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Abstract

Generating flexible-view 3D scenes, including 360° rotation and zooming, from
single images is challenging due to a lack of 3D data. To this end, we introduce
FlexWorld, a novel framework that progressively constructs a persistent 3D Gaus-
sian splatting representation by synthesizing and integrating new 3D content. To
handle novel view synthesis under large camera variations, we leverage an ad-
vanced pre-trained video model fine-tuned on accurate depth-estimated training
pairs. By combining geometry-aware scene integration and optimization, Flex-
World refines the scene representation, producing visually consistent 3D scenes
with flexible viewpoints. Extensive experiments demonstrate the effectiveness
of FlexWorld in generating high-quality novel view videos and flexible-view 3D
scenes from single images, achieving superior visual quality under multiple popular
metrics and datasets compared to existing state-of-the-art methods. Additionally,
FlexWorld supports extrapolating from existing 3D scenes, further extending its
applicability. Qualitatively, we highlight that FlexWorld can generate high-fidelity
scenes that enable 360° rotations and zooming exploration. Our code is available
at https://github.com/ML-GSAI/FlexWorld.

1 Introduction

Creating a 3D scene with flexible views from a single image holds transformative potential for
applications where direct 3D data acquisition is costly or impractical, such as archaeological preser-
vation and autonomous navigation. However, this task remains fundamentally ill-posed: a single
2D observation provides insufficient information to disambiguate the complete 3D structure. In
particular, when extrapolating to extreme viewpoints (e.g., 180° rotations), previously occluded or
entirely absent content may emerge, introducing significant uncertainty.

Generative models, particularly diffusion models [1, 2, 3], offer a principled and effective solution
to this problem. While existing methods often rely on pre-trained generative models as priors for
novel view synthesis, they face notable limitations. Image-based diffusion methods [4, 5, 6, 7] tend to
accumulate geometric errors, whereas video-based diffusion approaches [8, 9] struggle with dynamic
content and poor camera supervision. Recent attempts [10, 11] to incorporate point cloud priors for
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(a) Input Videos generated by our V2V model given camera trajectories

(b) Input Flexible-view 3D scene generated by FlexWorld

(c) Input 360° extrapolation from existing scenes using FlexWorld

Figure 1: FlexWorld generates high-quality videos with camera control and flexible-view 3D
scenes progressively. (a) FlexWorld introduces a V2V diffusion producing high-quality videos from
incomplete scene renderings given diverse camera trajectories with large variation. (b) FlexWorld
progressively generates flexible-views (e.g., 360° rotations and zooming) 3DGS scenes via the V2V
model. (c) FlexWorld further supports extrapolating an existing scene into 360° exploration.

improved consistency have shown promise but remain limited in scalability, often failing under large
viewpoint changes, further limiting the flexibility in exploring generated 3D scenes.

To this end, we propose FlexWorld for flexible-view 3D scene generation from single images. In
contrast to existing methods [12, 13, 14], FlexWorld maintains a persistent 3D Gaussian splatting
representation that is progressively expanded by synthesizing and integrating novel 3D content. To
ensure robust novel view synthesis under large camera variations, we develop a video-to-video (V2V)
model with an advanced video foundation model [15] fine-tuned on accurate depth-estimated training
pairs. The V2V model generates complete view images from incomplete ones rendered from the
current scene. Through geometry-aware scene integration and optimization, FlexWorld progressively
details the persistent scene representation, ultimately producing flexible-view 3D scenes with strong
geometric and visual consistency from single images and extrapolating from existing scenes.
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Figure 2: Overview of FlexWorld. FlexWorld trains a strong V2V diffusion capable of generating
high-quality videos from incomplete views rendered from coarse 3D scenes. It progressively expands
the 3D scene by adding new 3D content estimated from the refined videos via scene integration.
Ultimately, from a single image, it yields a detailed 3D scene capable of rendering flexible viewpoints.

Our extensive experiments demonstrate FlexWorld’s effectiveness in both high-quality video and
flexible-view 3D scene synthesis. In particular, our V2V model achieves superior visual quality
compared to the current state-of-the-art baselines [8, 9, 13, 11, 10] while maintaining excellent
camera controllability across multiple benchmarks [16, 17] (see Tab. 1). A similar conclusion holds
for the 3D scene generation benchmarks (see Tab. 2). In addition, FlexWorld enables the synthesis of
the 3D scene with flexible view in high-fidelity and the extrapolation of existing DL3DV [18] scenes
(see Fig. 1) into 360° exploration, consistent with our quantitative results.

In summary, our key contributions are:

• We propose FlexWorld, a progressive framework for flexible-view 3D scene generation that builds
and refines a persistent scene representation by expanding it with synthesized novel views.

• We introduce a video-to-video diffusion model fine-tuned on optimized training data under an
advanced base model, enabling consistent novel view synthesis under large camera variations.

• FlexWorld exhibits superior performance in video and scene generation compared with baseline
models on various benchmark datasets [16, 17] while supporting scene extrapolation.

2 Related work

2.1 3D scene generation

With the emergence of 3D representations that enable differentiable rendering [19, 20], 3D object
generation from single texts/images has advanced rapidly [21, 22, 23, 24, 25, 26, 27, 28, 29], closely
followed by advancements in 3D scene generation. Several works [4, 30, 6, 7, 5, 31, 32] employ image
diffusion models [33, 34] for novel view synthesis and monocular depth estimation [35, 36, 37, 38]
to derive 3D structures for corresponding views. Another line of the work [39, 40, 41, 42, 43, 44, 45]
involves training a network to obtain a 3D representation from single or sparse images directly. Recent
studies have integrated camera control into image [46, 47, 48, 11] or video models [12, 14, 10, 13, 49]
to facilitate novel view synthesis, subsequently performing 3D reconstruction [50, 51] to obtain
representations of 3D scenes. The method using a video model can generate scenes with better
consistency. However, constrained by large viewpoint changes in videos generated in a single pass
and the neglect of integrating generated videos into existing 3D scenes, these methods ultimately
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Figure 3: We improve our video diffusion model to enable generating 3D consistent videos under
large camera variation. We present novel views generated from each model when the camera is
rotated 180 degrees to the left. The red bounding box indicates 3D inconsistency or poor visual
quality in the generated content. Our model generates higher quality and more consistent 3D scenes.

result in limited scene scale. Leveraging a persistent 3DGS representation and a strong V2V capable
of handling large view variations, FlexWorld progressively expands the viewable area, ultimately
enabling flexible-view 3D scenes generation and scene extrapolation.

2.2 Camera-controlled video diffusion models

Recently, Camera-controlled video diffusion models have received widespread attention. Several
works [8, 9, 52, 53, 54] explore the generation of videos under camera conditions. However, these
models are not designed for static scene generation, as the dynamics in the generated videos hinder
reconstruction. DimensionX [13] achieves basic camera control via several LoRAs [55] but lacks
flexibility in complex movements. Wonderland [12] and StarGen [14] can generate videos from
single views and camera trajectories; however, they are unable to produce new videos to complement
existing 3D structures, restricting the range of generated scenes. See3D [11] and ViewCrafter [10] can
accept missing scene information from specific cameras and perform completion, but they struggle
to accommodate significant viewpoint changes (see Fig. 3). In contrast, we propose training a V2V
model on a more advanced video foundation model, leveraging existing scene information to enable
large camera variation and offering a powerful tool for flexible-view 3D scene generation.

3 Method

In this section, we will first introduce the preliminaries for FlexWorld. Subsequently, we will present
our flexible-view 3D scene generation framework in Sec. 3.2, where our improved V2V model that
supports our framework will be further discussed in Sec. 3.3.

3.1 Preliminaries

Video diffusion model. A diffusion model [1, 2, 3] consists of a forward and a denoising process. In
the forward process, the diffusion model gradually adds Gaussian noise to a clean image x0 from
time 0 to T . The noisy image xt at a certain time t ∈ [0, T ] can be expressed as xt = αtx0 + σtϵ,
where αt and σt are predefined hyperparameters. In the denoising process, a noise predictor ϵθ(xt, t)
with parameters θ is trained to predict noise in xt for generation. Given the corresponding condition
y for x, the training objective of a diffusion model is:

min
θ

Et∼U(0,1),ϵ∼N (0,I)

[
∥ϵθ(xt, t; y)− ϵ∥22

]
. (1)

Recent video diffusion models [56, 57, 58, 15, 59, 60] typically employ a 3D-VAE [61] encoder E to
compress the source video into a latent space where the diffusion model is trained. The generated
latent video is subsequently decoded to the pixel space using the corresponding decoder D.
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Dense stereo model. The dense stereo models [50, 51, 62], e.g., DUSt3R [50] and MASt3R [51],
provide an advanced tool for obtaining corresponding point maps, depth maps, and camera parameters
from single or sparse views, facilitating the reconstruction of 3D point clouds. This approach offers a
means to derive a coarse 3D structure and camera estimation from a single image.

3D Gaussian splatting. As a leading 3D representations, 3D Gaussian splatting (3DGS) [20] models
the 3D scene by multiple 3D Gaussians parameterized by colors, centers, opacities, scales, and
rotation quaternions. The effectiveness and efficiency of 3DGS in 3D reconstruction and generation
have been widely demonstrated [20, 45, 44, 26, 27, 29]. In addition to the L1 loss and SSIM loss
LSSIM [63] presented in the original paper [20], optimizing a 3D scene’s loss function typically
incorporates the LPIPS loss LLPIPS [64, 13] to improve optimization. The weights λ1, λSSIM, and
λLPIPS are adjustable hyperparameters. Formally, the specific loss function is expressed as:

L = λ1L1 + λSSIMLSSIM + λLPIPSLLPIPS. (2)

3.2 Progressive scene expansion with persistent representation

To overcome the limitation of insufficient multi-views in single videos for continuous and flexible-
view 3D scene generation (as discussed in Sec. 2.1), we propose FlexWorld, which addresses this
challenge by maintaining a persistent 3DGS representation. This persistent scene is initialized
from an input image and incorporates information from multiple generated novel view videos
through an iterative process. The process combines novel view synthesis, scene integration, and
scene optimization, enabling progressive expansion of the viewable area while maintaining multi-
view consistency. Fig. 2 provides an overview of the overall FlexWorld framework. FlexWorld is
particularly effective for extreme viewpoint changes, such as full 360° scene generation. This section
details the overall framework, while additional implementation specifics are provided in Appendix B.

Novel view synthesis. To generate new 3D content or previously occluded objects in a persistent
scene, our expansion process initiates with novel view synthesis on the existing scene. Our approach
integrates existing scene information into the generation of new content to ensure geometric con-
sistency. Specifically, we employ a video-to-video (V2V) diffusion model (see Sec. 3.3), drawing
inspiration from recent advances in [10, 11], which processes rendered video from the current scene
as input and produces high-quality video from the same viewpoint as output. The V2V model enables
flexible control over camera trajectories hidden within incomplete input videos to generate novel
views. For example, when constructing 360° scenes, we first expand the initial view via zoom-out
synthesis to establish the surrounding environment. The camera then alternates between 180° left
and right rotations, progressively enriching details in each iteration, achieving 360° view scenes in 3
iterations.

Scene integration. New 3D content extracted from generated videos is then geometry-awarely
incorporated into the persistent scene. To maintain global consistency, we propose an effective
empirical approach for integrating 3D structures from sequential frames. We select m keyframes
from the generated video to facilitate the extraction of 3D content, i.e., point cloud. We utilize
DUSt3R [50] to generate initial depth maps D̂0, ..., D̂m for each of the m keyframes I1, ..., Im and
a reference view I0 simultaneously. For each view, we render the corresponding incomplete depth
maps D0, ..., Dm from the existing scene, along with their masks M0, ...,Mm. The reference view is
usually well optimized, and its rendered depth D0 is completely known and can be used to measure
the depth scale. For each 1 ≤ i ≤ m, the new adding point cloud Pi from view i can be obtained by:

D̃i = Depth-align

(
Median(D0))

Median(D̂0))
· D̂i, Di,Mi

)
, (3)

Pi = {D̃i(u, v)E
−1
i K−1 · (u, v, 1)T |Mi(u, v) = 1}, (4)

where Ei denotes extrinsic for keyframe i, K denotes intrinsic, and (u, v) stands for the pixel
coordinates of the frame, ranging from 0 to frame size. Median(·) represents extracting the median
value from given depth map. By aligning the depth scale of the reference view, we mitigate the
instability inherent in the depth estimation model. Depth-align(·) denotes any further depth alignment
operation, implemented here via guided filtering [65] for smoother transitions. The resulting point
clouds {P1, ...,Pm} are finally converted to 3DGS and merged into the persistent scene.

Scene optimization. The expanded scene further undergoes comprehensive optimization using all
available video frames generated in the latest iteration. The scene is optimized using the loss function
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Figure 4: Our dataset construction method yields more accurate training pairs. We present
frames of incomplete videos rendered from initial point clouds generated by a dense stereo model
MASt3R [51] (i.e., ViewCrafter [10]’s dataset construction method) and our 3DGS reconstruction.
Our approach produces incomplete videos with better alignment to ground truth, resulting in higher-
quality training pairs.

defined in Eq. (2), with hyperparameter details provided in Sec. 4. This refinement enhances visual
quality and geometric accuracy while maintaining the unified structure of the persistent representation.

In contrast to representative scene generation methods based on V2V models like ViewCrafter [10],
which employs transient point cloud representations that are re-estimated and discarded per iteration,
our approach maintains a persistent 3D structure throughout. This eliminates the need for repeated 3D
reconstruction from images, enabling both single-image scene generation and seamless expansion of
existing scenes (Fig. 1), a capability unattainable by ViewCrafter. We provide a discussion in Sec. 4.4
and compare the performance of the two frameworks in generating 3D scenes in Appendix C.2.

3.3 Improved diffusion for novel view synthesis

Although the framework presented in Sec. 3.2 demonstrates feasibility, we aim for the V2V model to
maintain content consistency across large camera variations. This capability would enable flexible-
view scene generation with fewer iterations, thereby mitigating cumulative errors that could com-
promise 3D scene coherence. However, existing V2V approaches [10, 11] fail to handle significant
viewpoint changes (180°), as the results show in Fig. 3, primarily due to using weaker base mod-
els [57, 66] trained on suboptimal data, as shown in Fig. 4. We improve our V2V diffusion model by
conducting video conditioning on an advanced base model and carefully designed training data.

Video conditioning. Our V2V diffusion architecture builds upon CogVideoX-5B-I2V [15], a
significantly more advanced foundation than previous baselines. We modify the original architecture
by replacing image conditioning with video conditioning through a 3D-VAE encoder. The encoded
conditional videos are channel-wise concatenated with noise latents during diffusion. Formally,
given a camera trajectory c, our model learns the distribution x ∼ p(x|y), where y represents the
incomplete video rendered from the coarse scene under c, and x represents the target high-quality
video. Notably, y may include unobserved black regions, and we do not apply any special handling
for these regions, allowing the use of the standard I2V model with minimal architectural changes.
The training objective follows the standard diffusion formulation Eq. (1).

Training data construction. Conventional training pairs generated by dense stereo models [10, 50,
51] often contain substantial geometric inaccuracies and texture artifacts (Fig. 4), which impacted the
generation quality of the trained V2V model (see Appendix A for further discussion). To overcome
this limitation, we implement a synthetic data generation pipeline with improved geometric fidelity:

• Perform comprehensive 3DGS reconstruction using all available scene images;
• Select a random frame, extract its depth map via 3DGS, and back-project to obtain a point cloud;
• Render incomplete video sequences y (49 consecutive frames) under continuous complex camera

trajectories from datasets;
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• Pair y with ground truth x to form training pairs (x, y).

This pipeline yields superior depth estimation accuracy, producing higher-quality initial point clouds,
significantly improving training pair fidelity (Fig. 4).

After training, our video model generalizes to generate high-quality novel views for coarse scenes
from incomplete inputs under arbitrary trajectories, particularly under large camera variation (see
Fig. 3 and Fig. 10 in Appendix E). This positions our model as the optimal video diffusion model in
FlexWorld, significantly enhancing the generation of flexible-view 3D scenes.

4 Experiment

We present the implementation details for FlexWorld, comparison of novel view synthesis (video
generation) and 3D scene generation, and show the ability of FlexWorld to perform scene extrapolation
sequentially. We also perform an ablation study in Appendix C.2 and provide more results in
Appendix E.

4.1 Implementation details

We build our video-to-video model based on the image-conditioned video diffusion model
CogVideoX-5B-I2V [15]. The model is trained at a resolution of 480 × 720, with a learning
rate of 5e-5 and a batch size of 32, for a total of 5000 steps on 16 NVIDIA A800 80G GPUs. We
retain the default settings for other hyperparameters in the original I2V fine-tuning process. In the
training dataset, we utilize data from the DL3DV-10K dataset [18], discarding any data with failed
COLMAP camera annotations, which results in a final set of 10253 3D scenes. The coefficients for
the 3DGS loss function, specifically λ1, λSSIM, and λLPIPS, are set to 0.8, 0.2, and 0.3, respectively.
More details can be found in Appendix B.

4.2 Comparison on novel view synthesis

We evaluate the capability of our video-to-video model for novel view synthesis by comparing
the visual generation quality and camera accuracy of 5 open-source baseline models, including
MotionCtrl [8], CameraCtrl [9], DimensionX [13], See3D [11], ViewCrafter [10].

Evaluation datasets. To ensure fairness, we selected the RealEstate10K (RE10K) test dataset [16]
and Tanks-and-Temples (Tanks) [17] datasets, which are separate from our training dataset, for
evaluation. Following previous work [12, 10], we randomly selected 300 video clips with a sample
stride ranging from 1 to 3 in the RealEstate10K2. In the Tanks-and-Temples dataset, we randomly
sampled 100 video clips with a stride of 4 across 14 test scenes. Notably, this dataset does not contain
pre-labeled cameras; therefore, we utilized the MASt3R [51] model to annotate the cameras. Each
selected video clip involves a camera length of 49. For models generating fewer than 49 frames, we
uniformly excluded cameras from the original trajectory to match the required length.

Evaluation metrics. We followed previous works [12, 10] to evaluate the generated videos using
various metrics comprehensively. The metrics include FID [67] and FVD [68] for assessing visual
quality, as well as PSNR, SSIM [63], and LPIPS [64] to evaluate the similarity between the generated
frames and the ground truth, with the average of the calculated metrics for each frame taken.
Additionally, we estimated the corresponding camera poses for each generated frame and the ground
truth using MASt3R [51] for all models. The camera accuracy was calculated using the formula from
prior research [9, 10, 12].

Qualitative comparison. From the qualitative comparison shown in Fig. 5, all models exhibit a
certain level of control over camera movements, and methods like ViewCrafter, See3D, and FlexWorld
demonstrated relatively precise control; however, the visual quality of the generated outputs varied.
The results from MotionCtrl often exhibited artifacts, while the content produced by CameraCtrl
appeared somewhat blurred. See3D struggled to generate distinct new objects from novel viewpoints,
and ViewCrafter produced dark content. In contrast, our method maintained effective camera control
and surpassed all baseline models in the visual quality of the generated content.

2For V2V-based models (i.e., See3D, ViewCrafter, FlexWorld), we standardized the input by using MASt3R
to estimate both the initial point cloud and the camera poses, rather than using the original poses from the dataset.
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Figure 5: Qualitative comparison on novel view synthesis. We assessed the generated videos from
various models using the same camera trajectory, focusing on the midpoint. The green bounding box
in the ground truth highlights regions requiring consistency with the input, while the remaining areas
demand coherent content generation. The red bounding box marks low-quality outputs in baseline
models. Our model demonstrates superior visual generation quality, even under effectively controlled
camera conditions.

Quantitative comparisons. Our quantitative results are presented in Tab. 1. FlexWorld outperforms
all baselines across datasets, achieving the best FID and FVD scores, indicating that generated content
distribution closely aligns with the ground truth. It also attains optimal PSNR, SSIM, and LPIPS
scores, demonstrating superior visual quality. Additionally, our model excels in camera control, with
lower Rerr and Terr values.

4.3 Comparison on scene generation

We mainly evaluate our method for 3D scene generation by comparing the visual quality of the render-
ing results with 4 open-source baseline methods: LucidDreamer [4], DimensionX [13], See3D [11],
and ViewCrafter [10]. Using the same sampling strategy as in Sec. 4.2, we randomly selected 100 and
50 images from the RE10K [16] and Tanks [17] datasets for evaluation. Except for LucidDreamer,
which generates scenes using its original implementation, scenes for other methods are reconstructed
from the videos generated to 3DGS, with reconstruction hyperparameters set in [13]. We choose
PSNR, SSIM, and LPIPS for the evaluation metrics to compare the renderings from the generated 3D
scenes by each baseline against the ground truth frames.

As illustrated in the qualitative comparison in Fig. 6, the scenes generated by FlexWorld exhibit
higher consistency with the content of the input images compared to other baselines. Furthermore,
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Table 1: Quantitative comparison on novel view synthesis. Our method achieves superior visual
quality while maintaining commendable camera control compared to the baselines.

Metric FID ↓ FVD ↓ PSNR ↑ SSIM ↑ LPIPS ↓ Rerr ↓ Terr ↓
RealEstate10K
MotionCtrl 20.41 226.62 13.19 0.516 0.515 0.141 0.216
CameraCtrl 22.73 381.38 16.03 0.604 0.416 0.040 0.117
DimensionX 33.77 548.19 11.77 0.491 0.659 0.864 0.615
See3D 24.24 259.62 14.44 0.546 0.477 0.026 0.355
ViewCrafter 16.99 143.89 15.74 0.595 0.372 0.032 0.380
FlexWorld 13.88 100.41 16.62 0.612 0.344 0.026 0.297

Tanks and Temples
MotionCtrl 54.24 651.47 11.39 0.361 0.606 0.336 0.589
CameraCtrl 60.21 1338.53 11.08 0.363 0.688 0.202 0.535
DimensionX 54.13 1051.15 11.26 0.358 0.678 0.878 0.695
See3D 53.29 564.19 12.95 0.404 0.584 0.035 0.108
ViewCrafter 41.18 549.10 12.52 0.386 0.526 0.111 0.200
FlexWorld 37.31 376.49 13.20 0.405 0.525 0.048 0.100

Table 2: Quantitative comparison on 3D scene generation. Scenes generated from single images
by our method achieve nearly superior metric results across various datasets.

Dataset Results on RealEstate10K Results on Tanks and Temples

Metric PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓
LucidDreamer 13.03 0.498 0.590 11.67 0.342 0.661
DimensionX 11.55 0.438 0.718 11.02 0.308 0.700
See3D 14.60 0.544 0.483 12.82 0.396 0.584
ViewCrafter 15.06 0.562 0.446 12.35 0.356 0.581
FlexWorld 16.18 0.604 0.369 12.99 0.389 0.544

FlexWorld generates content with higher visual quality in new regions beyond the input. We also
conducted a quantitative comparison, as presented in Tab. 2, which shows that FlexWorld outperforms
nearly all baselines in terms of metrics, with only a slight decrease compared to See3D on the
SSIM in the Tanks [17] dataset. All results indicate that FlexWorld generates scenes with higher 3D
consistency and visual quality.

4.4 Scene extrapolation

Leveraging the progressive expansion process, FlexWorld can extend a given 3D scene into a larger,
more flexible-view one, distinguishing it from methods like ViewCrafter [10]. FlexWorld can start
with a 3DGS scene and iteratively expand it, as shown in Fig. 1c with 3D scenes reconstructed
from DL3DV[18], which FlexWorld further extrapolates into larger scenes. Our approach can also
resolve artifacts such as holes or blurriness in the original, highlighting its scalability in generating
high-quality scene extrapolation. See Appendix B.3 for detailed implementation and Fig. 13 in
Appendix E for more results.

4.5 Analysis of flexible camera control

FlexWorld is capable of generating novel view videos under flexible camera control. As quantified in
Tab. 1, it excels on challenging real-world datasets like RE10K [16] and Tanks [17]. This advantage
is particularly evident on the highly varied, complex, and non-linear camera paths characteristic of
these benchmarks. Furthermore, we explicitly demonstrate its robustness to large camera motions.
As shown in Fig. 3 and Appendix Fig. 10, our model maintains high-fidelity synthesis even under
significant camera variations. Finally, the extensive result gallery in Appendix Fig. 12 provides
additional qualitative evidence, highlighting the model’s versatility across a wide array of distinct
camera trajectories.
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Figure 6: Qualitative comparison on 3D scene generation. We present images rendered from
scenes generated by various single image-to-3D methods. The green and red bounding boxes have
the same meaning as in Fig. 5. Our approach achieves superior visual results.

5 Conclusion

We propose FlexWorld, a framework for flexible-view 3D scene generation from single images using
a persistent 3D Gaussian representation. Our approach progressively expands this representation
through novel view synthesis with a fine-tuned V2V diffusion model, enabling robust handling of large
viewpoint changes while maintaining visual consistency. Extensive experiments show FlexWorld’s
superior viewpoint flexibility and visual quality performance compared to baselines.

Limitations and broader impact. While FlexWorld shows promise for flexible 3D generation,
limitations remain. The V2V model may lose camera control when the input lacks 3D information,
though this can be alleviated by trajectory design. Additionally, FlexWorld’s 3D consistency is
affected by the dense stereo model’s accuracy. Meanwhile, the long generation time of the video
diffusion model and the lengthy optimization process of iterative 3D Gaussian splatting constrain
the efficiency of generating a single scene. Nevertheless, we believe that FlexWorld is promising
and holds significant potential for VR and 3D tourism. As a generative method, our method may be
misused for data fabrication, necessitating strong safeguards against misuse.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the relevant

information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims made in the abstract and introduction accurately reflect this
paper’s contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims made
in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or NA
answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper discusses the limitations of the work performed by the authors in
Sec. 5.
Guidelines:
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• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be used
reliably to provide closed captions for online lectures because it fails to handle technical
jargon.

• The authors should discuss the computational efficiency of the proposed algorithms and
how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an important
role in developing norms that preserve the integrity of the community. Reviewers will
be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: The paper does not include theoretical results.

Guidelines:
• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if they

appear in the supplemental material, the authors are encouraged to provide a short proof
sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper fully discloses all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and conclusions
of the paper in Sec. 4 and Appendix B.

Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of whether
the code and data are provided or not.
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• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct the
dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors
are welcome to describe the particular way they provide for reproducibility. In the
case of closed-source models, it may be that access to the model is limited in some
way (e.g., to registered users), but it should be possible for other researchers to have
some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The paper provides open access to the data and code, with sufficient instructions
to faithfully reproduce the main experimental results, as described in the supplemental
material.

Guidelines:
• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
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Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: The paper specify all the training and test details necessary to understand the
results, as described in Sec. 4 and Appendix B.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Error bars are not reported due to prohibitive computational costs.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call
to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of

the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: For each experiment, the paper provides sufficient information on the computer
resources needed to reproduce the experiments in Sec. 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or

cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute than

the experiments reported in the paper (e.g., preliminary or failed experiments that didn’t
make it into the paper).
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9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:
• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special considera-

tion due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discusses both potential positive societal impacts and negative
societal impacts of the work performed in Sec. 5.

Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being
used as intended and functioning correctly, harms that could arise when the technology is
being used as intended but gives incorrect results, and harms following from (intentional
or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: We describe safeguards in Sec. B.4. To ensure responsible usage, we will im-
plement safeguards by enforcing strict controlled-use requirements when publicly releasing
these resources.

Guidelines:
• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
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that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do not
require this, but we encourage authors to take this into account and make a best faith
effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The creators or original owners of assets (e.g., code, data, models), used in the
paper, are properly credited and the license and terms of use are explicitly mentioned and
properly respected in Tab. 3 and Appendix B.4.

Guidelines:
• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the pack-

age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the
asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: New assets introduced in the paper are well documented, and the documenta-
tion is provided alongside the assets.

Guidelines:
• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing or research with human subjects.

Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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A Impact of training data in video diffusion

Our data generation methodology is guided by the core principle of maintaining consistency between
training and inference conditions. During inference, our model is designed to process incomplete
views rendered from an optimized 3DGS scene with well-posed geometry. Therefore, directly using
training pairs from conventional dense stereo models [10, 50, 51] would introduce a significant
domain gap. As shown in Fig. 4, these methods often produce training data with notable geometric
inaccuracies and texture artifacts. More critically, these imperfections may be learned by the model
and propagate into the final outputs, as evidenced by the artifacts in Fig. 7 which mirror those in the
training data.

To further validate our approach, we conducted a brief experiment. We trained two models on the first
1K samples of the DL3DV [18] dataset, one using training pairs generated by MASt3R [51] and the
other by our methodology. Despite the limited training (1000 steps with a batch size of 8 on 8 A800
GPUs, compared to the full training detailed in Sec. B.1), the visual results in Fig. 8 clearly show that
the model trained with our data generates qualitatively superior 360° 3D scenes. This confirms that
by aligning the training data with the inference conditions, our data generation methodology better
harmonizes with the FlexWorld framework, ultimately enhancing the quality of the generated outputs.

B More implementation details

We present the detailed implementation details for FlexWorld in this section, including V2V model
training, the complete Flexible-view 3D scene generation workflow, the process of scene extrapolation,
and the codebase and safeguards.

B.1 Training of V2V model.

The V2V model in FlexWorld builds upon CogVideoX-5B-I2V [15] and is fine-tuned using the SAT
framework. Unlike the original I2V model, which processes a single image encoded by a 3D-VAE
into latents with a temporal dimension of 1 (later padded with zero tensors to match compressed video
dimensions), our V2V model directly accepts video input. This eliminates the need for zero-padding,
as the 3D-VAE naturally encodes the temporal dimension of the input video into compressed latents.
As described in Sec. 4.1, we train the video-to-video model at a resolution of 480 × 720, with a
learning rate of 5e-5 and a batch size of 32, for a total of 5000 steps on 16 NVIDIA A800 80G GPUs,
requiring approximately 70 hours to complete.

As for the training datasets, to support the generation of static scenes and large camera variations, we
select the high-quality DL3DV-10K [18] scene dataset, which contains various camera movements.
After a rigorous filtering process that excluded scenes with low image resolution (below 540× 960),
missing camera parameters, or significant pose discrepancies between the official DL3DV annotations
and a COLMAP reconstruction cache, we obtained 10253 high-quality 3D scenes for training. Each
scene was reconstructed into 3D Gaussians using the official implementation, optimized for 7000 steps
(taking about 5 minutes per scene on an NVIDIA A800 GPU). The full dataset reconstruction was
completed in roughly 4-5 days by parallelizing across 8 A800 GPUs. We exclude the RealEstate10K
dataset [16] from our training dataset, as its videos frequently contain moving objects and simple
camera motions, which fail to meet our needs.

B.2 Flexible-view 3D scene generation

FlexWorld begins with constructing an initial 3D point cloud from a single input image using
DUSt3R [50]. Since dense stereo requires paired images, we duplicate the single input image to serve
as both the source and reference views.

As for scene representation, we employ 3DGS [20] as the core representation, utilizing gsplat [69]
for implementation. This choice is motivated by two fundamental advantages over simpler point-
cloud representations: rendering quality and functional capability. While a raw point cloud serves
as a geometric scaffold, rendering it directly often produces sparse results with holes and lacks
photorealism. In contrast, 3DGS models not only geometry but also local appearance, enabling the
synthesis of high-fidelity, anti-aliased novel views.
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Figure 7: Artifacts generated by ViewCrafter [10]. Compared to FlexWorld, ViewCrafter produces
more artifacts that resemble those found in the incomplete videos within the training dataset con-
structed by its method.

When processing point cloud data (e.g., the initial point cloud), it will be immediately converted into
3DGS, serving as the initial scene representation. Unlike the original 3DGS, which uses spherical
harmonics, our implementation directly represents color using RGB values. We avoid downsampling
during the initialization of 3DGS from the point cloud, so the number of Gaussian counts equals the
number of point clouds. Gaussian properties are initialized directly from the point cloud’s position
and color, with scale and opacity set to isotropic values of 3e-4 and 0.8, respectively, and rotation
initialized using the identity matrix.

For novel view synthesis, camera trajectories are interpolated between the first and last frames to
produce 49 poses, matching the V2V model’s input requirements. Spatial coordinates use linear
and cubic spline interpolation, while rotation matrices employ spherical interpolation for smooth
transitions. To avoid collisions, the movement range is constrained by the minimum depth derived
from the input image’s depth estimation.

When integrating new 3DGS into an existing scene, we utilize DUSt3R [50] to extract consistent
depth from keyframes. We select m = 6 keyframes and employ the fully connected pairing strategy
to achieve more accurate depth estimation. Keyframes are selected deterministically using a uniform
sampling strategy, with the reference view typically chosen as the input image’s corresponding view
due to its superior visual quality and role as the starting point for scene expansion. After depth
alignment, we utilize alpha maps as masks rendered from the scene to avoid the inclusion of redundant
content. We apply 25 iterations of dilation to the alpha map to mitigate fragmentation in the added
points.

During 3DGS optimization, we enhance visual quality by upscaling input video frames using the
image super-resolution model Real-ESRGAN [70]. We use the original Gaussian paper’s strategies
for splitting, duplicating, and pruning Gaussians, but we disable the reset opacity strategy. Compared
to the original Gaussian, we use higher learning rates: 1e-5 for position, 5e-3 for color, 5e-2 for
opacity, 5e-4 for scale, and 1e-4 for rotation.

To further enhance the visual quality of the generated scene, we adopt SDEdit [71] by rendering
multi-view images I from fixed viewpoints, adding random noise, and applying a multi-step denoising
process using the FLUX.1-dev [72] image diffusion model after the expansion of the scene. During
the refinement process, the timestamp for the forward diffusion process is set at 0.6T , where T
represents the total duration of the diffusion process. We focus on refining images when rotating
cameras rather than translating them. Specifically, we refine 5 frames from a panoramic scene using
image-to-image refinement, followed by 1000 iterations of optimization with the same loss function
in Eq. (2) across all images to refine the overall Gaussian representation.

FlexWorld’s full workflow is an iterative process that maintains a persistent 3DGS scene as a coherent
anchor. This ensures newly generated content aligns with the established structure, effectively
reducing accumulated errors common in methods lacking such geometric memory. As described in
Sec. 3.2, the complete FlexWorld pipeline requires three iterations to generate a 360° scene. When
executed on a single NVIDIA A800 GPU, the entire process takes approximately 30 minutes.
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Figure 8: Comparison of 360° scene generation results with different data generation method-
ologies. The methodology proposed by FlexWorld yields more structurally consistent and coherent
content compared to dense stereo models, such as MASt3R [51].

Table 3: Codebase. We provide the URL and licenses for the open-source assets we used.

Asset URL License

Models used in FlexWorld
[15] https://github.com/THUDM/CogVideo Apache-2.0 license
[50] https://github.com/naver/dust3r CC BY-NC-SA 4.0 license
[51] https://github.com/naver/mast3r CC BY-NC-SA 4.0 license
[69] https://github.com/nerfstudio-project/gsplat Apache-2.0 license
[72] https://github.com/black-forest-labs/flux Apache-2.0 license
[70] https://github.com/xinntao/Real-ESRGAN BSD-3-Clause license

Baselines
[8] https://github.com/TencentARC/MotionCtrl Apache-2.0 license
[9] https://github.com/hehao13/CameraCtrl Apache-2.0 license
[13] https://github.com/wenqsun/DimensionX Apache-2.0 license
[11] https://github.com/baaivision/See3D Apache-2.0 license
[10] https://github.com/Drexubery/ViewCrafter Apache-2.0 license
[4] https://github.com/luciddreamer-cvlab/LucidDreamer CC BY-NC-SA 4.0 license

Datasets
[18] https://github.com/DL3DV-10K/Dataset CC BY-NC 4.0 license
[16] https://google.github.io/realestate10k CC BY 4.0 license
[17] https://www.tanksandtemples.org CC BY 4.0 license

B.3 Scene extrapolation

Given an existing 3DGS scene, FlexWorld can be directly applied to expand it into a larger, more
flexible-view one. We directly use the input 3DGS scene as the initial persistent representation,
rather than producing it with a single image. Then, through multiple iterative steps as described in
Section 3.2, we progressively expand the scene, ultimately generating a larger scene.

To evaluate the capability of FlexWorld, we use the scene reconstructed from DL3DV as the input.
The extrapolation uses two iterations with camera trajectories alternating between 180° left and right
rotations, and the process takes approximately 20 minutes on a single NVIDIA A800 GPU.

B.4 Codebase and safeguards

Table 3 lists the URLs and licenses of the open-source resources used in this paper, including models
used in FlexWorld, baselines for comparison, and training/evaluation datasets.

Notably, our work involves fine-tuning the publicly available CogVideoX [15] model on the
DL3DV [18] dataset, which contains almost no unsafe images. To ensure responsible usage, we will
implement safeguards by enforcing strict controlled-use requirements when publicly releasing these
resources.
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Table 4: Quantitative comparison of novel view video generation using the WorldScore bench-
mark. For all metrics, higher scores indicate better performance.

Methods WorldScore
(Overall)

Camera
Ctrl

Object
Ctrl

Content
Align

3D
Consist

Photo
Consist

Style
Consist

Subjective
Qual

ViewCrafter 66.81 78.25 48.92 50.63 81.88 74.90 68.05 65.01
See3D 62.86 85.21 55.40 54.46 86.22 85.05 44.74 28.91
FlexWorld 68.37 82.79 44.92 49.35 84.70 90.53 64.36 61.97

Table 5: Quantitative comparison of 3D scene generation using the WorldScore benchmark.
Similar to the video evaluation, higher scores are better across all metrics.

Methods WorldScore
(Overall)

Camera
Ctrl

Object
Ctrl

Content
Align

3D
Consist

Photo
Consist

Style
Consist

Subjective
Qual

ViewCrafter 66.20 81.02 69.00 47.77 83.46 81.30 64.88 35.94
See3D 59.48 81.22 57.42 44.94 82.97 83.15 46.38 20.30
FlexWorld 67.65 80.35 69.50 46.27 87.47 88.42 61.72 39.84

C Additional experimental results

In this section, we present additional experiments to assess our model’s performance further, followed
by a detailed ablation study to validate our design choices.

C.1 Evaluation with WorldScore

To provide a more comprehensive assessment of generation quality, we conduct further evaluations
using a 3D-centric metric WorldScore benchmark [73], with the two main baselines, See3D [11] and
ViewCrafter [10]. For the video generation task, we test on a diverse subset of 300 scenes, created by
selecting the first 15 scenes from each of the 20 available categories. This ensures a representative
sample covering various conditions (e.g., indoor/outdoor, stylized/photorealistic). For the more
computationally intensive 3D scene generation task, we evaluate on the first 100 scenes from this
subset. All evaluations strictly adhere to the official WorldScore protocol, and the generation methods
for all models are consistent with those described in Sec. 4.2 and 4.3.

The results are presented in Tab. 4 and 5. Our model achieves a superior overall WorldScore in both
video and 3D scene generation, underscoring its robust performance. It is noteworthy that our method
demonstrates significant advantages even on the WorldScore benchmark, which features relatively
simple camera trajectories. This highlights the general effectiveness and versatility of our approach
beyond complex camera paths.

C.2 Ablation study

We conduct comprehensive ablation studies to validate the effectiveness of each key component in
FlexWorld. We provide both qualitative results in Fig. 9 and a quantitative analysis in Tab. 6. For the
quantitative study, we again utilize the WorldScore benchmark [73] to evaluate videos rendered from
the generated 360° scenes. Due to computational constraints, this analysis was performed on a subset
of 155 test cases (the first 31 images from the first 5 categories). We evaluate five main configurations
to isolate the contribution of each component.

Ablation on video diffusion. As shown in Fig. 9a, replacing our V2V model in FlexWorld with
ViewCrafter resulted in blurred scene content. This is due to inconsistencies in ViewCrafter’s output
under large camera variations, as discussed in Sec. 3.3. The quantitative results in Tab. 6 (row 1 vs.
row 4) corroborate this finding, showing a substantial drop in performance across all metrics.

Ablation on camera trajectory. A zoom-out movement is crucial for enlarging the scene to enhance
camera control. Without it, the generated video will mismatch with the input trajectory, leading to
inconsistencies and blurriness in the generated scene, as shown in Fig. 9b.
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Table 6: Quantitative ablation study using the WorldScore benchmark. We analyze the impact of
different components and framework configurations. Higher is better for all metrics, and the Camera
Control metric is not applicable as our final scene camera movements are more complex than the
WorldScore defaults.

Configuration WorldScore
(Overall)

Object
Ctrl

Content
Align

3D
Consist

Photo
Consist

Style
Consist

Subjective
Qual

Viewcrafter’s V2V + our framework (w/o refine) 44.12 65.81 39.93 61.40 0.00 89.40 52.33
Our V2V+ ViewCrafter style’s framework (w/o refine) 49.97 70.16 55.66 62.66 37.77 86.60 36.95
Our framework (w/o super-resolution, w/o refine) 56.55 72.74 57.25 69.85 51.72 96.30 47.96
Our framework (w/o refine) 56.34 73.06 58.30 71.07 46.62 96.48 48.84
Our full framework (w/ refine) 55.60 71.29 57.09 70.81 45.69 96.66 47.67

(a) w/o V2V (b) w/o zoom-out (c) w/o framework (d) w/o refine (e) Full

Figure 9: Ablation study. To generate a 360° view 3D scene, FlexWorld necessitates our video-to-
video model, an initial zoom-out trajectory and generation framework. Additionally, a refinement
process can further enhance the visual quality of the generated 3D scene.

Ablation on generation framework. As the scene generation framework of ViewCrafter [10] remains
unopen, we reimplement its framework following its described pipeline and generate 3D scenes on
our V2V model for fair comparison. When using our V2V model with Viewcrafter’s framework,
the resulting scene quality is visibly lower (Fig. 9c) and scores poorly in the quantitative evaluation
(Tab. 6, row 2 vs. row 4). In contrast, our proposed framework not only produces higher-quality
results but also uniquely supports scene extrapolation, as detailed in Section 3.2.

Ablation on super-resolution. We optionally incorporate a Real-ESRGAN super-resolution module
to enhance the texture detail of the generated videos. However, our ablation in Tab. 6 (comparing
rows 3 and 4) reveals that this step has a negligible impact on the WorldScore metrics. This suggests
that while it may improve final visual appeal, it is not essential for constructing the core 3D geometry
and structure.

Ablation on refinement process. The video model’s generation quality restricts the detail in the
generated scene. A refinement process, as detailed in Appendix B, further modestly enhances the
generated visual details while preserving the existing geometric structure of the scene, as shown
in Fig. 9d. And the process slightly influences metrics in WorldScore (comparing rows 4 and 5 in
Tab. 6).

D Limitations and future work

A limitation of our current framework is its computation time of approximately 30 minutes per
scene (see Appendix B.2). Notably, this is comparable with previous work (e.g., ViewCrafter) under
similar conditions. Our observations indicate that the primary bottlenecks are the video diffusion
model’s generation time and the iterative 3D Gaussian splatting optimization. Furthermore, we
recognize that inaccuracies in the initial depth estimation may introduce accumulated errors during
the reconstruction process. Crucially, these limitations can be substantially mitigated by leveraging
rapid advancements in foundational models. We are confident that this limitation will be alleviated by
leveraging advances in base models, such as distilled video generators [74] for accelerated sampling
and feed-forward reconstruction 3DGS models [75] to bypass iterative optimization. Similarly,
the impact of accumulated errors could be reduced by employing improved depth estimators (e.g.,
VGGT [76]). Integrating these is a promising direction for future work.
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Figure 10: More comparative results showcasing generated videos under large camera variations.

E More results

We present more results of comparison on generated videos under large camera variations in Fig. 10,
our video generation in Fig. 12, the 360° 3D scene generation in Fig. 11, and the 3D scene extrapola-
tion in Fig. 13.
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Input Flexible-view 3D scene generated by FlexWorld

Figure 11: More results of generated 360° scene from FlexWorld.
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Input Videos generated by our V2V model given camera trajectories

Figure 12: More results of generated videos from FlexWorld.
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Figure 13: Scene extrapolation. We show FlexWorld’s ability to extend existing scenes beyond their
original boundaries. The results are presented in 360° panoramas, where the top image in each line
illustrates the incomplete original scene, and the bottom image reveals the extrapolated one generated
by FlexWorld.
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