide qualitative comparison in Figure 6 to
demonstrate the effectiveness of both the coarse stage and
the view prior refinement strategy. The coarse stage re-
moves severe artifacts, therefore benefiting the subsequent
fine stage. View prior refinement helps preserve more view-
specific visual information in the final rendered images.

Ablation on initial reconstructed mesh: We also investi-
gate how the usage of the reconstructed mesh benefits both
the coarse and fine stages. In our pipeline, we reconstruct an
initial mesh after pre-training the GS backbone to enhance
depth map quality, addressing the cases where GS-rendered
depth maps are overall relatively accurate but incomplete
in some augmented views. To account for scenarios where
the initial reconstructed mesh is inaccurate or unavailable
(e.g., complex objects or outdoor scenes), we conduct ex-
periments on a variant of our EVPGS which does not rely
on the initial mesh. Specifically, we remove the geome-
try regularization in AGR module (Sec. 3.2) and rely the
GS-rendered depth map instead of the mesh-rendered depth
map for occlusion detection (Sec. 3.3). We denote this ver-
sion of EVPGS as full w/o mesh. As shown in Table 3,
full w/o mesh has moderate performance drop compared
to the full EVPGS, while still outperforming the baseline
as well as the other simplified variants. Incorporating the
reconstructed mesh in both the coarse and fine stages con-
tribute to improved performance.

5. Limitations

There are two limitations to address in future work. While
we handle view-dependent color at augmented views us-
ing the OARR strategy (Sec. 3.3), our method does not ac-
count for the part of view dependence caused by complex
lighting effects as we do not explicitly model lighting. De-
spite the high-fidelity renderings at extrapolated views pro-
duced without considering lighting, there remains a notice-
able color discrepancy compared to the ground truth, which
can affect the overall visual experience. The other limitation
of our method is its reliance on the quality of the recon-
structed mesh. While our ablation study in Sec. 4.3 shows
that EVPGS still performs competitively without an initial
mesh, we aim to explore mesh-free approaches in future
work that are better applicable to scenarios where meshes
are inaccessible.

6. Conclusion

In this work, we proposed the view augmentation frame-
work called EVPGS based on Gaussian Splatting (GS) to
tackle the challenging Extrapolated View Synthesis (EVS)
problem. EVPGS generates enhanced view priors to fine-
tune GS models through a coarse-to-fine process. At
the coarse stage, we proposed the Appearance and Ge-
ometry Regularization (AGR) strategy to effectively re-
duce severe rendering artifacts. At the fine stage, we pro-
posed the Occlusion-Aware Reprojection and Refinement
(OARR) strategy to generate enhanced view priors, which
serves as strong appearance guidance for synthesis at ex-
trapolated views. To comprehensively evaluate our EVPGS
framework, we conducted experiments on two public real-
world and synthetic datasets, i.e. DTU, Synthetic-NeRF,
and our self-collected real-world dataset Merchandise3D.
Both quantitative and qualitative results on all three datasets
demonstrate that EVPGS significantly improves the synthe-
sis quality at extrapolated views compared to the baseline
methods. Our EVPGS framework is generic and achieves
consistent improvements across different backbones.
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