Unlocking the Video Prior for High-Fidelity Sparse Multi-View Image Synthesis
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Abstract

The development of multi-view image synthesis is con-
strained by the scarcity of training data. One promising
solution is to finetune well-trained video generative mod-
els to synthesize 360-degree videos of objects. While these
methods benefit from the strong generative priors inherited
from the pretrained knowledge, they are limited by the high
computational costs incurred by the large number of view-
points. Existing methods commonly adopt temporal atten-
tion mechanism to address this. However, these methods
suffer from undesirable artifacts such as 3D inconsistency
and over-smoothing in the generated results. In this pa-
per, we introduce a novel approach to unlock the video pri-
ors for multi-view synthesis by reducing generation into a
sparser yet more precise process. Specifically, we introduce
two strategies to achieve this: i) Condensing the video dif-
fusion model to synthesize highly consistent sparse multi-
view images. ii) Extracting dense geometrical priors from
the pretrained video diffusion models to enhance the gener-
ation stability. The combination of these two strategies for-
mulates a novel framework for multi-view synthesis, which
is capable of synthesizing highly consistent sparse multi-
view images with strong generalization ability. Extensive
experiments demonstrate that our approach achieves supe-
rior efficiency, generalization, and consistency, outperform-
ing state-of-the-art multi-view synthesis methods.

1. Introduction

The rise of video diffusion models has introduced new
paradigms for novel view synthesis in 3D generation. Ex-
isting methods [0, 33, 45, 47] adapt multi-view synthesis
into 360-degree video generation by fine-tuning pretrained
video diffusion models [1, 34] on 3D-rendered datasets.
The resulting multi-view video diffusion models offer two
attractive advantages: i) strong generalization across di-
verse input cases, and ii) an intrinsic 3D structural constrain
on the generative process that leads to better geometry qual-
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ity. However, most of these methods rely on temporal at-
tention to enforce the 3D consistency, which suffers from
a limited receptive field over different views, often results
in content drifting and over-smoothing, particularly under
large camera movements.

A straightforward solution is to adopt denser attention
mechanisms, such as 3D attention [23, 31], to replace tem-
poral attention. However, this approach incurs prohibitively
high computational costs due to the large number of gen-
erated views in video diffusion models. On the other hand,
recent advances in large sparse-view reconstruction models,
such as GRM [43], have focused on generating high-fidelity
sparse multi-view images, which can be directly lifted into
high-quality 3D assets. Despite the efficiency and practical-
ity of this process, most existing methods for sparse multi-
view generation [16, 23, 31] are fine-tuned from 2D diffu-
sion models, leading to limited consistency and generaliza-
tion capability.

In this work, we draw inspiration from these two tech-
niques and introduce a novel approach to unlock video pri-
ors for high-fidelity multi-view synthesis by reducing the
overall generation process into a sparser yet more precise
pipeline. Specifically, we investigate this reduction from
two perspectives: i) Condensing the pretrained video dif-
fusion model into a sparser generation setting to improve
the 3D consistency and generation efficiency. We adopt a
denser attention mechanism to enforce 3D consistency and
mitigate the associated computational overhead by reduc-
ing the number of synthesized views. During finetuning,
we propose a novel distribution shift strategy that better
preserves pretrained knowledge, leading to the generation
of high-quality sparse multi-view images. ii) Extracting
dense geometrical priors from the pretrained video diffu-
sion models to further enhance the generation stability. Al-
though finetuning the video diffusion models into a sparser
one with a denser attention mechanism achieves relatively
good results, we found that the pretrained knowledge estab-
lished with the temporal continuity assumption in the pre-
trained video diffusion model may degrade as the number
of views decreases, leading to unstable generation results
for some in-the-wild cases. To address this problem, we
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Figure 1. Comparison between our methods and multi-view video diffusion model SV3d(p) [33]. Our model excels at synthesizing
highly consistent multi-view images while preserving the generative priors of video diffusion models. Although we adopt a significantly
denser attention mechanism, the associated computational overhead is effectively mitigated by reducing the generation to sparse multi-view
synthesis. This results in a 2x speedup during inference compared to SV3d(p), without compromising performance. From left to right,
we show the input images, multi-view images synthesized by SV3d(p), our method and the reconstructed Gaussian Splatting from our

synthesized outputs.

propose to extract dense geometrical priors from pretrained
video diffusion models to guide the sparse multi-view gen-
eration process, further enhancing stability.

As shown in Figure 1, compared to existing multi-view
video diffusion methods [33] that struggle to produce con-
sistent results with temporal attention, our model excels
at synthesizing highly consistent multi-view images while
preserving the generative video priors. Extensive experi-
ments on multiple datasets demonstrate that our model gen-
erates highly consistent novel views with superior 3D con-
sistency and significantly improved generation efficiency.
Our contributions could be summarized as follows: i) We
introduce a novel approach to unlock video priors for high-
fidelity sparse multi-view synthesis by reducing the gener-
ation process into a sparser yet more precise pipeline. ii)
We propose to extract geometrical priors from multi-view
video diffusion models to enhance the stability and qual-

ity of sparse multi-view generation. iii) Our approach im-
proves both generation efficiency and 3D consistency, mak-
ing video diffusion models more practical and effective for
multi-view synthesis.

2. Related work
2.1. 3D Generation

3D generation has been extensively explored using vari-
ous 3D representations including meshes [11, 22], vox-
els [2, 46], point clouds [4, 5], SDF [7, 25, 26], and Tri-
plane [3, 12]. Traditional methods [13, 24], often trained
on limited-scale 3D datasets, struggle to generate intricate
geometric structures with substantial diversity.

The rise of diffusion models has opened new paradigms
for 3D generation. Several methods are proposed to dis-
till 3D information from large pretrained diffusion mod-
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Figure 2. The overall framework of our model. We condense pretrained multi-view video diffusion model into a sparser yet more precise
process by extending the constrained temporal attention with dense 3D attention and reducing the number of views to a small set (e.g.,
four). In addition, we propose to adopt a pretrained video diffusion model as a geometrical reference network to further enhance the
generation process. The extracted video priors (from step S) are integrated into the condensed video diffusion network with the proposed
Residual Temporal Adapter, which could be seamlessly plugged into the original network structure to guide the overall generation process.

els, which provide strong generative priors learned from
the massive datasets. Notably, Score Distillation Sampling
(SDS)-based methods [18, 27, 28, 36, 44] treat generation
as an optimization problem, leveraging pretrained 2D dif-
fusion models to supervise the unseen views of the target
object. While these methods can generate realistic results,
they suffer from slow convergence and the Janus problem,
due to the lack of 3D understanding in the pretrained 2D
diffusion models.

An alternative promising approach is to first generate
multi-view images and then reconstruct the 3D shapes us-
ing techniques such as NeRF, Gaussian Splatting or feed-
forward large reconstruction networks [17, 32, 38, 42, 43].
Although these methods achieve promising results, they still
suffer from local inconsistencies, limited resolution of the
input multi-view images, and are unable to generated 3D
objects with complicated geometry and realistic textures.

2.2. Novel View Synthesis

The success of diffusion models has opened possibili-
ties for novel view synthesis. Zero123 [20, 30] fine-tune
a pretrained 2D diffusion model under different camera
conditions to enable arbitrary view conditioned genera-
tion. Sparse novel view synthesis methods, such as MV-
Dream [31], extend the original 2D self-attention to multi-
view attention, achieving 3D-consistent multi-view image
generation. Wonder3D [23] fine-tunes the 2D diffusion
model with cross-domain RGB-normal attention layers to
enhance the learning of geometry information and improve
3D consistency in the generated outputs.

However, due to the limited generalization ability of 2D
diffusion models, these methods struggle to generate sat-
isfactory results for out-of-domain inputs with complex ge-
ometry or textures. On the other hand, video diffusion mod-
els [1] have shown potential in rich generative priors for
novel view synthesis [0, 41, 47]. SV3d [33] fine-tunes a
pretrained video diffusion model on 3D-rendered datasets
to synthesize 360-degree orbit videos. While these meth-
ods demonstrate great generalization, they still suffer from
the limited receptive field of temporal attention, preventing
them from generating highly consistent novel views, espe-
cially with large camera movement.

3. Method

Given a single-view image and target camera poses as in-
puts, our goal is to synthesize 3D-consistent sparse multi-
view images that could be used to reconstruct 3D objects.
To address this problem, we propose a novel framework that
reduces a multi-view video diffusion model into a sparse
generation setting, enabling the synthesis of high-fidelity
multi-view images while largely preserving the pretrained
generative priors.

The overall framework of our model is illustrated in
Figure 2, comprising a reduced multi-view generator and
a geometrical reference network. In contrast to prior
works [16, 23, 31, 35, 39], which finetune pretrained 2D
diffusion models to synthesize multi-view images, our ap-
proach condenses the pretrained multi-view video diffusion
model into the setting of sparse multi-view synthesis, which



enables the generator to inherit capabilities from the pre-
trained video diffusion models and allows it to synthesize
high-quality novel view images with realistic and complex
patterns (Section 3.1).

Moreover, we propose to utilize the pretrained multi-
view video diffusion model as a geometrical reference net-
work, extracting high-fidelity geometrical priors to guide
the sparse generation process (Section 3.2). The extracted
priors are integrated into the sparse multi-view generator
via residual temporal adapter, which could be seamlessly
plugged into the original network architecture without al-
tering the pretrained parameters (Section 3.3). The pro-
posed sparse multi-view generator together with geometri-
cal reference network formulates the overall framework of
our model (Section 3.4).

3.1. Sparse Multi-View Generation

Existing methods such as SV3d [33], which are finetuned
directly from pretrained video diffusion models, suffer from
high computational costs incurred by the large number of
viewpoints and fail to produce highly 3D consistent re-
sults due to the limited receptive field of the temporal at-
tention. To address these limitations, we propose a novel
approach that improves both 3D consistency and genera-
tion efficiency by condensing the video diffusion process
into a sparser yet more precise generation pipeline. Specif-
ically, we make several key modifications to the original
SV3d architecture to adapt it for sparse multi-view gener-
ation: i) Dense 3D Attention: We extend the original 2D
spatial attention layers into dense 3D attention by concate-
nating keys and values across multiple views, thereby en-
forcing stronger multi-view consistency. ii) Ray-based
Camera Embedding: We replace the original 1D cam-
era embeddings with pliicker ray embeddings [32], which
are concatenated with the input images to enhance the cam-
era control ability. iii) Camera-aware Frame Embedding:
SV3d originally uses fixed frame embeddings in its tem-
poral attention layers, which limits its flexibility for han-
dling arbitrary camera trajectories and varying numbers of
views. Inspired by Zerol123 [20], we replace this with a
camera-aware frame embedding conditioned on the target
camera poses. This modification reduces temporal ambigu-
ity across different views and enables our sparse-view gen-
eration network to synthesize novel views under arbitrary
camera placements and view numbers.

We initialize the modified multi-view generation model
with the parameters of the pretrained video diffusion model
and finetune it on a dataset rendered from the ground-truth
3D object dataset Objaverse [9]. During finetuning, we fol-
low SV3d and adopt the EDM [14] framework with a sim-
plified diffusion loss for supervision. However, we observe
that directly finetuning the model using a large noise dis-
tribution similar to that of SV3d [33] (with Ppean = 1.2,

Pyq = 1.6) leads to model collapse and degraded genera-
tion quality. To address this problem, we propose a distri-
bution shift strategy by first warming up the training with
a smaller noise distribution and then gradually shift to a
larger one. Specifically, we set the initial noise distribu-

tion as P2, = 0.6, P%, = 1.2 and the end distribution as
Plew = 1.2, PLy = 1.6. Given a training step S, the noise
distribution P* is computed as:
PO S <80
1 0 0
ps = B lE=S) i p0 g0<gagt (D)
P! st<s

, where S°, S' denote the starting step and end step for
the progressive shifting. For clarity, we omit subscripts of
P in the equation. Benefit from these carefully designed
modifications, our sparse-view generation model retains the
generative priors from the pretrained video diffusion model
while achieving more efficient and precise generation, be-
ing capable of synthesizing highly consistent and realistic
multi-view images.

3.2. Dense Geometrical Prior Extraction

While the finetuned sparse multi-view generation model
shows relatively good results, we observe that the reduction
in view count may degrade the pretrained knowledge, as
it disrupts the temporal continuity assumption established
during pretraining, leading to unstable generation results for
some in-the-wild cases. To address this challenge, we pro-
pose a novel strategy that reuses the fine-grained features
from the pretrained model to provide geometrical guidance
and further enhance the generation stability. We begin by
conducting an in-depth analysis of the generation process
in pretrained multi-view video diffusion models, and iden-
tify key insights for extracting geometrical priors. Features
output by the temporal attention layers in the decoder blocks
of the video diffusion U-Net provide rich geometrical pri-
ors, even at early denoising stages, and remain consistent
throughout the denoising process.

Empirical evidence supporting this observation is pro-
vided in Figure 3. We visualize the feature maps from dif-
ferent layers of the U-Net in the multi-view video diffusion
model. As shown in the right column of Figure 3, the fea-
ture maps from the temporal attention layer in the decoder
remain highly consistent throughout the denoising process
and capture rich geometrical priors even at the early stage
of denoising. This insight inspires us to directly utilize
the pretrained multi-view video diffusion model as a geo-
metrical reference network to efficiently distill dense geo-
metrical priors. Since the feature maps remain consistent
during denoising, we can extract these geometrical priors
quickly with just a few denoising steps. In our experiments,
we adopt a subsampled eight-step denoise schedule to effi-
ciently capture high-fidelity geometrical information from
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Figure 3. Visualization of feature maps at various stages of the video diffusion model’s generation process. From left to right, we show the
input to the diffusion model U-Net, the feature maps from the first downsampling block in the encoder, and the feature maps of the third
upsampling block in the decoder. As seen in the right column, the feature maps from the temporal attention layer in the decoder remain
highly consistent throughout the denoising process. Notably, they capture rich geometrical priors, even at the early stage of denoising.

the pretrained model. The extracted feature maps largely
preserve geometrical information and serve as the genera-
tive priors to enhance the subsequent generation process.

3.3. Prior Feature Integration

To integrate the extracted geometrical priors into the
subsequent sparse multi-view generator, we introduce a
lightweight yet effective module, termed residual temporal
adapter which could be seamlessly plugged into the original
network structure to guide the overall generation process.

The proposed residual temporal adapter consists of two
components: a residual temporal attention module and a
mask prediction module. Denote the feature map in the
sparse multi-view generator as I. We begin by reshaping
I by merging the spatial dimensions into the batch axis.
The reshaped feature map I, € R(OXhxw)xfxe (where f
denotes the number of synthesized views), along with the
extracted geometrical prior features P e R(EXhxw)xfpxe
(where f, is the frame number generated by the pretrained
video diffusion model), are then passed into the residual
temporal attention module. The module calculates tempo-
ral residuals for each synthesized novel view image, formu-
lated as:

KT
Qi/(—ip> VP+It7
Qe =1iWy, Kp = PWy,Vp = PW,,

I*" = Softmax (
2

where W, denotes the weights of linear projection layers.
Notably, the residual temporal attention incurs low compu-
tational and memory overhead, as it operates across views
but independently at each spatial location.

In our experiments, we assume the geometrical priors

could be extracted from any denoising steps of the pre-
trained multi-view video diffusion model to enhance the
generation of the subsequent sparse-view generator. To
modulate the influence of priors extracted at different de-
noising steps, we propose an adaptive control module to ad-
just the control strength. This module is implemented with
two MLP layers. Let n denote the denoising timestep in
the pretrained video diffusion model, and ¢ denote the de-
noising timestep in the sparse-view synthesis network. The
residual attention formulation is then extended as:

QiKp
Vd

where M (n, t) is the adaptive control mask predicted by the
control module based on both 7 and ¢.

During training, only the parameters of the tempo-
ral residual adapter are trained while other modules in
the sparse multi-view synthesis model are frozen. This
paradigm is efficient and preserves the ability and accuracy
of the original sparse view synthesis networks. With the
proposed temporal residual adapter, geometrical priors from
the video diffusion model are effectively captured and in-
tegrated into the sparse multi-view generation process, en-
hancing geometrical stability and generalization ability, and
leading to improved generation quality.

1" = M(n,t) x Softmax ( ) Vp+ 1, Q)

3.4. Overall Framework.

The proposed sparse multi-view generator together with
the geometrical reference network formulates the overall
framework of our model, as illustrated in Figure 2. This
framework condenses the multi-view video diffusion pro-
cess into the generation of high-fidelity sparse multi-view
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Figure 4. Qualitative comparisons of generated novel views between our models and state-of-the-art novel view synthesis methods. Lever-
aging strong generative priors inherited from the pretrained video diffusion model, our method synthesizes high-quality novel views with

enhanced 3D consistency and realistic visual details.

images, achieving improved 3D consistency and computa-
tional efficiency, while largely preserving the generative pri-
ors from the pretrained video diffusion model. Leveraging
this framework, we are able to synthesize highly consistent
sparse multi-view images that can be directly lifted into 3D
space using sparse-view reconstruction methods. In our ex-
periments, we adopt GRM [43] as the reconstruction model
to lift the generated views into complete 3D objects

4. Experiments
4.1. Implementation

We train our model on the open-source multi-view dataset
G-Objaverse [29]. For the base multi-view video diffu-
sion model, we adopt a reproduced version of SV3d [33],
which incorporates the pliicker ray embedding [32] for cam-
era control. The overall training process for our proposed
model consists of two stages. In the first stage, we fine-
tune the multi-view video diffusion model into a sparser yet
more precise generator for 30k steps with a batch size of
128. In the second stage, we train the proposed residual
temporal adapter, which converges quickly within 10k steps
using a batch size of 64. During training, we randomly sam-
ple four view as the training objective. We use the AdamW

optimizer and FP16 precision for efficient gradient descent,
without weight decay. The learning rate for all experiments
is set to le-5.

4.2. Qualitative Comparison

We provide qualitative comparisons between our proposed
method with state-of-the-art multi-view synthesis methods,
including EscherNet [15], SV3d(p) [33] and Era3d [16], as
shown in Figure 4. For each method, we compute the met-
rics on three generated novel views with fixed azimuth in-
tervals: 90, 180 and 270 degrees. Due to the limited re-
ceptive fields of temporal attention layers, SV3d(p) [33]
fails to maintain 3D consistency under large camera move-
ments, resulting in over-smoothed outputs, as illustrated in
Figure 4. In contrast, methods such as Era3D [16] and Es-
cherNet [15] suffer from the limited generalization capabil-
ities of 2D diffusion models, resulting in unrealistic outputs
when applied to out-of-domain inputs—such as collapsed
geometry and incorrect colors in the generated back views.

In contrast, our proposed model effectively preserves
the generative priors from the pretrained video diffusion
model while enhancing 3D consistency via dense 3D at-
tention. This enables the synthesis of high-quality novel
view images with accurate geometry and realistic textures.
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Figure 5. Qualitative comparisons of the generated meshes with existing image-to-3d methods.our model demonstrates strong ability to
generate 3D consistent novel view images, which can be reconstructed into high-quality meshes with correct geometric structures and are

faithful to the input images.

Dataset | GSO [10] | ABO [8] | OmniObject3D [40]

Method | PSNRT SSIM? LPIPS| CLIP(S)? | PSNRf SSIM{ LPIPS| CLIP(S)? | PSNRT SSIMf  LPIPS|  CLIP(S)
Zero123 [20] 1744 08682 0.189 0803 | 1854 08791 0.8 0811 1728 0.8610 0213 0.779
Syncdreamer [21] 1756 08674 0.183 0822 | 1869 08779 0.180  0.825 1722 08677  0.209 0.786
EscherNet [15] 1781 08712 0.176 0827 1894 08813  0.171 0.833 18.17  0.8633 0202 0.791
SV3D(p) [33] 1988 0.8991 0.119 0859 | 2026 09043 0.117 0864 | 1919 09021  0.122 0.850
Era3d [16] 2039 09078 0.15 0869 | 2014 09131 0.111 0874 | 1997 09076  0.119 0.858
Ours(w/o VP) 1990 08993 0.114 0866 | 2054 09032 0.113 0871 19.67 08990  0.120 0.854
Ours(w/o DS) 2023 09067 011 0867 | 2087 09075 0108 0877 | 1999 09025  0.119 0.857
Ours(w/o GR) 2049 09086 0.108 0874 | 2131 09143 0.04 0880 | 20.10 0909 0.5 0.861
Ours 2058 09103  0.106 0879 | 2129 09122 0101  0.887 | 2020 09101  0.112 0.869

Table 1. Quantitative evaluation between our proposed method with existing novel view synthesis methods. VP denotes Video Pretraining,
DS denotes the proposed distribution shift strategy and GR denotes Geometrical Reference Network.

Method CDJ TIoU?T
Shape-E [13] 0.0651 0.210
One-2-3-45 [19] 0.0516 0.359
Syncdreamer [21]  0.0529 0.361
EscherNet [15] 0.0513 0.382
LGM [32] 0.0425 0.451
CRM [37] 0.0411 0.465
Wonder3d [23] 0.0382 0.468
SV3D(p) [33] 0.0375 0.463
Era3d [16] 0.0369 0.472
Ours 0.0362 0.479

Table 2. Quantitative comparison between our proposed method
with exsting methods on 3D reconstruction.

Furthermore, we provide qualitative comparisons of the
final reconstructed meshes. As shown in Figure 5, our
model demonstrates strong performance in generating 3D-
consistent novel views, which can be reliably reconstructed
into high-quality meshes with correct geometric structures
that faithfully reflect the input appearance.

4.3. Quantitative Comparisons

We conduct quantitative evaluations on multiple datasets in-
cluding Google Scanned Objects dataset(GSO) [10], Ama-
zon Berkeley Objects (ABO) Dataset [8] and OmniOb-
ject3D [40]. Specifically, for each dataset, we randomly
select 200 objects. We use several metrics to assess the
quality and multi-view consistency of the generated im-
ages at both the pixel and semantic levels. These met-
rics include Peak Signal-to-Noise Ratio (PSNR), Structural
SIMilarity (SSIM), Learned Perceptual Image Patch Sim-
ilarity (LPIPS), and CLIP similarity score (CLIP-S). For
3D reconstruction, we select 50 objects from GSO [10]
as groundtruth and then evaluate using Chamfer Distances
(CD) and Volume Intersection-over-Union (IoU) between
the ground-truth shapes and the reconstructed shapes.
Table 1 presents a quantitative evaluation between our
proposed model and existing methods on the task of
novel view synthesis. Leveraging strong generative priors
from the pretrained multi-view video diffusion model, our
method outperforms prior approaches in all metrics, demon-
strating the effectiveness of our designs. In Table 2, we
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Figure 6. Ablation studies. We evaluate the effectiveness of video pretraining, distribution shift strategy, geometrical reference net and
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provide a quantitative comparisons on the metrics of 3D re-
construction. Our model outperforms other baselines, indi-
cating that the generated multi-view images can be reliably
lifted into high-quality 3D assets.

4.4. Ablation Studies

Sparse Multi-View Generation with Video Priors. We
evaluate the effectiveness of video pretraining and the pro-
posed distribution shift strategy. In the no-video-pretraining
scenario, we remove the temporal attention layers, causing
the reduced multi-view generator to degrade into a conven-
tional 2D diffusion model. In the without distribution shift
scenario, we finetune the model using the same noise distri-
bution as SV3d [33], where Ppeqn = 1.2, Pgqg = 1.6.

As shown in Figure 6 (a), (b) and Table 1, the model in-
corporating both video pretraining and the distribution shift
strategy achieves the best performance, generating more re-
alistic details and complex patterns. These results highlight
the capacity of video diffusion models to provide strong
generative priors, significantly improving the realism and
consistency of novel view synthesis.

Geometrical Reference Network. As shown in Figure 6
(c) and Table 1, we evaluate the effectiveness of the pro-
posed geometrical reference network. Without this com-
ponent, the condensed model exhibits geometrical instabil-
ity and may fail to generate reliable structures, particularly
on out-of-domain inputs. In contrast, the geometrical ref-
erence network provides rich geometrical priors from the
pretrained video diffusion models, enabling the sparse-view
generator to synthesize high-fidelity geometry with strong
generalization capability.

Number of views. During training, we randomly sample
four views as the training objective. At inference time, our
model can be directly extended to generate additional views
while maintaining strong 3D consistency. In Figure 6 (d),
we present results of generating six novel views conditioned

on a single input image, demonstrating the model’s ability
to generalize to a different number of target viewpoints.

5. Limitations

While our framework achieves promising results, its per-
formance remains dependent on the quality of the pre-
trained video diffusion model. Employing stronger pre-
trained backbones is expected to further improve generation
quality. In addition, the model still struggles with intricate
structures, particularly in thin or fine-grained objects. Incor-
porating stronger 3D reasoning capabilities into the frame-
work could be a promising direction to address this limi-
tation. Finally, our current work focuses on object-centric
novel view synthesis. In future work, we plan to extend
our framework to more complex settings such as scene-level
novel view synthesis.

6. Conclusion

We propose a novel framework that reduces multi-view
video diffusion into a sparse-view generation process for
high-fidelity novel view synthesis. Specifically, we first
condense the video diffusion model to synthesize highly
consistent sparse multi-view images and then extracting
dense geometrical priors from the pretrained video diffu-
sion to enhance the generation stability, which formulates a
novel framework that is capable of synthesizing highly con-
sistent sparse multi-view images. Extensive experiments
on multiple datasets demonstrate that our model generates
highly consistent novel views with superior 3D consistency
and significantly improved generation efficiency.
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