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Fig. 1. Overall framework. (1) Users construct a scene using coarse geometry or 3D assets. (2) A camera trajectory and (3) a reference image are provided.
(4) The framework then generates a high-quality video reflecting the specified style, structure, and camera motion. The synthesized video sequence shows
consistent, high-quality visuals that reflect the input geometry and reference style, including challenging visual elements such as rising steam.

In this paper, we propose VideoFrom3D, a novel framework for synthesizing
high-quality 3D scene videos from coarse geometry, a camera trajectory,
and a reference image. Our approach streamlines the 3D graphic design
workflow, enabling flexible design exploration and rapid production of de-
liverables. A straightforward approach to synthesizing a video from coarse
geometry might condition a video diffusion model on geometric structure.
However, existing video diffusion models struggle to generate high-fidelity
results for complex scenes due to the difficulty of jointly modeling visual
quality, motion, and temporal consistency. To address this, we propose a
generative framework that leverages the complementary strengths of image
and video diffusion models. Specifically, our framework consists of a Sparse
Anchor-view Generation (SAG) and a Geometry-guided Generative Inbe-
tweening (GGI) module. The SAG module generates high-quality, cross-view
consistent anchor views using an image diffusion model, aided by Sparse
Appearance-guided Sampling. Building on these anchor views, GGI module
faithfully interpolates intermediate frames using a video diffusion model, en-
hanced by flow-based camera control and structural guidance. Notably, both
modules operate without any paired dataset of 3D scene models and natural
images, which is extremely difficult to obtain. Comprehensive experiments
show that our method produces high-quality, style-consistent scene videos
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under diverse and challenging scenarios, outperforming simple and extended
baselines. Code is available at github.com/KIMGEONUNG/VideoFrom3D.
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1 Introduction
3D graphic design refers to the process of creating visually com-
pelling three-dimensional representations for communication, sim-
ulation, or artistic purposes. It serves diverse purposes across do-
mains, including conveying design intent in architecture, building
immersive worlds in games, generating photorealistic effects in film,
and enabling real-time interaction in VR and metaverse applications.
Across these domains, the underlying production process typically
follows a common sequence of stages. The design workflow usu-
ally begins with a concept development phase, where rough visual
ideas, a preliminary 3D scene layout, and a camera trajectory are
established. This is followed by detailed production steps including
modeling, texturing, and lighting, with a focus on the regions that
will be visible in the final render. The process culminates in the
rendering stage, which produces the final visual output such as
images or videos [Bettis 2005; Hamdani and Barreto 2023].
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(b) CogVideoX-T2V (5B)(a) StableDiffusion3-T2I (2B)

Fig. 2. Comparison of outputs from image and video diffusion models,
conditioned only on a text prompt. Model sizes are noted in parentheses.

In practice, however, this workflow does not proceed in a single
pass but involves repeated iterations across stages. Specifically, to
refine the design, designers often receive feedback after the render-
ing stage from clients or collaborators, and return to earlier stages
to revise the work. One major challenge is that even minor changes
in a single component can require extensive adjustments in multiple
stages of the workflow [Bettis 2005; Lord 2024]. For example, when
the intended camera trajectory or scene composition is modified,
previously detailed modeling, texturing, and lighting may all require
updates, as the regions visible to the camera also change. Similarly,
changes in the visual concept often necessitate broad adjustments in
both texturing and lighting. Because each stage is time-consuming
and requires a high level of expertise, even minor revisions can
result in significant increases in production cost.
In this paper, we propose VideoFrom3D, a novel framework for

synthesizing high-quality 3D scene videos from coarse geometry.
By leveraging generative models, our approach streamlines the 3D
graphic design pipeline, offering a faster and more flexible alterna-
tive to the traditional, labor-intensive workflow. Fig. 1 illustrates
our framework step by step. Firstly, (1) a user constructs a scene
by modeling coarse geometry or by assembling a scene using pre-
existing 3D assets. Then, (2) a camera trajectory and (3) a refer-
ence image representing the desired visual concept are provided.
Given these inputs, (4) our framework synthesizes a high-quality
video that reflects the specified style, structure, and camera motion
through a generative process. This addresses the aforementioned
inefficiencies in two ways. First, by relying on coarse modeling
and asset placement instead of detailed modeling, the framework
allows flexible adaptation to changes in scene layout and concept.
Second, the generative synthesis strategy based on a reference style
enables efficient adaptation to changes in visual style or camera
trajectory without redoing time-consuming texturing and lighting.
Consequently, our framework can be employed in early-stage design
development by enabling rapid iteration and visual exploration prior
to labor-intensive asset production. Alternatively, for visualization-
only purposes, the generated output can serve directly as the final
deliverable.

Based on the recent success of video diffusion models in 3D scene
generation, a naïve solution to this problem would be to condition
a video diffusion model on geometric information, such as with a
depth-based ControlNet [Zhang et al. 2023]. However, this naïve
solution faces a core limitation: video diffusion models are fundamen-
tally limited in handling complex scenes compared to image diffusion
models. Fig. 2 compares the outputs of image and video diffusion

Table 1. Image aesthetics (CLIP-A) and quality (MUSIQ) are compared
across 1,000 generated samples (parameter size in parentheses). Prompts
are auto-generated by GPT to describe complex outdoor scenes. For video
models, only the first frame of each video is evaluated.

StableDiffusion3 (2B) CogvideoX (2B) CogvideoX (5B)
CLIP-A↑ 5.942 5.119 5.144
MUSIQ↑ 67.04 56.36 58.20

models on a complex scene. While the image model produces realis-
tic building details, the video models generate distorted structures
with lower visual quality, despite having far more parameters. This
limitation is also evident in the quantitative comparison in Table 1.
The primary reason lies in the inherent challenges of video syn-
thesis. Unlike image diffusion models, which focus exclusively on
generating high-quality still frames, video models must simultane-
ously learn to synthesize individual frames, ensure realistic motion,
and maintain temporal coherence across video frames. This added
complexity makes it harder for video diffusion models to match the
individual image quality achieved by image diffusion models.
To address this issue, we leverage the complementary strengths

of image and video diffusion models. Specifically, image diffusion
models are highly effective at generating high-quality frames with
fine spatial detail, while video diffusion models excel at maintaining
temporal consistency across sequences. Building on this insight,
our key idea is to first generate a set of high-quality, multi-view-
consistent anchor frames using an image diffusion model, and then
interpolate the anchor frames using a video diffusion model to
synthesize temporally coherent intermediate frames, instead of syn-
thesizing complex scenes from scratch. To realize this, we introduce
two key modules: a Sparse Anchor-view Generation (SAG) module
and a Geometry-guided Generative Inbetweening (GGI) module.
The SAG module produces high-quality, multi-view-consistent an-
chor views using an image diffusion model. A major challenge at
this stage is preserving multi-view consistency. To overcome this,
we introduce Sparse Appearance-guided Sampling, which adopts a
distribution alignment strategy and leverages appearance guidance
from a warped adjacent view to generate consistent results. Inter-
polating these anchor views, the GGI module generates consistent
intermediate frames using a video diffusion model. To ensure natu-
ral interpolation and precise trajectory alignment, we incorporate
flow-based camera control and structural guidance into the GGI
module. Notably, our modules achieve high visual quality without
relying on any paired dataset of 3D scene models and natural images,
which are typically unavailable in practice.

A potential alternative to generate a video from the input ge-
ometry is to synthesize textures for a mesh model using recent
texturing techniques [Chen et al. 2023b; Richardson et al. 2023; Yu
et al. 2024b; Zeng et al. 2024; Zhang et al. 2024], and then render the
result. However, our method differs in two important ways. First,
texturing-based approaches require detailed geometry to produce
natural-looking results. When applied to coarse geometry, this often
leads to visual artifacts, e.g., flowers or grass appearing unnaturally
flattened onto planar ground surfaces. Second, texture maps are in-
herently static and cannot capture dynamic, view-dependent effects
such as reflections, flickering flames, or flowing streams. By directly
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Fig. 3. Overall pipeline. (a) Preprocessing extracts structural edges and optical flows from geometry and camera trajectory. (b) SAG module generates
high-quality anchor views E0 and E# using an image di�usion prior. (c) GGI module interpolates intermediate frames with a video di�usion prior.

generating video, our method naturally models such variations.
These advantages come with certain limitations: our framework
does not support real-time navigation or enforce pixel-level consis-
tency across views. Nonetheless, it o�ers a compelling alternative
for fast, stylized scene video generation from minimal input.

Our main contributions can be summarized as follows:

� We propose VideoFrom3D, a novel framework that synthe-
sizes a high-quality 3D scene video given coarse geometry, a
camera trajectory, and a reference image.

� We propose a two-stage approach that leverages the com-
plementary strengths of image and video di�usion models,
where the SAG module uses image di�usion for anchor view
generation, and the GGI module applies video di�usion to
interpolate the anchor views.

� Extensive experiments show that our method robustly syn-
thesizes high-�delity videos under diverse and challenging
scenarios, outperforming naïve and extended baselines.

2 Related Work
Geometry-guided Video Generation. Structure-conditioned video

generation methods [Alhaija et al. 2025; Jiang et al. 2025] provide a
simple baseline for our problem by conditioning video outputs on
depth or edge maps rendered from the input geometry. However,
their results often su�er from poor visual quality in complex scenes,
due to the limited prior of video di�usion models. Another line
of work explores 3D generation methods conditioned on geome-
try [Chen et al. 2024a, 2023a; Dong et al. 2024; Metzer et al. 2023; Shi
et al. 2023; Wang et al. 2024], whose outputs can be rendered into
videos. Yet, they are limited to object-level generation. In contrast,
Urban Architect [Lu et al. 2024] and ControlRoom3D [Schult et al.
2024] propose scene-scale 3D generation methods conditioned on
semantic proxy geometry. However, the former produces blurry
results due to the limited guidance from the SDS-based image prior,
while the latter is limited to rectangular room layouts. To the best
of our knowledge, we are the �rst to enable geometry-guided gen-
eration of high-quality, large-scale, and versatile 3D scenes.

Few-shot 3D Reconstruction. Few-shot 3D reconstruction recov-
ers a 3D scene from a small number of input views. Similar to our
GGI module, recent approaches interpolate keyframes across sparse
input views using video di�usion models. To this end, most ap-
proaches �rst construct an intermediate point-based representation
from sparse views, which is then used to condition the video di�u-
sion model for intermediate frame synthesis [Cao et al. 2025; Chen
et al. 2024b; Liu et al. 2024; Ma et al. 2024; Ren et al. 2025; Yu et al.
2024a]. For example, MVSplat360 [Chen et al. 2024b] builds a coarse
3D Gaussian Splatting [Kerbl et al. 2023] via feedforward prediction
to guide video generation. However, such methods often fail to con-
struct reliable structure under wide keyframe baselines, resulting
in severe artifacts. In other lines of work, LVSM [Jin et al. 2024]
performs regression-based interpolation but lacks strong generative
priors, leading to failure under complex transitions. SEVA [Zhou
et al. 2025] leverages multi-view di�usion models with Plucker
embeddings to condition the camera trajectory. However, this ex-
plicit pose representation su�ers from scale ambiguity, making it
di�cult to follow the intended path, and also causes temporal �ick-
ering inherent to multi-view di�usion. In contrast, our GGI module
leverages a video di�usion prior and structure-aware conditioning,
enabling accurate, smooth, and robust interpolation.

3 Method
We de�ne the VideoFrom3D task as follows. LetM be a 3D mesh
model, andEA45be a reference image representing the desired style.
Additionally, let P = f?0• ” ” ” • ?# gbe a camera trajectory, where?8

is the camera pose at the8-th frame, such that 0� 8 � # . Given
these inputs, the goal of VideoFrom3D is to generate a sequence of
imagesV = fE0• ” ” ” • E# g that are synthesized from the correspond-
ing camera poses inP, faithfully re�ect the geometryM, and are
consistently stylized according to EA45.

Fig. 3 illustrates the overall pipeline of VideoFrom3D, which con-
sists of three stages. The preprocessing stage extracts structural
guidancef� 0• ” ” ” • �# gand optical �ows f50!1 • ” ” ” • 5# �1!# • 5# !0 g
from an input 3D modelM and a camera trajectoryP, where58!9

denotes the optical �ow from view8to view 9. The structural guid-
ance constrains the SAG and GGI modules to synthesize images
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Fig. 4. To generate a multi-view coherentE# from E0, Sparse Appearance-guided sampling uses the distorted appearance of the warped image as guidance
during sampling, achieving the successful generation of a coherent and high-quality E# .

accurately re�ecting the geometry ofM. 5# !0 is used by the SAG
module to enforce cross-view consistency betweenE0 andE# , while
f50!1 • ” ” ” • 5# �1!# gis used by the GGI module to provide guidance
on the camera trajectory. In the next stage, the SAG module gener-
ates high-quality anchor views,E0 andE# , using an image di�usion
prior. The generation ofE# is conditioned onE0 for cross-view con-
sistency. Finally, the GGI module interpolates between the anchor
views using a video di�usion prior, producing the full sequenceV.
To support longer camera trajectories, the pipeline can be iteratively
applied by treating E# as the next starting frame E0.

In the following, we describe each stage of our method and the
training strategy for the GGI module in detail.

3.1 Preprocessing
To compute the optical �ow58!9 , we �rst backproject a coordinate-
encoded color map from?9 onto the 3D mesh, where each pixel
encodes its own image-space coordinate. We then reproject the
coordinate-encoded mesh onto the image plane of?8, allowing us to
establish dense correspondences based on color information, which
are then used to derive the optical �ow.

As structural guidance� 8, we employ a 2D edge map, which rep-
resents the shapes of the input 3D modelM as projected at camera
pose?8. Speci�cally, we empirically select four types of geometry-
based edges: silhouette, crease, object boundary, and intersection,
provided by Blender (see� 0 and� # in Fig. 3). For more details on
edge extraction, refer to the supplemental document.

While depth and normal maps can serve as structural guidance,
they are generally less reliable compared to edge maps in preserving
geometric structures. Depth maps su�er from scale inconsistencies
across di�erent 3D models. Even within a single scene, some geo-
metric details, such as windows on a building's surface, may have
only slight depth di�erences from their surroundings. These issues
make it di�cult for di�usion models to faithfully re�ect the geo-
metric guidance in depth maps. Normal maps, while invariant to
scale, are less e�ective at representing geometric boundaries when
distinct surfaces that should be separated exhibit similar normal
values. In contrast, edge maps remain scale-invariant and precisely
de�ne object boundaries, ensuring robust shape preservation.

3.2 Sparse Anchor-view Generation (SAG)
The SAG module synthesizes high-quality anchor views,E0 and
E# , using FLUX-dev [Labs 2024], a state-of-the-art text-to-image
di�usion model. For high-quality anchor view synthesis, the SAG
module needs to satisfy three criteria: re�ect the structural con-
ditions � 0 and� # , match the visual style of the reference image

EA45, and maintain cross-view consistency betweenE0 andE# . We
describe how each of these criteria is addressed in the following.

To incorporate structural guidance, the SAG module adopts Con-
trolNet [Zhang et al. 2023] as the conditioning mechanism. To this
end, rather than training a ControlNet speci�cally on our structural
guidance, we adopt a pretrained ControlNet using edges from the
HED edge detector [Xie and Tu 2015], which extracts perceptually-
aligned edges from 2D images1. Although HED edges do not per-
fectly match those in our structural guidance, we empirically found
that this approach performs e�ectively. More importantly, using
HED edges eliminates the need for a specialized dataset of 3D-
model-derived edges paired with natural images for training, which
is extremely di�cult to obtain.

To incorporate the style reference, we adopt a distribution align-
ment strategy. Speci�cally, we add LoRA [Hu et al. 2022] layers
to both the image di�usion model and ControlNet, and train them
using the reference imageEA45 with a unique identi�er prompt
before synthesizing anchor views. This strategy aligns the target
distribution of the di�usion model to the reference style, enabling
style-consistent anchor view generation. As a result, the start view
E0 is synthesized using the style-aligned di�usion model, guided by
the identi�er prompt and the structural condition �0.

Sparse Appearance-guided Sampling. To generate the end view
E# while maintaining cross-view consistency withE0, we propose a
Sparse Appearance-guided Sampling strategy (Fig. 4). Our strategy
�rst obtains a sparse observationE0!# by warpingE0 to the end view
E# using the optical �ow 5# !0 . The observed regions inE0!# often
exhibit distortions due to excessive warping (Fig. 4a). Nevertheless,
they still retain useful semantic and appearance information that
supports cross-view consistency. To exploit this information, we
replace the latent ofE# with that of E0!# , in the regions observed
in E0!# , during the di�usion sampling process [Ryu et al. 2025].

Speci�cally, we �rst compute the latent ofE0!# , denoted as�I 0,
using the encoder of the image di�usion model. Additionally, we
generate a binary mask< to indicate the observed regions inE0!# ,
and obtain a downsampled version,�< , according to the size of the
latent �I 0. We then randomly initialize the latent ofE# , denoted as
I ) , where) represents the total number of di�usion timesteps. The
standard di�usion process iteratively denoises the latentI C from
C = ) to C =0. To guide the di�usion process to synthesize an image
consistent withE0!# , we perform a replacement operation before

1https://huggingface.co/XLabs-AI/�ux-controlnet-hed-v3
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Fig. 5. E�ect of distribution alignment in generating the end viewE# using
Sparse Appearance-guided sampling.

denoising at each timestep C, de�ned as:

I C  �< � �I C¸ ¹1 � �<º � I C• (1)

where� is element-wise multiplication. In Eq. (1),�I C is the latent
of E0!# at timestepC, obtained by adding noise to�I 0 following
the noise scheduling of the image di�usion model. We apply the
replacement operation only for early timesteps to re�ect only the
semantic and color information without distorted details in E0!# .

Through this process, we can synthesize natural-looking content
across both observed and unobserved regions. Thanks to the replace-
ment operation, the details generated for observed areas adhere
closely to the semantic structures provided by the warped image
E0!# . Meanwhile, the synthesis of unobserved regions maintains
consistency with the visual characteristics of the observed areas,
ensuring spatial coherence throughout the �nal output (Fig. 4b). We
use 25 di�usion steps to generate each anchor view, and apply the
replacement operation for the �rst 12 steps.

It is noteworthy that the proposed approach is made possible
thanks to the distribution alignment using the style reference image
performed before synthesizing anchor views. Without the distribu-
tion alignment, the aforementioned approach fails to produce coher-
ent results in observed regions. This is because unknown regions
typically occupy a much larger area than observed ones, making
it di�cult for the model to generate consistent content based on
limited guidance. As a result, as shown in Fig. 5(c), the model often
produces entirely di�erent content with noticeable seams and incon-
sistency across the boundary. In contrast, the distribution alignment
process narrows the solution space toward the reference style, en-
abling coherent synthesis, as shown in Fig. 5(b). The supplemental
document provides additional discussions on the di�erence against
inpainting approaches and multi-view-di�usion-based approaches
as well as a detailed pseudocode.

Style Variation. Depending on the application, multiple reference
styles may be required in a single scene. For example, when a scene
includes transitions between indoor and outdoor areas, each re-
gion exhibits di�erent structural and appearance characteristics,
necessitating separate style references. However, training individ-
ual LoRA models for each style is cumbersome. To address this, we
train a single LoRA model, assigning a unique identi�er prompt to
each reference image instead of training separate models for dif-
ferent styles. During anchor view generation, we selectively apply
the desired style by using the identi�er prompt corresponding to
the target reference. In another scenario, users may want to apply
global style variations such as seasonal changes or tonal shifts. In a
similar vein, to avoid training additional LoRA models, we adopt a

post-prompting strategy in which style variation is introduced at
inference time by modifying the text prompt. Speci�cally, anchor
views are generated using a unique identi�er prompt combined with
an additional style description, such as `winter' or `cozy'.

3.3 Geometry-guided Generative Inbetweening (GGI)
The GGI module synthesizes a high-quality video framesV from
the anchor viewsE0 andE# , by leveraging a video di�usion prior.
To e�ectively perform the inbetweening task, we build upon a
pretrained Image-to-Video (I2V) di�usion model, CogVideoX-5B-
1.0 [Yang et al. 2024]. To condition on both endpoints, we encode
the start and end framesE0 andE# using the VAE encoderE. Zero-
valued latents; are used for the intermediate frames, resulting
in + = »E¹E0º• ;• � � � • ;• E¹E# º¼, where»�¼denotes stacking along
the temporal dimension. The feature+ is concatenated with the
noisy latent along the channel dimension. Additional implementa-
tion details on encoding the conditions with the 3D causal VAE of
CogVideo-X are provided in the supplemental document.

To condition on the camera trajectoryP, we adopt a �ow-based
camera control approach similar to Go-with-the-Flow [Burgert et al.
2025; Jin et al. 2025]. Speci�cally, we obtain a warped noise volume,
denoted asnF , that implicitly encodes the camera motion. To this
end, we sample the initial noise for the �rst frame and recursively
warp it using the consecutive optical �owsf50!1 • � � � • 5# �1!# g
while preserving Gaussianity. To re�ect the motion information in
the generation process, we employ the pretrained �ow-aware LoRA
module from Go-with-the-Flow [2025].

While the warped noise provides approximate guidance for the
overall camera motion, it is insu�cient for accurately capturing
the intended motion trajectory, for a couple of reasons. First, the
warped noise volume is constructed in a downsampled latent space,
e.g., 8� smaller spatially and 4� temporally, inherently limiting the
granularity of motion guidance. In addition, to preserve gaussianity
during the noise warping process, Gaussian noise is continually
re-injected, which results in the �ow information being only implic-
itly encoded. This makes precise camera control challenging and
often leads to structural distortions. To address this, we additionally
concatenate the VAE-encoded HED edge mapsE¹»�0• � � � • �# ¼ºto
the latent feature as structural guidance.

Finally, the di�usion sampling step of the GGI module is repre-
sented as:

n�•c ¹/ C � + � E ¹»� 0• � � � • �# ¼º• Cº 7! / C �1• (2)

wheren�•c denotes the di�usion sampling operation with parame-
ters � for the base video di�usion model andc for the �ow-aware
LoRA./ C is the noisy latent at timestepC, initialized with nF , and�
indicates channel-wise concatenation.

3.4 GGI Module Training
Training the GGI module ideally requires coarse geometry, cam-
era trajectories, and their corresponding high-quality multi-view
images, but such datasets are rarely available. To approximate this
setting, we use the DL3DV-10K [Ling et al. 2024] dataset, which pro-
vides various videos of static scenes. Speci�cally, for each training
video- , we compute the optical �ows using RAFT [Teed and Deng
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Fig. 6. �alitative results across various scenarios. The first row illustrates scene information: the style reference (top-le�), the camera trajectory (black line),
camera positions corresponding to each generated view shown below (yellow), and the number of anchor views (bo�om-right). The input geometry in (c) and
(d) is from TurboSquid (©Okhey).
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Fig. 7. Non-photorealistic generation results. The top-le� image is the style reference image.

Fig. 8. Visual e�ect example showing simultaneous changes in camera motion and temporal context, such as seasonal appearance. Speech bubbles indicate
text prompts used in the SAG module, where [u] denotes the identifier prompt used in LoRA training.

Fig. 9. Structural guidance simulation during GGI module training to reduce
the domain gap between training and inference. The image is from DL3DV
dataset [Ling et al. 2024].

2020] to generate the warped noisenF . For each frame, we extract
the HED edge map �8 for structural guidance.

While training the GGI module requires edge maps derived from
3D models for structural guidance, the DL3DV-10K dataset lacks
such 3D models. Thus, instead of using 3D models, we synthesize
edge maps from training videos as illustrated in Fig. 9. The 3D-model-
derived edge maps in our scenario exhibit two key characteristics:
they contain no appearance information, such as texture, and they
are derived from coarse geometry. To replicate these properties
during training, we �rst estimate depth maps from training videos
using an o�-the-shelf depth estimator [Ranftl et al. 2020], and apply
the HED edge detector [Xie and Tu 2015] to the estimated depth
maps. Since depth maps inherently lack textures, and the HED
detector selectively extracts strong structural contours, ignoring
weak edge signals, this approach produces edge maps that closely
resemble inference-time structural guidance, e�ectively reducing
the domain gap between training and inference.

Finally, the training objective of the GGI module is de�ned as:

argmin
�

E- •C

h


 nF � n �•c ¹/ C � + � �• C º




 2

i
• (3)

� = E ¹»A4¹A 3 ¹G0ºº• � � � • A4¹A 3 ¹G# ºº¼º •

whereA 4 denotes the HED edge estimator,A 3 denotes the depth
estimator, and G8 denotes the 8th frame of the video - .

4 Experiments
Implementation Details. In the SAG module, the LoRA layers (rank

16) are applied to the �rst 23 transformer blocks and trained for
400 iterations using a reference image and its HED edge map with
the Adam optimizer [Kingma and Ba 2014]. In the GGI module, the
resolution of the output video is 720� 480. The last frame index# is
set to 45, generating 46 frames. The module is trained for 1,300 iter-
ations with a batch size of 16 using AdamW optimizer [Loshchilov
and Hutter 2017]. During training and inference of the GGI mod-
ule, we provide a text prompt generated from the �rst frame using
BLIP [Li et al. 2022], as the base model, CogVideoX, requires an
input text prompt.

4.1 Video Generation Results
Fig. 6 shows qualitative results of our method in various scenarios.
The �rst example shows that our method works reliably in a simple
object-centric scene. The second one highlights our robustness to
dynamic camera motions involving large translations and rotations.
The third and last columns demonstrate robust performance even in
complex spatial transitions, across rooms and hallways, and between
indoor and outdoor spaces, respectively. In addition, Fig. 7 presents
results on artistic styles, demonstrating e�ectiveness in generating
non-photorealistic scenes such as animations and paintings.

Fig. 8 shows an example where the style changes over time. To
achieve this, each anchor view is assigned a distinct style via post-
prompting with a di�erent seasonal description. To enable natural
scene-style transition, we intentionally omit the replacement op-
eration in the Sparse Appearance-guided Sampling. Finally, the
GGI module smoothly interpolates between distinct style frames,
enabling challenging animation.
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