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Figure 1. We introduce ViewExtrapolator, a novel approach that leverages the generative priors of Stable Video Diffusion for novel view
extrapolation, where the novel views lie far beyond the range of the training views. ViewExtrapolator effectively refines the artifact-prone
renderings (left side of arrows) of radiance fields or point clouds, to more realistic renderings with fewer artifacts (right side of arrows).

Abstract

The field of novel view synthesis has made significant
strides thanks to the development of radiance field meth-
ods. However, most radiance field techniques are far bet-
ter at novel view interpolation than novel view extrapo-
lation where the synthesis novel views are far beyond the
observed training views. We design ViewExtrapolator, a
novel view synthesis approach that leverages the genera-
tive priors of Stable Video Diffusion (SVD) for realistic
novel view extrapolation. By redesigning the SVD denoising
process, ViewExtrapolator refines the artifact-prone views
rendered by radiance fields, greatly enhancing the clar-
ity and realism of the synthesized novel views. ViewEx-
trapolator is a generic novel view extrapolator that can
work with different types of 3D rendering such as views

rendered from point clouds when only a single view or
monocular video is available. Additionally, ViewExtrapo-
lator requires no fine-tuning of SVD, making it both data-
efficient and computation-efficient. Extensive experiments
demonstrate the superiority of ViewExtrapolator in novel
view extrapolation. Project page: https://kunhao-
liu.github.io/ViewExtrapolator/.

1. Introduction

The field of novel view synthesis has witnessed remarkable
advancements, largely driven by the development of radi-
ance field methods such as NeRF [32], Instant-NGP [33],
3D Gaussian Splatting [20], etc. These methods have revo-
lutionized the way we render photorealistic images of novel
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Figure 2. The setting differences between novel view interpolation
and novel view extrapolation: Radiance fields excel at novel view
interpolation but struggle at novel view extrapolation.

views by learning continuous volumetric scene representa-
tions from a set of training views.

The success of radiance fields is especially notable in
novel view interpolation when the synthesized novel view
lies within or near the convex hull of the training views. For
the case of novel view extrapolation where the novel views
move significantly beyond the range of training views, most
existing radiance field methods struggle due to the lack of
observed training data around the novel views [41]. How-
ever, novel view extrapolation is crucial for delivering an
immersive 3D experience, allowing users to explore recon-
structed radiance fields freely beyond the initial training
views. Fig. 2 illustrates the setup differences between novel
view interpolation and novel view extrapolation, as well as
how they affect the synthesized novel views.

We design ViewExtrapolator, a novel view extrapola-
tion technique that introduces the generative priors of Sta-
ble Video Diffusion (SVD) [4] for generating realistic ex-
trapolative novel views. Given a reconstructed radiance
field from training views with limited range, ViewExtrap-
olator first renders a video that starts from a training view
and gradually transits to a distant extrapolative novel view.
While the early video frames exhibit high-quality render-
ings, artifacts gradually arise in the ensuing video frames
when the view goes beyond the training views. The artifacts
become especially obvious around the extrapolated regions
due to the lack of observed data in training. We introduce
SVD as trained over large-scale natural videos to refine the
artifact-prone novel-view frames. Specifically, we redesign
the denoising process to guide SVD to preserve the origi-
nal scene content by modifying the ODE derivative toward
the artifact-prone videos. In addition, we design guidance
annealing and resampling annealing that reduce the influ-
ence of the artifacts in the denoising steps and resampling
steps [29], respectively, inpainting unseen regions and re-
fining the visual quality throughout the denoising process

effectively.
ViewExtrapolator has two unique features in novel view

extrapolation. First, it is generic and can work with dif-
ferent 3D rendering approaches with little adaptation. For
example, it can be directly applied to 3D renderings by
point clouds as derived by depth estimation from a sin-
gle view or monocular video. Second, ViewExtrapolator
is an inference-stage method that does not require fine-
tuning the SVD model. This makes it both data-efficient
and computation-efficient, paving the way for more appli-
cable and accessible novel view extrapolation.

The contributions of this work can be summarized in
three key aspects. First, we introduce ViewExtrapolator,
a novel training-free pipeline that leverages the generative
priors of SVD for novel view extrapolation. Second, we
design guidance annealing and resampling annealing that
eliminate artifacts and enable high-quality inpainting of un-
seen regions, enhancing the visual fidelity of the rendered
novel views effectively. Third, extensive experiments over
various 3D rendering approaches demonstrate the superi-
ority and broad applicability of ViewExtrapolator in novel
view extrapolation.

2. Related Work
Radiance fields. Radiance fields [32] have emerged as
a powerful representation of 3D scenes, driving advance-
ments in novel view synthesis. They model 3D space by
mapping radiance and density to arbitrary 3D coordinates,
where pixel colors are rendered by aggregating the radi-
ance values of sampled 3D points through volume render-
ing [30]. Radiance fields can be implemented using vari-
ous methods, including MLPs [1, 2, 32, 55], decomposed
tensors [5, 7, 10, 23, 24], hash tables [33], voxels [9, 42],
and 3D Gaussians [20, 25, 28]. Numerous studies have
been proposed to enhance the view synthesis process. For
instance, Mip-NeRF [1, 2] improves rendering quality us-
ing anti-aliased conical frustums. Instant-NGP [33] accel-
erates training speed by modeling 3D volumes with multi-
resolution hash tables. 3D Gaussian Splatting [20] achieves
real-time rendering through rasterization with explicitly pa-
rameterized 3D Gaussians. However, these approaches gen-
erally require dense scene observations and lack the genera-
tive capacity for extrapolating beyond observed views, lim-
iting their effectiveness in novel view extrapolation. While
methods like ExtraNeRF [41] and RapNeRF [54] attempt
to address novel view extrapolation, ExtraNeRF’s extrapo-
lation range is limited, and RapNeRF is restricted to object-
level view synthesis. In contrast, ViewExtrapolator can ren-
der scene-level realistic novel views that lie far beyond the
range of the training views.

Diffusion priors for view synthesis. Recent work has ex-
plored the generative priors of diffusion models [14] for
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Figure 3. Overview of the proposed ViewExtrapolator. We ren-
der an artifact-prone video from the closest training view to an
extrapolative novel view, and then refine it by guiding SVD to pre-
serve the original scene content and eliminate the artifacts with
guidance annealing and resampling annealing.

novel view synthesis. Early efforts focused on distilling the
knowledge of 2D text-to-image diffusion models [36] into
3D using Score Distillation Sampling [35, 45], synthesizing
3D objects from text and images [18, 22, 43, 47]. Several
studies fine-tune or train 2D diffusion models on multi-view
or camera-pose-conditioned datasets to strengthen 3D pri-
ors [6, 12, 15, 26, 26, 27, 37, 39, 40, 46, 50, 51], though
most of them focus on object-level synthesis. For scene-
level synthesis, approaches like ExtraNeRF [41], Diffu-
sioNeRF [52], and Nerfbusters [49] incorporate geometry-
informed diffusion models for improved scene-level 3D re-
construction, while methods like Zero-NVS [37], Reconfu-
sion [51], and CAT3D [11] employ diffusion models trained
on large-scale multi-view datasets to enable scene-level
few-shot reconstruction. In addition, MotionCtrl [48], Cam-
eraCtrl [13], ViVid-1-to-3 [21], and SV3D [44] leverage
video diffusion models fine-tuned on camera trajectories for
view synthesis, whereas NVS-solver [53] and CamTrol [16]
utilize a training-free approach for camera control. Differ-
ent from these developments, we propose a training-free
approach for novel view extrapolation with video diffu-
sion priors, paving a more applicable and accessible way
in novel view synthesis.

3. Method

We tackle the challenges of novel view extrapolation by
leveraging the generative priors of a large-scale video diffu-
sion model SVD (Sec. 3.1) for refining artifact-prone videos
as rendered by radiance fields or point clouds (Sec. 3.2).
Specifically, we guide the SVD model to preserve the origi-
nal scene content by modifying the ODE derivative towards
the artifact-prone videos (Sec. 3.3). Additionally, we de-
sign guidance annealing and resampling annealing, which

enable SVD to effectively refine the artifact-prone videos
during the denoising process (Sec. 3.4). Fig. 3 illustrates
the overview of the proposed ViewExtrapolator.

3.1. Preliminaries on Stable Video Diffusion
SVD [4] is an image-to-video diffusion model that condi-
tions on an input image. By default, it generates a nat-
ural video that starts with the conditional image and au-
tonomously evolves with camera movements and scene dy-
namics. As a diffusion model [14], SVD produces the video
by progressively denoising a Gaussian noise. Given the
noisy video latent xt and the noise level σt at the diffusion
time step t ∈ [1, T ], SVD parameterizes the denoising pro-
cess following the EDM pre-conditioning framework [19]:

x̂0 = cskip(σt)xt+cout(σt)Fθ(cin(σt)xt; cnoise(σt)), (1)

where x̂0 is the predicted clean video at the current time
step t, cskip, cout, cin, and cnoise denote the predefined pre-
conditioning functions, andFθ is the trainable network with
parameters θ. With the current predicted clean video x̂0,
the ODE derivative can be computed by:

dx = (xt − x̂0)/σt. (2)

We can then obtain the estimated denoised sample xt−1 at
the previous time step by:

xt−1 = xt + dx(σt−1 − σt). (3)

The above denoising process can be abstracted into two
steps: 1) Predicting the clean video given the current noisy
latent: Predict(xt) = x̂0 as defined in Eq. (1); 2) Denois-
ing the current latent to get the previous-time-step latent:
Denoise(xt, x̂0) = xt−1 as defined in Eqs. (2) and (3). By
repeating the two steps, SVD progressively denoises the la-
tent and finally produces a clean video x0.

3.2. Rendering Artifact-prone Videos
Given multiple training views and an extrapolative novel
view lying far from the training views, a radiance field can
be trained with techniques like 3D Gaussian Splatting [20]
and a video can be further rendered that starts from the near-
est training view and gradually transitions to the extrapola-
tive novel view. When only a single view or monocular
video is available, depth can be estimated by using off-the-
shelf image or video depth estimators such as UniDepth
[34] or DepthCrafter [17]. With the estimated depth, the im-
age or monocular video can be projected into a point cloud
for rendering a video starting from the initial view to the
extrapolative novel view.

The initial video frames usually exhibit a clean and ac-
curate appearance since the rendered video starts from one
observed training view. However, significant artifacts and
unnatural looking appear as the view of the rendered video
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Algorithm 1: Video refinement with guidance an-
nealing and resampling annealing.

Input: artifact-prone video x̃, opacity mask m
1 xT ∼ N (0,1)
2 for t = T, . . . , 1 do
3 if t > T − T guide then
4 for r = 1, . . . , R do
5 x̂0 = Predict(xt)

6 if r ≤ Rguide then
7 x̂dir

0 = x̃⊙m+ x̂0 ⊙ (1−m)
8 else
9 x̂dir

0 = x̂0

10 xt−1 = Denoise(xt, x̂
dir
0 )

11 if r < R then
12 xt ∼ N (x̂dir

0 , σt)

13 else
14 x̂0 = Predict(xt)
15 xt−1 = Denoise(xt, x̂0)

16 return x0

frames extends beyond the range of the training views. Nev-
ertheless, the rendered videos still retain valuable informa-
tion about the scene’s geometry and appearance. Given that
SVD is trained with large-scale natural videos, we exploit
the distribution of natural videos in SVD to inpaint and re-
fine the rendered artifact-prone videos.

3.3. Guidance with Input Videos
Given the rendered artifact-prone video x̃, our goal is to
refine it for a more natural appearance, reducing artifacts
while preserving the original content. Since the first frame
of x̃ contains minimal artifacts, it can effectively serve as
the image condition for SVD. Beyond the image condi-
tion, we also need to condition SVD on the remainder of
the video to ensure that the output video retains the origi-
nal content, including camera movement, scene dynamics,
and geometry. We can interpret Eq. (2) as denoising the
noisy latent at each time step towards the direction of the
predicted clean video x̂0. To guide the denoising process
towards x̃, we can replace the x̂0 in Eq. (2) with x̃. How-
ever, since x̃ may contain regions of the scene that are not
fully captured, we also need to leverage SVD for multi-view
consistent video inpainting. This can be achieved by allow-
ing SVD to denoise the unseen parts without the guidance
from x̃. Given the opacity mask m indicating the unseen
parts, we can obtain the denoising direction as:

x̂dir
0 = x̃⊙m+ x̂0 ⊙ (1−m), (4)

where the seen parts are used to guide the denoising process,
and the unseen parts are inpainted by SVD. Then we can

Methods SSIM ↑ PSNR ↑ LPIPS ↓
3DGS 0.416 14.46 0.429
DRGS 0.406 14.68 0.457
ViewExtrapolator (video) 0.427 14.83 0.379
ViewExtrapolator (3DGS) 0.460 15.46 0.378

ViewExtrapolator w/o GA 0.442 15.14 0.448
ViewExtrapolator w/o RA 0.456 15.33 0.382

Table 1. Quantitative comparisons and ablation studies. The
first four rows present the comparison results, while the last two
rows show the ablation studies. ViewExtrapolator w/o GA denotes
results without guidance annealing, and ViewExtrapolator w/o RA
denotes results without resampling annealing.

replace the denoising direction in the original denoising step
to achieve guided denoising:

xt−1 = Denoise(xt, x̂
dir
0 ). (5)

3.4. Video Refinement
Guidance annealing. While the denoising process in
Eq. (5) is guided by the artifact-prone video x̃, it alone
cannot remove the artifacts within x̃ which predominantly
exist in the finer details of the video. Since the diffusion
models gradually add details during the denoising process,
we guide the denoising process in Eq. (5) during the first
T guide denoising steps only, as indicated in line 3 of Al-
gorithm 1. During the rest unguided steps of the denois-
ing process, SVD remains conditioned on the first frame of
x̃ and continues denoising the latent produced after T guide

guided steps. This approach allows SVD to generate natu-
ral video details based on the clean first frame while retain-
ing the coarse structure from the previously denoised latent,
thus reducing the artifacts contained in x̃ and generating
more natural and consistent details.

Resampling annealing. However, artifacts in the latent
accumulate during the first T guide denoising steps (as each
guided step with x̃ introduces artifacts), which could be-
come too dominant for SVD to refine in the subsequent un-
guided denoising steps. Therefore, it is necessary for SVD
to refine the denoised latent throughout the initial T guide

denoising steps as well. Drawing inspiration from the re-
sampling technique [29] that reduces artifacts by repeating a
denoising step multiple times, we incorporate R resampling
steps at each of the T guide denoising steps, as indicated in
line 4 of Algorithm 1. Specifically, during each guided de-
noising step t, after obtaining the denoised latent xt−1 from
the previous time steps with Eq. (5), we diffuse xt−1 back
to xt as xt ∼ N (x̂dir

0 , σt). This is followed by another
round of denoising over xt as defined in Eq. (5). However,
the resampling technique in [29] is originally designed for
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Figure 4. Qualitative comparisons. We compare ViewExtrapolator with 3DGS and DRGS on novel view extrapolation. ViewExtrapolator
demonstrates superior generation quality with much fewer artifacts. The last column shows the distribution of training and test views as
well as the corresponding extrapolation degree e. Zoom in for details.

inpainting tasks where the goal is to preserve the visible re-
gions unaltered, whereas we need to refine artifacts in the
visible regions. Since SVD can denoise the latent towards
the direction of a natural video that contains few artifacts,
we apply the guidance in Eq. (5) only for the first Rguide

resampling steps in each denoising step, allowing SVD to
denoise without the guidance of x̃ in the remaining resam-
pling steps, as indicated in line 6 of Algorithm 1. During
these unguided resampling steps, SVD denoises the latent

towards a more natural video, effectively reducing the arti-
facts introduced in the guided steps.

The above guidance annealing and resampling annealing
can be combined and formulated as:

x̂dir
0 =

{
x̂0, if t ≤ T − T guide and r > Rguide

x̃⊙m+ x̂0 ⊙ (1−m), else
, (6)

where t ∈ [1, T ] is the denoising time step and r ∈ [1, R]
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Figure 5. The definition of extrapolation degree e by the ratio
between d and r (d stands for the distance between the novel view
and the central point of training views, and r stands for the training
view range as the maximum extent of the training views along the
direction of d). A higher e means that the novel view is farther
away from the training views.

is the resampling step. With the guidance from the artifact-
prone video and the video refinement with guidance anneal-
ing and resampling annealing, we derive the complete de-
noising algorithm as illustrated in Algorithm 1.

4. Experiments

We conduct extensive experiments to evaluate the proposed
ViewExtrapolator on novel view extrapolation. For 3D ren-
derings from radiance fields, we describe the settings of
the evaluation dataset in detail (Sec. 4.1) and benchmark
ViewExtrapolator with existing methods both qualitatively
and quantitatively (Sec. 4.2). For 3D renderings with point
clouds, since novel view synthesis from a single view and
monocular video is inherently under-constrained, we focus
on qualitative evaluations only for highlighting the broad
applicability of our method (Sec. 4.3). In addition, we con-
duct ablation studies to validate the necessity and effective-
ness of our key design choices (Sec. 4.4). The implementa-
tion details are provided in the appendix.

4.1. Dataset
Effective evaluation of novel view extrapolation requires
a dataset where the test views lie significantly beyond the
training views for each scene. To create such a dataset, it
is crucial to define a metric that can quantify and measure
the distance of a novel view from a set of training views.
This metric should increase as the novel view moves fur-
ther away from the training views. In addition, it should
be invariant to the scene scale, as camera poses of real-
world data are often scaled arbitrarily [38]. To this end,
we formulate an intuitive metric called extrapolation de-
gree e as illustrated in Fig. 5. Given a set of training views
P = {p1,p2, . . . ,pN} and a test novel view q with similar
viewing directions, the distance d from q to the centroid of

LLFF-Extra (Ours)

Tanks&Temples

LLFF

Mipnerf-360

Extrapolation degree 𝒆𝒆 (log scale)

average 𝒆𝒆 = 𝟓𝟓.𝟒𝟒𝟒𝟒 

average 𝒆𝒆 = 𝟎𝟎.𝟑𝟑𝟑𝟑 

average 𝒆𝒆 = 𝟎𝟎.𝟒𝟒𝟒𝟒

average 𝒆𝒆 = 𝟎𝟎.𝟒𝟒𝟒𝟒

Figure 6. Distributions of extrapolation degree e across existing
benchmarks and our proposed LLFF-Extra. Unlike LLFF-Extra,
all existing benchmarks exhibit a small e, indicating that they pre-
dominantly focus on the evaluation of novel view interpolation in-
stead of extrapolation.

P can be computed by: d = 1
N

∑N
i=1 pi − q. Another pa-

rameter r measuring the range of P can be derived by the
maximum extent of P along the direction of d as follows:

r = max
i

(pi ·
d

∥d∥
)−min

i
(pi ·

d

∥d∥
). (7)

The extrapolation degree e can thus be defined by:

e =
∥d∥
r

. (8)

The defined extrapolation degree e thus increases propor-
tionally with ∥d∥ when the novel view moves further away
from the training views and inversely with r when the train-
ing views have more extensive coverage of the scene. It also
ensures that the novel view lies outside the convex hull of
the training views when e > 1. Thus, a novel view with
e > 1 will likely be in the novel view extrapolation setting.

Most existing benchmarks such as LLFF [31] and
Mipnerf-360 [2] are not suitable for evaluating novel view
extrapolation as they take an interpolation setting (with
small e) by default as illustrated in Fig. 6. We construct
LLFF-Extra, a new benchmark that has large e and can be
straightly employed to evaluate novel view extrapolation.
Specifically, we use 12 scenes from LLFF and select the
training views and test novel views with e = 5.4 on aver-
age, leading to the first benchmark that can be adopted in
the future study of novel view extrapolation.

4.2. Benchmarking
We benchmark ViewExtrapolator with the original 3D
Gaussian Splatting (3DGS) [20] and its depth-regularized
variant DRGS [8] which incorporates depth [3] as a geo-
metric prior to enhance the reconstruction quality. By using
3DGS renderings as the artifact-prone videos, we employ
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(a) 3D Gaussian Splatting

(b) Instant NGP

(c) Point cloud from single view

(d) Point cloud from monocular video

Figure 7. Results from different rendering methods. Our method can refine view sequences rendered from (a) 3D Gaussian Splatting,
(b) Instant-NGP, and point cloud from (c) a single view or (d) monocular video. (The top row in each section is the rendered artifact-prone
video and the bottom row is the refined video.)
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Figure 8. Ablation studies. We show the ablation results for 3DGS and point cloud renderings. As point clouds are used for single-image
novel view extrapolation without ground truth, we show the input image for reference instead. As highlighted in the red circles, both
guidance annealing and resampling annealing are essential for artifact refinement. Please zoom in for details.

the refined video frames (Ours (video) in Tab. 1) to tune the
pre-trained 3DGS model and evaluate renderings from the
tuned 3DGS model (Ours (3DGS) in Tab. 1) for fair com-
parison. The quantitative evaluations involve standard novel
view synthesis metrics including SSIM, PSNR, and LPIPS
[56]. We would highlight that LPIPS is more suitable for
evaluating novel view extrapolation which is more toward a
generative instead of regressive task with many unseen parts
to generate in extrapolative views.

ViewExtrapolator surpasses 3DGS and DRGS both qual-
itatively and quantitively, achieving superior visual recon-
struction with much fewer artifacts as illustrated in Fig. 4
and Tab. 1. One key observation is that 3DGS render-
ings degrade severely under the novel view extrapolation
setting. Additionally, the incorporation of depth priors in
DRGS does not lead to much improvement. Both experi-
ments underscore that the core challenge in novel view ex-
trapolation lies with the lack of observations in extrapolated
views and direct incorporation of geometry priors alone will
not solve the problem. As a comparison, ViewExtrapola-
tor achieves substantial improvement in perceptual quality
(LPIPS), demonstrating the effectiveness of novel view re-
finement with generative priors from SVD.

4.3. Broad Applicability

The proposed ViewExtrapolator is versatile and can gener-
alize to various 3D rendering approaches that often come
with different types of artifacts in novel view extrapolation.
We verify this feature over renderings by radiance fields
and point clouds. For radiance fields, we test ViewExtrap-
olator over Instant-NGP [33]. Unlike 3DGS artifacts with
noisy clusters of 3D Gaussians, Instant-NGP often produces
blurry and fine-grained artifacts. ViewExtrapolator corrects
both types of artifacts effectively as illustrated in Fig. 7 (a,

b). For point clouds, we evaluate ViewExtrapolator over
point-cloud renderings when only a single view or monocu-
lar video is available. As Fig. 7 (c,d) shows, ViewExtrapola-
tor removes the unique point artifacts effectively. The above
studies demonstrate the superior generalization and flexibil-
ity of ViewExtrapolator, highlighting its broad applicability
across various scenarios with little tuning.

4.4. Ablation Studies

We conduct ablation studies to examine how the proposed
guidance annealing and resampling annealing contribute to
novel view extrapolation. In the studies, we apply guidance
at every diffusion time step and resampling step, respec-
tively, for verifying guidance annealing and resampling an-
nealing. As Fig. 8 and Tab. 1 show, only partial artifacts are
refined without resampling annealing while most artifacts
remain intact without guidance annealing. This verifies the
crucial role of artifact refinement with guidance annealing
and resampling annealing.

5. Conclusion

We present ViewExtrapolator, a novel and training-free ap-
proach for novel view extrapolation. While current radiance
field methods struggle to synthesize novel views that lie far
beyond the range of the training views, ViewExtrapolator
is able to render realistic views by leveraging the genera-
tive priors of SVD. We refine the artifact-prone views ren-
dered by radiance fields by guiding SVD to preserve the
scene content and eliminate the artifacts at the same time.
ViewExtrapolator demonstrates superior novel view extrap-
olation quality compared to current methods and can also be
applied to point cloud renderings when only a single view
or monocular video is available.
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Novel View Extrapolation with Video Diffusion Priors

Appendix

ViewExtrapolator (ours)DRGS3DGS Ground Truth View Distribution

𝑒𝑒 = 7.22
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𝑒𝑒 = 7.97
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𝑒𝑒 = 16.75

Figure 9. Additional comparisons. We compare ViewExtrapolator with 3DGS and DRGS on novel view extrapolation. ViewExtrapolator
demonstrates superior generation quality with much fewer artifacts. The last column shows the distribution of training and test views as
well as the corresponding extrapolation degree e. Zoom in for details.

A. Additional Results

We show additional qualitative comparisons in Fig. 9.
Please visit the project page for video results: https://
kunhao-liu.github.io/ViewExtrapolator/.

B. Implementation Details

Hyperparameters. We base our approach on the
xt-1-1 version of the SVD model, which generates
25-frame 6-fps videos at a resolution of 576 × 1024. For
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(a) Novel view from extreme angle

(b) Video with rapid motion

Figure 10. Limitations and failure cases. The generation quality would degrade when handling (a) novel views at extreme angles or (b)
dynamic videos with rapid motion. (The top row in each section is the rendered artifact-prone video and the bottom row is the refined
video.)

all experiments, we set T = 25, R = 3, and Rguide = 1,
with T guide = 15 for static scenes and T guide = 16 for
dynamic scenes. We set noise aug strength = 0 to
preserve the original scene content and set other parameters
as default. Our experiments were conducted on an NVIDIA
RTX A5000 GPU with 24G memory, with each video
refinement taking 3 minutes and 20 seconds.

Details on 3DGS Refinement. For the evaluations of
novel view extrapolation, we employ the refined video
frames (Ours (video) in Tab. 1) to tune the pre-trained 3DGS
model and evaluate renderings from the tuned 3DGS model
(Ours (3DGS) in Tab. 1). Given the refined video frames,
we use them as well as the original training views to re-
fine the 3DGS model using the standard L1, SSIM loss,
and default densification strategy. In order to let the re-
fined video frames regularize the geometry of 3DGS instead
of being fitted as the view-dependent color, we incremen-
tally increase the order of the spherical harmonics during
refinement, starting from 0. In addition, to make the refined
3DGS more faithful to the original training views, we grad-
ually decrease the frequency of training iterations that use
the refined video frames throughout the training process.

The refinement process requires one-third of the iterations
used in the original 3DGS training.

C. Limitations
Although ViewExtrapolator offers advantages in novel view
extrapolation, it has several limitations. First, as an
inference-stage approach, the quality ceiling of our method
is bound by the original SVD model, meaning it also in-
herits certain drawbacks, such as lower resolution and color
shifts. We believe incorporating more advanced video diffu-
sion models could help enhance the overall quality. Second,
our method encounters challenges when handling dynamic
videos with rapid motion or extreme views where the novel
views have very little overlap with the observed scene. We
show the limitations and failure cases in Fig. 10.
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