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Figure 1. GenFusion introduces a reconstruction-driven generative model to enable artifact-free 3D asset generation and view synthesis
for both view interpolation and extrapolation.

Abstract
Recently, 3D reconstruction and generation have demon-

strated impressive novel view synthesis results, achieving
high fidelity and efficiency. However, a notable conditioning
gap can be observed between these two fields, e.g., scalable
3D scene reconstruction often requires densely captured
views, whereas 3D generation typically relies on a single or
no input view, which significantly limits their applications.
We found that the source of this phenomenon lies in the mis-
alignment between 3D constraints and generative priors. To
address this problem, we propose a reconstruction-driven
video diffusion model that learns to condition video frames
on artifact-prone RGB-D renderings. Moreover, we pro-
pose a cyclical fusion pipeline that iteratively adds restora-
tion frames from the generative model to the training set,
enabling progressive expansion and addressing the view-
point saturation limitations seen in previous reconstruction
and generation pipelines. Our evaluation, including view
synthesis from sparse view and masked input, validates the
effectiveness of our approach.

1. Introduction
Generating 3D assets is a fundamental task in computer
vision and computer graphics, with broad applications in
AR/VR, autonomous driving and robotics. Recent advances
in Neural Radiance Fields (NeRF [36], Mildenhall et al.

in 2020) and Gaussian Splatting (GS [27], Kerbl et al. in
2023) have enabled high-fidelity 3D scene reconstruction
and novel view synthesis. They employ MLP or Gaussian
primitives to represent scenes and optimize 3D representa-
tion through photometric loss. However, this line of work
inherits a key limitation: faithful reconstruction relies on
abundant viewpoint coverage; under-observed regions or
viewpoints may lead to significant artifacts or missing con-
tent.

This is primarily because reconstructing NeRFs or GSs
from multi-view images is inherently underconstrained, as
an infinite number of photo-consistent explanations may
exist for the input images [40, 63]. Consequently, re-
construction models tend to generate “floaters” or “back-
ground collapse” artifacts to fake view-dependent effects,
even when supplied with dense and well-captured high-
quality images [46]. This observation has motivated a se-
ries of regularization techniques to constrain neural field
training, including sparsity regularizers [22, 56], smooth-
ness losses [37, 55, 62] and monocular geometric cues [61].
For example, ReconFusion [48] regularizes a NeRF-based
3D reconstruction pipeline by introducing a sample loss be-
tween novel random camera poses and images predicted by
a PixelNeRF-style image diffusion model, yielding signif-
icant performance improvements over previous NeRF re-
construction methods in sparse setting. In contrast, feed-
forward reconstruction methods [5, 6, 10, 14, 57, 60] learn
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inductive biases directly from the dataset. While recent ad-
vances enable 3D reconstruction from as few as a single
image, existing feedforward reconstruction methods exhibit
performance saturation when processing more than 4-8 im-
ages. This limitation arises primarily from the architectural
constraints of conventional feedforward networks in effec-
tively aggregating and utilizing information from multiple
viewpoints.

Meanwhile, generative methods have demonstrated the
potential of obtaining 3D assets without multi-view capture.
Leveraging large-scale datasets and scalable architectures,
models like Stable Diffusion (SD) have achieved remark-
able progress in image and video generation [3, 21, 23]. Re-
cent work has applied these approaches to generate 3D as-
sets. For example, DreamFusion [39] introduces Score Dis-
tillation Sampling (SDS) to perform text-to-3D synthesis
using a pre-trained 2D text-to-image diffusion model, while
another line of research [4, 30, 59] explores single-view
scene extrapolation by progressively in/outpainting layered
depth image.

Despite these advances in 3D reconstruction and gen-
eration, a notable conditioning gap remains: scalable
3D reconstruction typically requires dense view coverage,
whereas generation methods often operate with single or
even no input view. Our paper explores how 3D recon-
struction and generation can complement each other in a
scalable manner, relaxing the constraints on the number of
input views.

We introduce GenFusion, a novel reconstruction method
that leverages video generative model to achieve artifact-
free 3D scene reconstruction and content expansion along
novel trajectories by leveraging the proposed reconstruction
pipeline, as illustrated in Figure 2. The core of our approach
is a simple and scalable reconstruction-driven video gener-
ation architecture that predicts realistic video from artifact-
prone renderings. Specifically, we first fine-tune Dynam-
iCrafter [51] using RGB-D videos reconstructed from a
large-scale, real-world scene-level video dataset [34]. We
patchify the capture videos into patches, then randomly se-
lect a patch sequence to perform 3D scene reconstruction,
rendering full-frame RGB-D videos as input to our video
diffusion model, which is subsequently supervised by the
original video capture and its monocular depth. Our key
insight is that masked 3D reconstruction enables flexible
pre-training of video models. As shown in Figure 3, mask-
ing 75% of the input pixels during 3D reconstruction pro-
duces artifacts and missing regions sharing similar artifact
patterns with far-field viewpoint rendering. The resulting
artifact-prone video is encoded into latent space, with dif-
fusion guided by a scene description token processed by a
CLIP model on a randomly sampled frame. In addition,
the baseline video diffusion model, conditioned only on
text and RGB, lacks sequence input handling and geometry

constraints for view consistency. To address this, we em-
bed input views as latent sequences and incorporate depth
by replacing the RGB VAE with an RGB-D VAE. Once
trained, we introduce a cyclic reconstruction-generation fu-
sion scheme for scalable 3D scene generation with artifact
correction.

Our GenFusion learns very high-capacity models that
generalize well, we make the following contributions:
• We introduce a reconstruction-driven video diffusion

model that efficiently repairs reconstruction artifacts and
generates new content in invisible regions.

• We design a masked 3D reconstruction for artifact-GT
video pair generation, serving as a new novel view syn-
thesis evaluation protocol for far-field viewpoints.

• Experiments on challenging benchmark datasets [1, 28,
34] demonstrate the effectiveness of GenFusion in syn-
thesizing views distant from the training views.

• Our approach to bridging 3D reconstruction and gener-
ation through videos is principled and straightforward,
picking the best of these two fields.

2. Related Work

Regularization Techniques: Optimizing 3D scene repre-
sentations, e.g., NeRF [36] and 3DGS [27], from 2D images
inherently involves an ill-posed inverse problem, where
multiple solutions may exist for a given set of observa-
tions. To address these challenges, various techniques have
been proposed to constrain the optimization of scene rep-
resentations. In general, unsupervised regularization tech-
niques are based on the assumption that the 3D represen-
tation should be sparse [22, 56], smooth [37, 55, 62], low
rank [7–9]; rendering weights to be compact [1]; or ge-
ometry/texture to be consistent with nearby views in image
space [15, 16, 18]. In addition to the multitude of regular-
ization strategies available, many optimization techniques
have been proposed to enhance training procedures. For ex-
ample, gradient scaling [38] is applied for NeRF to address
the issue of high-magnitude gradients in regions close to
the camera, where more points are sampled, often leading
to artifacts known as floaters. One of the most impactful
approaches is the “coarse-to-fine” training [31, 32], which
modulates the frequency band of positional encodings or
hash grid resolution. Another line of research leverages
pseudo-observations by using off-the-shelf models to pre-
dict cues that enhance reconstruction quality, such as sparse
point clouds [17] and monocular depth/normal maps [61].
These approaches are also employed in 3DGS representa-
tions [29, 64]. Recently, combining generation models to
generate novel views as regularization has proved to be ef-
fective in reconstruction objects [54] and scene [35, 48].
Our work aligns closely with ReconFusion [48] and the con-
current 3DGS-Enhancer [35], both of which utilize genera-

6079



Reconstruction

Zero-shot GeneralizationVideo Diffusion Training

RGB-D rendering Video capture 
& mono depth

Masked video

Re-render 
trajectory

Video Diffusion Model

2D Gaussians

Concat

[H, W, T, 4][H, W, T, 4]

[H/2, W/2, T/4, 3]

Input captures Gen Trajectory

3D Recon
Rendering

Video Gen
Denoising

Figure 2. GenFusion pipeline. Our approach contains two stages: video diffusion pre-training (left) and zero-shot generalization (right).
In pre-training, we first fine-tune DynamiCrafter [51] on RGB-D videos from a large-scale real-world scene video dataset [34]. Captured
videos are patchified, and a random patch sequence is selected for 3D scene reconstruction, rendering full-frame RGB-D videos as input to
our video diffusion model, supervised by the original video capture and its monocular depth. During generalization, we treat reconstruction
and generation as a cyclical process, iteratively adding restoration frames from the generative model to the training set for artifact removal
and scene completion.

tive priors to guide the optimization of 3D representations.
Despite these methods achieve impressive view interpola-
tion results in sparse-view scenarios, they still struggle with
rendering trajectories that deviate significantly from the in-
put views.

Feed-forward 3D Reconstruction: In contrast to the per-
scene optimization required by neural fields, recent research
has explored feed-forward architectures capable of regress-
ing 3D scene representations from a sparse set of input im-
ages. These methods learn 3D representations from input
images and directly predict novel views in a feed-forward
manner. PixelNeRF [58] predicts neural radiance represen-
tations from input images, using a convolutional network
for efficient feature extraction. MVSNeRF [6] pioneers
the paradigm of leveraging cost volumes to regress realis-
tic images from novel viewpoints. Subsequent works [12,
26, 33, 52] further improve performance through enhanced
feature matching architectures. In the context of 3DGS,
pixelSplat [5] directly regresses scene-level 3D representa-
tions from paired images, incorporating an epipolar trans-
former module to effectively capture view-dependent geo-
metric correspondences. MVSplat [14] builds a cost vol-
ume representation to learn cross-view feature similarity,
achieving high-quality scene generation with improved ef-
ficiency. Recently, DepthSplat [53] further boosts the per-
formance using a pre-train multi-view depth estimator, and
Long-LRM [65] utilizes Mamba2 blocks to handle many
input views. To handle single view inputs, Flash3D [44] ex-
tend monocular depth estimation to 3D shape and appear-

ance reconstruction. Recently, SplatFormer [13] proposes
a learning-based model to refine Gaussian splats, enabling
out-of-distribution novel-view synthesis. However, exist-
ing feed-forward methods are limited to a small number of
views - typically fewer than 10 - which significantly restricts
their application.

View-Conditioned Generation: Generative models have
emerged as a promising solution to synthesize plausible
content for regions without observations. Thanks to their
success in image generation, diffusion models are widely
used for multi-view synthesis. Early work 3DiM [47]
trains a pose-conditional image-to-image diffusion model
for object-centric novel view synthesis. Follow-up re-
search Zero-1-to-3 [20] advanced this approach by fine-
tuning large-scale pre-trained diffusion models on synthetic
datasets. SSDNeRF [11] jointly optimize diffusion and
NeRF auto-decoder to synthesize novel views for object.
Recently, ZeroNVS [41] and CAT3D [19] extended the
paradigm by training diffusion models with camera pose
and multi-view image conditioning. Nevertheless, relying
solely on 2D features proves insufficient for maintaining 3D
consistency across generated views. Several works [43, 50]
inject 3D information into diffusion models for improved
geometric understanding. For instance, ViewCrafter [60]
explicitly utilizes 3D information from point clouds and ex-
pands it iteratively, facilitating consistent interpolation be-
tween two views. To enable generating long sequences
of 3D scenes from a single input image, InfiniteNature-
Zero [30] and following work [4, 45, 59] explore single-
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view scene extrapolation by progressively in/outpainting
layered depth images predicted by a monocular estimator.
While these generative methods achieve visually appealing
3D asset generation, their reconstruction quality and view
coverage, particularly at scene scale, remains far from that
of 3D scenes reconstructed from densely captured multi-
view data.

3. GenFusion
Our goal is to construct artifact-free 3D scenes with con-
tent augmentation given conditioning views {Ii} (i >= 1).
The core idea to align 3D reconstruction and generation
through video renderings. Specifically, we propose a cyclic
fusion approach where 3D reconstruction and generation
benefit each other in a virtuous cycle: during the reconstruc-
tion process, we iteratively leverage information from the
generative model to improve reconstruction quality; mean-
while, more accurate reconstruction results help the gener-
ative model produce more realistic and consistent content.
This bidirectional enhancement mechanism creates a posi-
tive feedback loop.

In the pre-training stage, we aim to train a model that
learns from large-scale scenes, which then serves as guid-
ance for optimizing general ill-posed 3D lifting tasks, such
as reconstructing 3D from sparse views. We use a video
diffusion model as guidance, pre-trained on video captures
and their artifact-prone renderings of 3D reconstructions.
Specifically, we train a generative model Gϕ by maximiz-
ing the expected log-likelihood of generating the complete
image given the reconstruction from a masked input:

  \arg \max _{\phi } \mathbb {E} \left [ \log p_{\phi } \left (I \mid R_\theta ( \tilde {I}) \right ) \right ] \label {eq:gen_objective} 







 


(1)

where Rθ denotes a reconstruction and rendering func-
tion (e.g., NeRF or 3DGS) and Ĩ denotes the masked ver-
sion of target image I . To make the generation process 3D
aware, our video diffusion model learns to capture the un-
derlying distribution of images by conditioning on artifact-
prone rendering video Rθ(Ĩ) in our case.

With the video diffusion model, we propose optimizing
the 3D scene representation, θ, guided by both input image
conditions and generated video for a new scene. Specif-
ically, we maximize the similarity between the novel view
videos rendered from 3D representation and the videos gen-
erated from our pre-train diffusion model, therefore the gra-
dient of 3D representation is propagated from the photomet-
ric loss:

  \arg \min _{\theta } \mathbb {E}\left [ \left | G\phi (\hat {I}_{k+1} \mid R_\theta (\tilde {I}_{k})) - R_\theta (\hat {I}_{k+1}) \right |_2 \right ] \label {eq:recon_objective} 



 





(2)

where k denotes the iteration index.
In the following sections, we first introduce our

reconstruction-driven generation architecture, i.e.
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Figure 3. Artifact-GT video pair generation using masked re-
construction. a) current SOTA Gaussian Splatting methods ren-
der accurately near training views but produce artifacts for distant
views due to limited angular supervision, like the red trajectory.
b) we propose a masked reconstruction scheme to replicate such
artifact patterns for training video diffusion models by masking
75% of pixels during 3D reconstruction and re-rendering the scene
along the original trajectory, including the masked pixels.

Gϕ(I|Rθ(Ĩ)), in Sec. 3.1. Next, we detail our cyclic
generation and reconstruction fusion process in Sec. 3.2.

3.1. Reconstruction-driven Generation

We generate view-consistent video by conditioning the cur-
rent fragment’s generation on previous corrupted recon-
structions. To generate corrupted reconstructions, we pro-
pose a masked 3D reconstruction approach for generating
training data, along with a new video diffusion model that
facilitates 3D-aware generation and regularization.

Masked 3D Reconstruction. We now discuss how to
learn novel view generalization capability in a reconstruc-
tion paradigm from open-world large-scale videos. Given
video captures of a scene, a straightforward approach is to
downsample frames at uniform intervals or split the input
sequence at the midpoint into train/test segments for scene
reconstruction, then render the reconstructed scene from the
testing camera viewpoints to generate artifact-prone data.
These rendered sequences and original video captures then
serve as input and output pairs for video diffusion model
training. However, we observe that these sampling schemes
limit models to either view interpolation or pure genera-
tion. Specifically, scenes are often fully covered by sampled
views, with target views located adjacent to these, while
the alternative approach often leaves most content unseen
in the training segment. Our work aims to learn regular-
ization and generate new content in trajectories that deviate
significantly far from the capture trajectories.

To this end, we propose a masked 3D reconstruction
technique to obtain corrupted 3D scenes from observations
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Figure 4. Reconstruction-driven Video Generation. Our video diffusion model is able to generate realistic RGB-D video from artifact-
prone RGB-D renderings, which is then used as photometric guidance in our cyclic fusion period.

across both spatial and temporal dimensions, then render
images for the full input sequence to generate the training
dataset. In specific, we divide input image captures into
4 regular non-overlapping patches, i.e. top-left, top-right,
bottom-left and bottom-right, as shown in Figure 3. Then
we sample the top-left or bottom-right patch region and
mask out (i.e., remove) the remaining three for each scene.
The sampled patch sequence is used to conduct 3D recon-
struction using the standard approaches, i.e. 2D Gaussian
Splatting (2DGS) [25] in this paper. Note that the mask
is applied per scene rather than per view, forcing the recon-
struction process to have limited view coverage. In practice,
since we use open-world large-scale video sequence cap-
tures I for training, which further increases sparsity − views
are dense only on the trajectory but extremely sparse in an-
gle coverage − unlike standard multi-view datasets such as
Mip-NeRF 360 [1].

With masked reconstruction, we render full-view videos
along the same camera poses as the input to form real cap-
ture and reconstruction rendering pairs for our video dif-
fusion model training. Our insight is that reconstructing
from masked images simulates a narrower field-of-view
camera, requiring that context outside the mask be inferred
from views deviating from the current viewpoint, which
promotes view extrapolation. Moreover, rendering to full
view introduces unconstrained regions with extensive black
backgrounds, facilitating content outpainting.

Video Diffusion.
In essence, we build our video generation model

upon the foundation of pre-trained DynamiCrafter [51] -
an image-to-animation model - and adapt the model to
reconstruction-related video restoration tasks.

More specifically, we enhance frame consistency by in-
corporating geometric information into the generation pro-

cess. This is achieved by replacing the VAE in the base-
line model with a pre-trained RGB-D VAE, where en-
coder and decoded are denoted as E and D respectively.
It allows depth to be integrated without altering the dif-
fusion architecture. In the training process, the ground
truth RGBD video IRGB−D are encoded into latent space
z := E(IRGB−D), which we add noise in different timestep
t and obtain zt. To guide the generation process under
reconstruction result, We provide two conditions c. The
artifact-prone RGB-D video I

′

RGB−D is encoded and con-
catenated with per-frame initial noise to support sequence
conditioning. This allows rich visual details from the ren-
dered videos to condition the generation process effectively.
Additionally, we select the input view closest to the ren-
dering trajectory and embed its ground-truth image into the
CLIP feature space. This high-level conditioning provides
global information about the scene content. Thus the video
denoising network ϵθ is optimized by:

  \mc {L} = \mathbb {E}_{\mathcal {E}(x),c,\epsilon \sim \mathcal {N}(0,1),t}\left [\left \|\epsilon - \epsilon _\theta (z_t, t, c)\right \|_2^2\right ],  


  


 (3)

The refined latent is subsequently decoded into the final
RGB-D video through a pre-trained VAE decoder V̂ =
D(z) [43].

3.2. Cyclic Fusion

We build our fusion process upon the popular 2D Gaussian
Splatting and use a number of 2D oriented planar Gaussian
disks to represent 3D scenes. Gaussian disks are parameter-
ized by center position p ∈ R3×1, opacity (scale) α ∈ [0, 1],
two principal tangential vectors tu and tv for orientation,
a calling vector S = (su, sv), and Spherical Harmonices
(SH) coefficients. We refer the reader to the original paper
for representation and splatting details [25]. In the follow-
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ing, we introduce how to initialize and progressively update
the Gaussian primitives by fusing the 3D reconstruction and
video diffusion output.

Fusion. We follow the original 3DGS approach by reusing
the calibration point cloud for initialization. We initialize
Gaussians and their attributes, which are then updated end-
to-end based on rendering losses. The optimization process
operates as a reconstruction and generation cycle, supervis-
ing Gaussians with both input conditioning and novel gen-
erated views. More concretely, for every K iteration, we be-
gin with sample new trajectories and render RGB-D videos
based on the current reconstruction. We feed these ren-
dering sequences to our video diffusion model to generate
artifact-free videos, which are then added to the supervision
set, as shown in Figure 2. The cyclic process enables arti-
fact correction in under-observed regions and generates new
content for areas that are invisible within the input views.

Among these, we find that novel trajectory sampling
is the most critical component. To ensure comprehensive
view and angle coverage, we employ two types of trajec-
tories: view interpolation between neighboring input views
and a spiral/spherical path generated across all input camera
poses.

Content Expansion. Large unobserved areas can appear
as black or noisy pixels when the sampling trajectories are
away from the input views. Although we use generation
outputs as supervision for these regions, we found it chal-
lenging to split and clone new Gaussians [27] due to the
absence of surrounding Gaussians. We solve this issue by
adaptively adding new Gaussian points to the scene dur-
ing optimization, using an unreliable depth-based mapping.
Pixels are considered unreliable when

  T < \tau _T \text { or } |D - \hat {D}| > \tau _D         (4)

where T is cumulative opacity, D and D̂ are rendered depth
and aligned generated depth D respectively. τT and τD are
hyperparameter thresholds.

For these unreliable areas, we add new Gaussians by
back-projecting the generated RGB-D points into 3D space,
similar to the initialization stage. Note that for the newly
added Gaussians, position and color values are directly ob-
tained from the RGB-D video, while other attributes are ini-
tialized as in 2DGS.

Loss function. During cyclic fusion, we freeze the video
diffusion model and optimize the 3D representation end-
to-end, using simple photometric losses between rendered
RGB-D images and input (i.e. Lrecon) and generated views
(i.e. Lgen):

  \mathcal {L} = \mathcal {L}_{recon} + \lambda \mathcal {L}_{gen}     (5)

where Lrecon = λl1 · Ll1 + λSSIM · LSSIM + λmono ·
Lmono, and the Lmono is a scale-invariant depth loss, as
used in [61] that enforces consistency between our rendered
rendered depth D̂ and the monocular depth D predicted by
our video diffusion model. The generation loss Lgen shares
components but is instead applied to generated images.

To stabilize the optimization process, we use an Sinu-
soidal warm-up and annealing strategy for the generation
loss weight λ, which is defined as:

  \lambda (k) = 1.0 \cdot \sin \left ( \frac {k - K_{\text {start}}}{K_{\text {end}} - K_{\text {start}}} \cdot \pi \right )   








(6)

where k is the iteration, and Kstart and Kend are the start and
end iteration of the diffusion term.

4. Experiments
We begin with the experimental setup for training and eval-
uating our GenFusion. Next, we present our reconstruction-
driven video diffusion model and compare it quantitative-
ly/qualitatively with state-of-the-art methods for sparse-
view 3D reconstruction and view synthesis. Finally, we
demonstrate the generative capabilities of our method with
scene completion.

4.1. Experimental Setup

Training set: We train our diffusion model on DL3DV-
10K [34], a large-scale dataset containing 10,510 videos, in-
cluding 140 benchmark scenes. To prepare reconstruction-
gt video pairs for diffusion model training, we optimize
each scene for 7K steps using our masked 3D reconstruction
scheme introduced in Section 3.1. The number of training
views are uniformly downsampled to 1/4 frames for each
video to ensure sufficient sparsity, and we render the re-
constructed scenes along the original trajectories at a res-
olution of 960 × 540 and augment the dataset with depth
information using the current SOTA monocular depth esti-
mator [24].
Evaluation Dataset: We evaluate our method on diverse
scenes from three datasets, including 24 scenes from the
DL3DV-Benchmark [34], 7 scenes from Tanks and Tem-
ples (TnT) [28], and 9 scenes from the Mip-NeRF360 [1]
dataset, see supplement for details.
Implementation Details: In this work, we adopt Dynami-
Crafter [51] as the video diffusion backbone and fine-tune
the model on artifact-GT RGB-D video pairs. The fine-
tuning includes both coarse and fine stages: in the coarse
stage, the video resolution is set to 16×320×512×4 with
a latent space dimension of 16×40×64×4. We train this
stage for 30K steps with a learning rate of 1×10−5 and a
batch size of 2 on four H100 GPUs. The model is then fine-
tuned to a higher resolution of 16×512×960×4 for another
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Method RGB VAE RGB-D VAE RGB-D VAE RGB-D VAE
Frames 16 16 48 16
Resolution 512×320 512×320 512×320 960×512
FID↓ 26.1607 25.4006 29.3545 22.5526

Table 1. Analysis on reconstruction-driven video diffusion
model.

PSNR ↑ SSIM ↑ LPIPS ↓
3-view 6-view 9-view Avg. 3-view 6-view 9-view Avg. 3-view 6-view 9-view Avg.

Zip-NeRF [2] 12.77 13.61 14.30 13.56 0.271 0.284 0.312 0.289 0.705 0.663 0.633 0.667
DiffusioNeRF [49] 11.05 12.55 13.37 12.32 0.189 0.255 0.267 0.237 0.735 0.692 0.680 0.702
FreeNeRF [55] 12.87 13.35 14.59 13.60 0.260 0.283 0.319 0.287 0.715 0.717 0.695 0.709
SimpleNeRF [42] 13.27 13.67 15.15 14.03 0.283 0.312 0.354 0.316 0.741 0.721 0.676 0.713
ZeroNVS [41] 14.44 15.51 15.99 15.31 0.316 0.337 0.350 0.334 0.680 0.663 0.655 0.666
ReconFusion [48] 15.50 16.93 18.19 16.87 0.358 0.401 0.432 0.397 0.585 0.544 0.511 0.547
3DGS [27] 13.06 14.96 16.79 14.94 0.251 0.355 0.447 0.351 0.576 0.505 0.446 0.509
2DGS [25] 13.07 15.02 16.67 14.92 0.243 0.338 0.423 0.335 0.580 0.506 0.449 0.512
FSGS [62] 14.17 16.12 17.94 16.08 0.318 0.415 0.492 0.408 0.578 0.517 0.468 0.521
GenFusion (Ours) 15.29 17.16 18.36 16.93 0.369 0.447 0.496 0.437 0.585 0.500 0.465 0.517

Table 2. Quantitative evaluation of sparse view 3D reconstruc-
tion methods on Mip-NeRF360 dataset. Our approach demon-
strates strong performance across a variety of domains, surpassing
baseline methods in most cases. We color each column as: best ,
second best , and third best . The NeRF baseline results above

are taken from Reconfusion.

34K steps in the fine stage. To handle the RGB-D format,
we use a frozen RGB-D VAE from LDM3D [43]. During
inference, we apply DDIM sampling with 25 steps and set
the classifier-free guidance scale to 3.2.

For zero-shot generalization, we use 2DGS as the 3D
representation and initialize with the COLMAP point cloud.
In our experiments, views are masked and frames are down-
sampled; we filter and retain only the points visible from the
training views for point cloud initialization.

4.2. Video Generation

In this paper, we introduce a reconstruction-driven video
diffusion architecture that enables novel view regularization
and content generation. We report the VAE design and its
impact on video resolution in Table 1. Surprisingly, we find
that our model fine-tuned with RGB-D VAE achieves a bet-
ter FID score than the RGB VAE, even though the diffusion
backbone was originally pre-trained on the RGB VAE latent
space. Significant improvement can be observed when in-
creasing the spatial resolution from 512×320 to 960×512.
We show the visualization results of our diffusion model
in Figure 4, our video diffusion model effectively removes
“floaters” from the input video while generating realistic
content in black-pixel regions.

4.3. View Interpolation

Next, we evaluate our method in a view interpolation sce-
nario where the target scene is fully covered by the input
views, and testing views lie between these inputs— a com-
mon setup in prior regularization evaluations. We compare
our method with previous regularization techniques on the
Mip-NeRF 360 test set using 3, 6, and 9 input views, as
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Figure 5. Qualitative comparison of novel view synthesis using
sparse view input on Mip-NeRF360 scenes [1].

DL3DV 1/2 fps. TnT 1/2 fps. DL3DV 1/4 fps. TnT 1/4 fps.
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

3DGS [27] 17.22 0.740 0.314 15.95 0.653 0.414 16.90 0.728 0.321 14.75 0.609 0.440
2DGS [25] 16.56 0.717 0.323 15.46 0.640 0.409 16.02 0.693 0.336 14.38 0.589 0.440
FSGS [62] 18.25 0.722 0.362 16.72 0.625 0.465 17.83 0.710 0.370 16.04 0.607 0.473
Ours 20.47 0.788 0.284 17.45 0.662 0.427 20.01 0.780 0.292 16.29 0.630 0.447

Table 3. Quantitative comparison on DL3DV [34] and TnT [28]
datasets. Each method is trained for 7,000 steps. Our method
outperforms baselines by a significant margin.

shown in Table 2.
Our results demonstrate that our method achieves more

realistic novel view synthesis than the 3DGS and 2DGS
baselines, as well as recent FSGS, by a significant margin.
It is worth noting that Gaussian Splatting is known to be
more challenging to train than NeRF, especially in sparse
view settings. We significantly narrow this gap, and, for
the first time, show that Gaussian Splatting achieves perfor-
mance comparable to state-of-the-art NeRF on the challeng-
ing Mip-NeRF360 dataset in sparse view settings.(see Ta-
ble 2 and Figure 5).

4.4. View Extrapolation

Unlike sparse view reconstruction, our paper focuses on a
more practical scenario: generating complete, artifact-free
3D scenes from video captures. In reality, video offers
dense sampling along the trajectory but highly sparse view-
point coverage. While video is easy to capture and cali-
brate, it’s challenging for 3D reconstruction, even recon-
struction with state-of-the-art reconstruction methods can
easily overfit to training views and produce serious artifacts
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3DGS [27] 2DGS [25] FSGS [64] Ours GT
Figure 6. Qualitative comparison of novel view synthesis using masked input on DL3DV scenes [34]. Gaussian Splatting methods can
easily overfit to training views, producing holes and needle-like artifacts when viewed from distant viewpoints. Our method effectively
repairs these artifacts while augmenting invisible regions.

for the viewpoints that are far away from the training views,
see Figure 3. Therefore, we care about the novel view syn-
thesis quality from the far field.

To this end, we propose a new evaluation protocol and
reuse the masked reconstruction to mime the far-field ren-
dering while preserving the reference, as introduced in Sec-
tion 3.1. Specifically, we downsample the video sequence
at different time ratios for the train/test split (e.g., 1/2 and
1/4 in Table 3) and select a patch covering about 25% of
the pixels in the training viewpoint for reconstruction, while
evaluating on the full field of view of test viewpoints. Note
that fixing the path location can result in many invisible and
black regions, leading to bias in our generative methods,
where the baselines may have significant errors in these ar-
eas. To ensure a reasonable comparison, we assign a trajec-
tory to the masking path to provide more complete content
coverage, see supplementary video.

Table 3 and Figure 6 show quantitative and qualita-
tive results comparing our method with baselines on the
DL3DV-benchmark and TnT scenes. GenFusion achieves
significantly better rendering quality than the baselines,
thanks to the strong prior from the diffusion model. It effec-

tively removes needle-like artifacts and augments realistic
3D content for the invisible regions.

Scene Completion. Furthermore, GenFusion not only pro-
vides content augmentation at the 3D scene boundary but
also achieves scene-level completion, as shown in Figure 1.
Please refer to our webpage for more results.

5. Discussion

We have presented GenFusion, a novel model for artifact-
free 3D asset generation. First, we adapt an existing well-
trained 2D video diffusion model to drive a powerful 3D
guidance with minimal modifications. Second, cyclical
fusion enables scalable and robust 3D lifting, efficiently
closing the loop between 3D reconstruction and generation
through video synthesis. Several limitations are evident:
our method requiring additional denoising steps and slightly
increasing training time (about 40 minutes per scene). Ad-
ditionally, filling large invisible regions can cause blurriness
due to inconsistency between video fragments. Modeling
and addressing this inconsistency in the fusion module will
be a key step toward achieving the next level of quality.
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